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Introduction

1
The motor unit

The motor unit

M

uscle tissue can be divided into skeletal (or striated), smooth, and cardiac muscle.
Cardiac muscle tissue, as the name indicates, is found only in the heart, while
smooth muscle tissue can be found e.g. around blood vessels and in the gut. Both differ
from skeletal muscle, among other aspects, in the way they are controlled. Whereas we
cannot control smooth muscle and cardiac muscle activation voluntarily, skeletal muscles are consciously controlled via α-motoneurons situated in the spinal cord. After we
plan to lift-up our coffee muck, before the force is produced, impulses from the central
nervous system are sent via descending pathways toward these α-motoneurons, which
then will activate the muscle cells that generate the force required. In order to produce
just the right amount of force for a specific task, muscles are functionally divided into
so-called motor units. A motor unit consists of many muscle fibres connected with one
single α-motoneuron. The motor unit can thus be considered as the smallest functional
entity within the human skeletal muscle motor system. Every voluntary movement
we make depends on these functional elements. This dependency makes knowledge
about the number of motor units within a muscle of importance in diseases that affect
the motor system. The motor unit, and especially the number of motor units within a
muscle, is the central theme of this thesis. A brief introduction on the basic structure
and function of motor units and on electromyography in is followed by an introduction
on techniques to estimate the number of motor units.

Structure and function
The nerve cell body (soma) of the α-motoneuron
is connected to the individual muscle fibres via
its long axon (figure 1-1). In voluntary movements, impulses from the brain arrive at the
spinal cord via the upper motoneurons and
connect to the α-motoneuron pool activating
the connected muscle fibres and provoking
a contraction. In order for these impulses to
travel at a sufficiently large speed, the motor
axon is surrounded by Schwann cells that
wrap themselves multiple times around an
axon. The Schwann cell membrane contains
the lipid sphingomyelin. Because the myelin
sheets insulate the nerve fibres, the impulses
travel at 10-20 times the speed of unmyelinated nerve fibres. Close to the muscle fibres,
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the axon sprouts into small twigs. Each twig
connects to one muscle fibre at the so-called
neuromuscular junction or motor endplate on
the muscle fibre’s surface.
A muscle fibre is a long stretched single cell
that can be up to 30 cm long and 10 to 100
µm in diameter. Depending on function and
size of the muscle, the number of motor units
and the number of muscle fibres per motor
unit varies. A muscle often contains hundreds
of motor units serving thousands of single
muscle fibres. The fibres of a single motor unit
are uniformly spread within a diameter of 3
to 10 mm and are intermingled with fibres of
other motor units. In general, small and fine
movements like the blink of an eye, require a
small number of muscle fibres per motor unit
while large forceful movements, for instance
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Figure 1-1. Two motor units consisting of the nerve cell body, the axon, and the muscle fibres it innervates. The dark
grey muscle fibres belong to motor unit #1 while the light grey muscle fibres belong to motor unit #2. The white muscle
fibres belong to other motor units.

kicking a ball, will require a relative large
number of muscle fibres per motor unit. The
amount of force depends on the amount of
impulses that arrive at the motoneuron pool
in the spinal cord (central drive). A strong
central drive will increase the number of motor
units activated and increases the frequency at
which the already activated motor units fire.
Although the motor unit is the smallest functional element of a muscle, it is not easily identified anatomically. The importance of this
aspect in determining the number of motor
units in a muscle will become apparent in the
next chapters.
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Volume conduction and electromyography
Over the outer membrane of nerve and muscle
cells, a so-called transmembrane potential
difference exists during rest caused by the
difference in permeability of the membrane for
different ions and differences in ionic composition across the membrane. A large enough
disturbance (over a threshold) from outside
will cause the cell membrane to depolarize
which increases the intracellular potential. This
depolarisation phase is followed by a repolarisation phase in which the intracellular potential decreases again until it may become even
smaller than the resting membrane potential.

The motor unit

This negative overshoot is called the hyperpolarisation phase and is slowly reduced until the
transmembrane potential returns to the resting
state again. Once the threshold is reached, an
action potential will be generated inescapably,
a phenomenon that is referred to as an “all-ornone” response.
At the depolarisation of an α-motoneuron
in the spinal cord, an action potential will
be conducted along its axon towards the
muscle fibres it innervates. At the neuromuscular junction, the muscle fibres in turn will
generate an action potential that will travel
in both directions towards the tendons. The
summated action potentials of all muscle
fibres of this motor unit is called a motor unit
action potential. The easiest, and virtually
only way, to study individual motor units is
through these electrophysiological properties.
The ionic currents that flow upon the depolarisation of the cell membrane will also flow
through the rest of the tissue, a phenomenon
known as “volume conduction”. The electrical
activity can be measured extracellularly using
needle or surface electrodes. The technique to
assess the electrical activity of muscle tissue is
called electromyography (EMG). For surface
EMG, the relation between the electric activity
at the cell membrane level and the EMG
signal strongly depends on the conductivities
of the different layers of tissue as the muscle
tissue itself, supportive tissue, fat, and skin.
Muscle tissue for instance has a much higher
conductivity (or lower impedance) than fat.
The conductivity of the skin is more complex
since the outer layer of the skin (epidermis) is
a bad conductor while the dermis has probably
a higher conductivity. The volume conductor
as a whole behaves like a spatial filter and the
effect on the complex spatiotemporal electric
field generated by depolarising muscle cells is
often counter intuitive. For this reason, models
mimicking electric muscle activity are important in understanding the EMG signals.

With needle electrodes, it is possible to
measure action potentials of individual muscle
fibres and motor units in vivo. The uptake
area of a needle electrode is very small so that
only a small part of the muscle can be “seen”
by the needle. Because of the volume conduction effect described above, it is not possible
to measure the electrical activity of a single
muscle fibre using surface electrodes. However,
as all muscle fibres of a motor unit are activated
almost simultaneously, the summated activity
can be measured on the surface of the skin in
the form of motor unit potentials. Therefore,
needle EMG provides more information at the
muscle fibre level while surface EMG is more
suitable to obtain information at a motor unit
level or the muscle as a whole.
Needle EMG is used clinically on a daily
basis for electrodiagnostic investigations.
Generally, neuromuscular diseases can be
divided into those that affect mostly muscle
fibres (myogenic) and those that affect nerve
fibres (neurogenic). Myogenic changes cause
the number of active muscle fibres per motor
unit to decrease which will show-up as small
motor unit potentials on needle EMG examination. Denervation of the motor nerve will
cause remodelling of motor units also known
as collateral reinnervation. As the nerve cell
dies, the orphaned muscle fibres will be reinnervated by a branch of a nearby healthy
motor unit. This process causes motor units
to increase in size (number of fibres) which in
turn will show up on the needle examination
as enlarged motor unit potentials (figure 1-2).
Traditionally, surface EMG is widely used in
movement studies to determine the activity of
a muscle and to estimate indirectly the force
it produces. Conventional surface EMG is
recorded using two electrodes placed on the
muscle in a bipolar configuration 2 to 3 cm
from each other or in a belly-tendon configuration. In the latter, the “active” electrode is
placed on the belly of the muscle, while the
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Motor Unit 1

Motor Unit 2

Figure 1-2. When motor unit #1 dies, the orphaned muscle fibres are reinnervated by motor unit #2.

reference electrode is placed on the tendon. If
the reference is placed even further away from
the active muscle, i.e. on an “inactive” point
on the body, the configuration or montage
is called a monopolar or unipolar derivation.
Upon voluntary activating the muscle, the
surface EMG signal is very similar to a random
noisy type of signal. The power of the EMG
signal increases with the amount of force generated as the firing rate of already active motor
units is increased and, if possible, additional
recruited motor units contribute to the signal.
However, generally, the individual motor unit
potentials are not recognisable from the interference pattern that emerges.

High-density surface EMG
High-density surface EMG uses a large number
of electrodes that are densely spaced over a
single muscle providing not only temporal,
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but also spatial information on the motor
unit potential. Different electrode grids with
different inter-electrode distances (3-10 mm)
have been used for various muscles (figure
1-3) (Blok et al., 2002b; Lapatki et al., 2004).
Generally, two types of high-density electrode
grids can be distinguished: dry electrodes that
are mounted in a container and flexible electrode grids that use a conductive cream as an
interface. The advantage of the dry electrodes
is their quick application onto the muscle of
interest. The drawback is the relatively high
electrode impedance that decreases the signal
to noise ratio of the EMG signal. The flexible
grids with conductive cream are placed on
the muscle using adhesive tape which assures
a firm and stable connection with the skin
(Lapatki et al., 2004). The signals obtained
with these electrodes have less noise, but the
application of the electrode will take longer
and repositioning the electrode is difficult.

The motor unit

1

Figure 1-3. Two examples of high-density electrode grids are shown. A) For the hand muscle a grid with 8x16 electrodes
gold coated serrated pins with a 3 mm inter-electrode distance. B) A flexible electrode grid that has been used in this
thesis. A more detailed description is given in chapter 3.

The large number of electrodes allows
for signal conditioning by using different
montages that spatially filter the EMG
pattern. In spatially high-pass filtered signals,
individual motor unit potentials may be recognised and decomposed into trains of single
motor unit potentials (Kleine et al., 2001).
The spatial dimension that is added to the
conventional surface EMG using these highdensity electrode grids also reveals anatomical information on the muscle under study.
From a bipolar montage in the direction of
the muscle fibre, the position of the motor
endplate is easily identifiable by the reversal
of the signal’s polarity. Moreover, from this
montage the conduction velocity of the action
potential over the sarcolemma can be assessed,
which is a sensitive variable for muscle fatigue
(Houtman et al., 2003). Once a single motor
unit potential is detected and isolated by
the decomposition process, the monopolar
montage may reveal other properties of the
motor unit such as the length and orientation
of the muscle fibres and even the depth and

size of a motor unit can be obtained under
certain conditions (Roeleveld et al., 1997b).
Apart from the voluntary activation
of muscles, a second option is available to
study the electrophysiological properties of
motor units. By stimulating the motor nerve
with a short electrical pulse using two electrodes positioned over the nerve a, so called,
compound muscle action potential (CMAP)
can be obtained from two surface electrodes
positioned over the muscle innervated by
this nerve. If the stimulus strength is strong
enough, all nerve fibres, and hence all motor
units will be activated and a maximal CMAP
is generated. This technique is commonly used
for nerve conduction studies. By stimulating
the nerve at two different sites, the latency
between stimulus and response from the two
sites divided by the distance is a measure of
the fastest conducting axons in the nerve. The
maximal CMAP is however also the basis for
motor unit number estimation techniques as is
described in the next chapter.
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In part based on: J.P. van Dijk, D.F. Stegeman, M.J. Zwarts, J.H. Blok
In: Motor Unit Number Estimation and Quantitative EMG; ed. M. Bromberg;
Supplement to Clinical Neurophysiology 2009 (60); p105-118.
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n disorders that affect the lower motoneurons, the number of motor units will decrease. In amyotrophic lateral sclerosis (ALS), for instance, patients gradually lose
control of all their muscles and median survival time is 2 to 3 years after diagnosis. As
a result of nerve cell death, corresponding axons will degenerate and muscle fibres are
left orphaned. These denervated axons may be reinnervated by healthy motor units via
a process of collateral reinnervation. As a result, the number of muscle fibres innervated
by one single motor unit will increase. Because of this process of adaptive remodelling, functional scales and most electrophysiological tests usually underestimate the
disease state. A sensitive method to monitor a progressive decrease of the motor unit
number would be of clinical value. However, a clinical technique to fully count the
actual number of motor units is not available, a reason why all known methods are
classified as “estimation techniques”.

An overview of techniques
In 1971, Dr. Alan McComas was the first to
describe a method for estimating the number
of motor units in the extensor digitorum brevis
muscle (EDB) (McComas et al., 1971a). This
quantitative method was found to be useful
for detecting the degree of denervation and,
consequently, to monitor neurodegenerative
processes, e.g. in ALS. In this chapter a number
of techniques, published since McComas’
pioneering work, are briefly described and
some unresolved issues are discussed.

2

recorded sub-maximal compound muscle
action potential. When for instance eleven
steps were counted, the amplitude of the
latest response was divided by 11 and this
value was then divided into the amplitude of
the maximal CMAP to obtain the motor unit
number estimate (figure 2-1).

Increment counting technique (ICT)
The method proposed by McComas is based
on the hypothesis that an estimate of the
number of motor units (N) can be derived
from the quotient of the maximal compound
muscle action potential (CMAP) and the
average motor unit size
N

CMAPmax meanMUP

(2-1)

The mean motor unit potential (MUP) amplitude was determined using a slowly increasing
stimulation current that started on a subthreshold level. Every visible discrete incremental step was considered to be the added
contribution of one single motor unit to the

Figure 2-1. Adapted from the original paper by Dr. Allan
McComas (1971). The top traces show the response to the
incremented stimulus intensity (time on the x-axis). Every
visible incremental step was considered to be the added
contribution of one single motor unit The bottom trace is
the compound muscle action potential after supramaximal
stimulation.
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A number of implicit assumptions were recognized. First, it is assumed that the electrical
activity recorded is derived from a single
muscle. The assumption is only met in part
for the EDB muscle as also the dorsal interossei muscles may be innervated by the same
nerve branch. However, it was thought to be of
little influence as the potentials that could be
recorded were inverted and much smaller than
the potentials recorded from the EDB.
A second assumption, is that the potentials recorded were indeed contributions of
single motor unit potentials. This is not always
the case as multiple axons can have overlapping stimulus intensities. This leads to, probably the most important limitation of the
original increment counting technique, the
problem known as “alternation”. Alternation
occurs when two or more axons have a probability of firing between 0 (never active) and 1
(always active) at a certain stimulus intensity
(McComas et al., 1971a). This is illustrated
in figure 2-2 where the stimulus response
curves of three motor units are shown. Given
that the stimulus response curves of n motor
units overlap at a certain stimulation intensity,
the number of different responses would be
n
2 -1=7, excluding the zero response. In theory,
this leads to an overestimation of the number
of motor units. However, since a gold standard

is lacking, it is practically difficult to establish
to what extend the number of units is overestimated (Shefner, 2001).
The third assumption is that MUPs
summate algebraically. By placing a recording
electrode above the main motor endplate zone
of the EDB and a reference electrode situated on the sole. This way all MUPs from the
EDB will start-off with a negative deflection.
The assumption is thus violated mainly by the
variability in motor endplate position between
motor units which seemed to be relatively
small for the EDB muscle.
Fourth assumption: the MUPs used in the
mean MUP should be representative for the
total population of motor units from the EDB.
From animal experiments it is known that
large nerve fibres are more easily excited than
small fibres. Moreover there is evidence that
fast conducting axons innervate more muscle
fibres and hence belong to larger motor units.
However, experimental evidence showed that
the last stimulated MUPs were not significantly
larger than the first MUP. Furthermore the site
off stimulation seemed to be more important
than the axon diameter since different motor
units were recruited when the stimulator was
repositioned.
From the above, it may be concluded
that the occurrence of alternation hinders

Figure 2-2. Motor axons with a chance of firing between 0-100% cause a multiple of responses (2n) at fixed stimulation
strength. This phenomenon is referred to as alternation.
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the determination of a representative mean
MUP mostly and, hence, a reliable motor unit
number estimate (MUNE). A second limitation, related to the alternation problem, is the
limited sample size of about 10 motor units
that can be obtained. This is of importance as
a smaller sample size will increases the uncertainty of the estimate. Finally, it can be difficult
to detect the contribution of small motor units
to the submaximal CMAP, especially if a large
MUP is recorded first. Most methods that
have been developed since the first introduction of this technique have tried to overcome
or reduce the effect of alternation in some way.
Multiple point stimulation
The multiple point stimulation method (MPS)
uses the quantal response that emerges directly
on threshold stimulus strength (Kadrie et al.,
1976; Doherty et al., 1993a). If the wave
shape remains the same during a so-called
all-or-none response, it is assumed to be the
response of a single motor unit. This MUP is
stored and, instead of increasing the stimulus
intensity, the stimulator is moved to another
site along the nerve to repeat the procedure.
With a modification to this method (so called
adapted MPS), the current may be increased
if no alternation is visible and a second or
sometimes a third response per stimulus site
can be discerned (Wang and Delwaide, 1995).
The negative peak area of this small CMAP
is divided by the number of units to obtain
the mean value. In this manner, several mean
values were collected from different stimulation sites along the nerve until at least 10
MUPs are included. An important difference
between the MPS and its adapted version, is
that the later claims to take some of the phase
cancellation (mutual extinction of positive
and negative MUP components) into account
that actually occurs, also in the CMAP, when
different motor units have different latencies
(Wang and Delwaide, 1995). Furthermore,

because more MUPs can be obtained per stimulation site, it might be easier to obtain a larger
sample which is beneficial for the accuracy of
the measurement (Slawnych et al., 1997).
Use of F-waves
F-waves are the recurrent response due to
retrograde activation and backfiring of the
motoneuron upon a stimulus of the axon.
Only about 2% of all neurons stimulated
will generate such a response (Fisher, 1992).
Upon stimulating all motor axons, an F-wave
is usually present which is composed of one
or multiple MUPs. Reducing the stimulus
strength to 20-50% of the level at which the
maximum response occurred, will increase the
chance that an F-wave contains the potential of
only one MUP (Stashuk et al., 1994). An additional criterion to ascertain that the response is
a single MUP is to use the response only if it
occurs at least twice. The chance that exactly
that combined response from two recurrent
pulses is recorded more than once is very low
(Stashuk et al., 1994). The number of motor
units is determined in the same manner as in
the multiple point stimulation technique. The
F-wave technique can easily be automated,
but there are also drawbacks. For instance, it
may be difficult to obtain enough F-waves in
a severely denervated muscle, as the percentage
of neurons that may generate an F-wave will
not increase. Furthermore, it is questioned to
what extend the recorded MUPs are representative as some neurons are believed to give
recurrent responses more easily than others
(Fisher, 1992).
Spike triggered averaging and
decomposition based EMG
An alternative way to obtain single MUPs is
to record voluntarily activated action potentials of individual motor units using an EMG
needle and use this needle signal to time-lock
averaging the surface EMG potential. Since
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motor units fire almost asynchronously, the
surface EMG average triggered by the needle
will appear as a distinct MUP after sufficient
averaging. The signal-to-noise ratio of this
surface MUP will increase by the square root
of the number of occurrences. Still, deeper
motor units with small surface potentials
may be difficult to obtain. Furthermore, to be
able to trigger a single MUP, the number of
active motor units must be limited and hence
this technique can only be used at low force
levels. Since small motor units will be activated
before larger units, according to the size principle (Henneman, 1957), this may introduce a
bias towards an overestimation of the number
of motor units. Another disadvantage of this
approach is that it may require quite some
time and multiple needle positions to acquire
enough MUPs. To overcome these drawbacks,
decomposition enhanced spike triggered averaging or decomposition-based quantitative
electromyography (DQEMG) was introduced
(Boe et al., 2004; Boe et al., 2005). This technique allows to record at higher force levels,
as the needle EMG signal does not need to
represent a clear single MUP. The interference
pattern of the needle EMG can be decomposed into the contributions of single motor
units. In this way, multiple motor units can
be obtained from a single recording. It was
shown that this method can be applied up to
force levels of about 50% of maximal voluntary contraction (Boe et al., 2005). As could
be expected, it was shown that at low contraction levels the presumed bias caused by the size
principle indeed overestimated the number of
motor units. The advantages of these invasive
averaging based techniques over the MPS and
ICT are that alternation is circumvented altogether and that these techniques can be used
for more proximal muscles as well (Boe et al.,
2005). An obvious disadvantage of course is
that the technique is invasive and that multiple
needle insertions are required to obtain an
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unbiased sample. A 2nd disadvantage may be
that the response to the supramaximal stimulus may be a composition of multiple muscles
not sampled using the voluntary contraction.
Statistical techniques
A different approach is to utilize alternation,
instead of circumventing it. Such a technique
was first introduced in 1995, by Daube, but
a more detailed description of the method
was given much later (Lomen-Hoerth and
Slawnych, 2003). The method became relatively popular because it was easy to perform,
showed relatively good test-retest results, and
it was made available in one of the commercial
EMG machines. As a first step, the response
range between threshold and maximal
response is sampled roughly via increasing
stimulus intensity. The resulting S-shaped
response curve is divided into 4 regions (levels
of stimulation): 10-20%, 25-35%, 40-50%,
and 55-65% of the maximal CMAP (figure
2-3). In this way, a large number of axons
are recruited and “sampled” (Daube, 2003).
At the stimulus intensity required to record a
response within the first window of 10-20%,
up to four series of 30 stimuli are given (max.
120). The variance, var(A), determined from
each set of 30 stimuli is used to obtain a mean
MUP by
				
meanMUP var( A) (mean( A) min( A))

(2-2)

with A being the area of the negative peak of
the submaximal CMAP. The number of motor
units is again determined by equation 2-1,
although the area of the negative peak of the
maximal CMAP is used in this case.
A number of assumptions are made for
this method (Lomen-Hoerth 2001). Firstly,
the probability of activation of each motor
unit is assumed to be the same for all MUs at
a particular stimulation level. Secondly, the
motor units are assumed to be of the same size.

An introduction to motor unit number estimation

2

Figure 2-3. Stimulus response curve as is used for the statistical motor unit number estimation method.

Thirdly, motor units are assumed to respond
identically to each stimulus pulse. Lastly, the
probability of motor unit activation is assumed
to be relatively small in order to resemble a
Poisson distribution.
Many adaptations have been proposed,
mainly to improve reproducibility (Shefner et
al., 1999; Lomen-Hoerth and Olney, 2001;
Miller et al., 2004). One problem is that the
estimated number of motor units is generally much lower compared to other methods.
Furthermore, it has been claimed that motor
unit activation may not resemble a Poisson
distribution but should in fact be considered
a binomial distribution (Blok et al., 2005b).
Finally, both the Poisson based and the binomial statistical MUNE methods assume that
all MUPs are equal in size. The consequence of
this assumption, which is obviously invalid, is
discussed in chapter 6.

Motor unit number estimates and
histological counts
As stated in the introduction, the motor
unit cannot easily be identified anatomically. Furthermore, the nerves that can be

used for motor unit number estimation are
mixed, containing both sensory and motor
axons which overlap in diameter making an
anatomical or histological separation difficult,
and hence, a count of motor axons practically impossible. Therefore, validation of the
above-described MUNE techniques is not an
easy task. Attempts in animals have been made
by assuming that for instance fifty percent of
the nerve fibres with a diameter larger than
5.5 μm represent α-motoneurons (Eisen et
al., 1974). However, the above assumption
will introduce a bias and, hence, uncertainty
about the outcome. In another study, MUNE
values were compared with histological counts
after deafferentation of the extensor digitorum brevis of six monkeys (Peyronnard
and Lamarre, 1977). It was found that electrophysiological MUNEs were lower than the
histological counts. However, it was assumed
that this might be caused by a bias in the alpha
fibre count because it was uncertain if all alpha
fibres belonged to the muscle under investigation. In a more recent paper (Arasaki et al.,
1997), two different MUNE techniques in
rats were compared. MUNE was determined
in the gastrocnemius muscle in one group of
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rats while histological counts were obtained
from a second group of rats. MUNE was
determined with an MPS type of technique
and by summating the force responses of individual motor units. The muscle of the second
group was injected with cholera toxin to label
the spinal motoneurons. After sectioning the
first to sixth lumbar segment, labelled nuclei
exceeding 800 μm2 were counted. On a group
level, MUNE estimates were comparable with
the histological counts although the experiment was only successful in less than half the
rats (only measurements of four rats were used)
under investigation. From these attempts it is
clear that a gold standard is lacking, an aspect
that will return in this thesis in a number of
chapters.

High-density surface EMG and
motor unit number estimation
The EMG signal is usually evaluated one
dimensionally, only in the temporal domain
as a time-varying potential. However, it is also
a spatial phenomenon. Every motor unit has
its own spatial characteristics such as depth,
number of muscle fibres, motor endplate zone,
and fibre distribution. In addition to these
static determinants, the EMG signal also has
dynamic spatial aspects, because it consists of
muscle fibre potentials that travel along the
muscle fibres from the endplate to the tendon.
Therefore, it is more appropriate to consider
the EMG as a spatiotemporal signal. Highdensity surface EMG provides such a view on
the EMG and it constituent MUPs.
Previously, we introduced high-density
surface EMG in conjunction with MUNE
techniques (Blok et al., 2005a) and demonstrated its potential using the F-wave approach.
We argued that the spatiotemporal nature of
high-density surface EMG recordings adds
valuable information that can provide insight
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in presently unsolved issues regarding MUNE.
In the following paragraphs, five of the issues
that can be recognized in conventional MUNE
techniques are introduced.
Firstly, as described above, alternation was
one of the main reasons for different methods
to be introduced after the first description of
the increment counting technique. Because
of alternation, it can be sometimes difficult
to obtain a sufficiently large MUP sample.
Secondly, it is not obvious what a “sufficiently large” sample size is. Since the MUNE
is derived by extrapolation from the MUP
sample, it is essential that this sample is unbiased, i.e. representative for all MUPs in the
muscle. It has been argued that at least 10
(Doherty and Brown, 1993; Felice, 1997) or
20 (Bromberg and Abrams, 1995; Slawnych et
al., 1997) MUPs should be included to obtain
a representative mean MUP, but as yet there is
no well argued indication of representativity.
A third issue, which plays a role in both the
spike triggered averaging (STA) (Bromberg,
1993) and the MPS MUNE methods, is
MUP onset alignment. Phase cancellation
effects due to differences in axonal length and
nerve conduction velocities are present in the
CMAP but absent in the mean MUP - as long
as the latter results from aligning the individual MUPs on the basis of their onset. This
is thought to yield an underestimate of the
motor unit number.
A fourth problem relates to small MUPs
with a positive onset. These MUPs are believed
to originate from distant muscles, and the official consensus is that they should be ignored
(Bromberg, 2007). However, in practice their
origin is often unclear. Consequently, some
investigators ignore the smallest MUPs while
others include them – or include only one or
two of them (Bromberg, 2003).
Finally, the influence of electrode size and
placement is difficult to assess with conventional surface EMG electrodes. Yet, such an
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assessment is relevant for all MUNE methods,
including the statistical MUNE methodology
(Daube, 1995; Blok et al., 2005b).
These five issues certainly influence MUNE
reliability and reproducibility, although it
is often not clear to what extent. In the next
chapter, a novel high-density motor unit
number estimation technique is presented.
The issues introduced here are subsequently
addressed in the following chapters.

Aim and outline of this thesis
This thesis focuses on the estimation of the
number of motor units. After the introduction
(part I), a novel MUNE technique is described
using high-density surface EMG (part II)
and methodological aspects on MUNE are
presented (part III). Clinical applications of
MUNE are described in part IV and in part
V a summary is presented together with an
outlook towards future research.
The above-described issues motivated the
development of a novel high-density MUNE
technique as is described in part II, chapter 3.
This chapter addresses the following questions:
• Can alternation of MUPs be solved with
high-density surface EMG?
• Can sample size be increased and is
it possible to judge if a representative
sample is taken?
• How does onset alignment affect motor
unit number estimates?
A detailed description of the proposed method
is given and reproducibility of the method is
obtained in a group of healthy volunteers.
In part III, investigations on several methodological aspects are presented. Chapter 4
deals with the assumption that the signal of
a large electrode is the average of the signals
underneath the electrode. This assumption is
used at several places in this thesis and it is
used in literature without a satisfying substan-

tiation. In this chapter a theoretical model, a
simulation study, and experimental evidence
is provided to investigate this aspect. Chapter
5 focuses on the effect of removing small
MUPs from the sample of MUPs that is used
in the motor unit number estimate. The question was whether very small MUPs should be
omitted as they might have a disproportioned
influence on the MUNE. We addressed this
question with a simulation study using MUPs
obtained in healthy subjects and ALS patients.
Chapter 6 provides insight in the variability
of the statistical MUNE technique and it’s
comparison to high-density MUNE (issue 5),
addressing the question whether and to what
extent the assumption that all MUPs are equal
in size affects the motor unit number estimate.
In chapter 7, we used a detailed muscle model
undergoing neurogenic changes to understand
the relation between motoneuron loss and
motor unit remodelling and the consequences
for MUNE and CMAP for small and large
muscles.
In part IV, clinical applications of MUNE
in patients with Charcot-Marie Tooth disease
type 1A (CMT1A) and patients with ALS are
presented. In chapter 8, MUNE is compared
to other measures of disease progression in
patients with ALS. Furthermore, it was investigated if MUNE could be used to stratify fast
from slowly progressing patients in order to
increase statistical power in clinical trials. In
chapter 9, a cross-sectional study is presented
in patients with CMT1A investigating the
amount of axonal loss with age in comparison
with healthy controls. Chapter 10 compares
hand function, that is often impaired in
patients with CMT1A, and MUNE and
maximal CMAP amplitude.
Finally, in part V, a summary is presented
together with an outlook towards future
research.
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Motor unit number estimation using
high-density surface electromyography

Adapted from: J.P. van Dijk, J.H. Blok, B.G. Lapatki, I.N. van Schaik,
M.J. Zwarts, D.F. Stegeman
Clinical Neurophysiology 2008 (119); p33-42

MUNE using high-density surface EMG

A

new method to estimate the number of motor units is proposed. This method
combines high-density surface EMG with elements of the increment counting
technique and multiple point stimulation technique. The presence of both spatial and
temporal information in high-density surface EMG recordings makes it possible to
identify and (partly) resolve alternation. We determined the motor unit number estimate (MUNE) and its reproducibility in the thenar muscles of 14 healthy subjects. The
resulting mean MUNE was 271±103 (retest 290 ± 109), with a coefficient of variation
of 15% and intraclass correlation of 0.88. We established the effect of lack of latency
information on MUNE and found it not to be significant. The representativity of this
MUP sample was quantitatively assessed using the spatiotemporal information provided by high-density recordings. On average, 22 motor unit potentials (MUPs) were
collected per subject. This sample is larger than in most other techniques. Together,
these concomitant advantages of the additional spatial information may lead to a more
accurate MUNE.

Introduction
In 1971, McComas (McComas et al., 1971)
described the increment counting technique
(ICT), an electrophysiological method that
gives an estimate of the number of motor units
in a muscle. Probably the most important
limitation of the original increment counting
technique (ICT) is a problem known as alternation. At least in theory, alternation leads to
an overestimation of the number of motor
units. However, due to lack of a gold standard
for MUNE, overestimation is practically
difficult to establish (Shefner, 2001). Most
new methods that have emerged since 1971
(Kadrie et al., 1976; Brown et al., 1988; Galea
et al., 1991; Bromberg, 1993; Doherty and
Brown, 1993; Stashuk et al., 1994; Daube,
1995; Wang and Delwaide, 1995) have dealt
with the alternation problem by modifying the
stimulation procedure.
The multiple point stimulation (MPS)
method uses the quantal response that emerges
from stimulation with threshold stimulus
strength (Kadrie et al., 1976; Doherty et al.,
1993a). When the wave shape of this response
remains the same upon successive stimuli (i.e.
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the wave shape is an all-or-none response),
it is assumed an MUP. This MUP is stored.
The stimulator is then moved to another site
along the nerve and the process is repeated.
A modified version of this method (adapted
MPS) increases stimulus intensity beyond the
threshold level if no alternation is visible, so
that a second and sometimes a third response
can be obtained at each stimulus site (Wang
and Delwaide, 1995). This facilitates achieving
a larger MUP sample, which is considered
beneficial for the accuracy of the estimate.
In this study, we present and apply an
approach that can be considered a mixture
of the original ICT and the MPS method.
The novelty of our method is that it includes
high-density surface EMG recordings instead
of conventional single-channel registrations.
Using multiple electrodes with small inter-electrode distances over a muscle, spatiotemporal
profiles of individual MUPs can be obtained
that reflect motor unit morphology in much
more detail than the MUP wave shape derived
from a single electrode (Blok et al., 2005a).
The information in this spatiotemporal profile
facilitates identification and resolution of alternation. Furthermore, it aids recognition of
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MUPs that were already obtained at previous
recording sites, thereby preventing that MUPs
are included more than once into the mean
MUP.

Methods
Subjects
A total of 14 healthy subjects (10 men, 4
women), with a mean age of 51 (range 29-66)
years, participated. None of the subjects had
a history, symptoms, or signs compatible with
peripheral nerve disease. The thenar muscles
of the nondominant hand were investigated.
To assess reproducibility, each subject was
tested twice by the same operator on two
different days. The local ethical committee of
the Radboud University Nijmegen Medical
Centre approved the study. All subjects gave
their written informed consent.
Stimulating and recording systems
The median nerve was stimulated using a
computer-controlled, constant current stimulator that was developed at our institution.
Teca® reusable handheld stimulation electrodes
with an inter-electrode distance (centre-tocentre) of 25 mm were used. A square pulse of
0.1 ms duration was delivered at 1 Hz intervals. The minimal amplitude increment was
0.033 mA for stimulus intensities up to 10
mA, and 0.1 mA in the higher range. Surface
EMG signals were recorded using highly flexible electrode grids, adapted from those previously described (Lapatki et al., 2004). The
grids were manufactured by Digiraster Tetzner
GmbH (Stuttgart, Germany) and contained
120 Ag-AgCl contacts with a diameter of 1.5
mm in 8 rows and 15 columns. Inter-electrode
distance (centre-to-centre) was 4 mm. The
electrodes had pure-silver surfaces, which were
chlorinated again after 3-4 measurements.
The surface EMG data were recorded using
a 130-channel ActiveOne amplifier system
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(BioSemi, Amsterdam, The Netherlands), with
a sample rate of 2048 Hz (band-pass filter,
0.16-400 Hz, 16 bit, 1 µV/bit) (Blok et al.,
2002b). The recording epoch was set to 100
ms, so that incidental F-waves were included
in the recording.
The acquisition software was developed at our institution, and written in
LabWindows/CVI (National Instruments,
Austin, TX). A screenshot from the acquisition
software is given in figure 3-1.
Experimental protocol
All subjects were comfortably positioned
(lying or sitting) with their non-dominant arm
towards the operator. The skin above the thenar
muscles was slightly abraded and cleaned. Next,
the high-density surface EMG grid was placed
over the muscles (as indicated in figure 3-2) by
means of double-sided adhesive tape applying
the procedure previously described (Lapatki et
al., 2004). A reference electrode was placed on
the first metacarpophalangeal joint of the fifth
digit (McComas, 1991). During the experiment, the subject received visual and auditory
feedback from one of the surface EMG signals
to minimize voluntary activity.
The stimulation electrode was positioned
distally on the median nerve and held by
the operator during the recordings. First, the
current was increased in small steps until a
quantal (all-or-none) response appeared. If
alternation was already present at this stimulus
level, the current was kept constant for some
time. Next, the current was slowly increased
until a new response appeared, and then again
kept constant. This was repeated until it was
estimated that 6 to 10 motor units contributed to the sub-maximal response (M-wave)
or until it was judged that there was too much
alternation (mostly when more than four or
five MUPs were alternating). Apart from the
use of the high-density surface EMG grid, this
far, the procedure is almost identical to the
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Figure 3-1. Screenshot of the data acquisition software, showing in the upper left corner a representation of the electrode
configuration. Here, a row of electrodes in the middle is selected, and the corresponding signals are plotted on the main
screen. In the upper-right inset, an average signal from a subset of electrodes (indicated by the rectangle) shows the nearequivalent of a large-electrode, conventional surface EMG signal. Both the main screen and the large-electrode inset are
used by the operator to monitor changes in the recorded M-wave. The lower-right inset displays a continuous signal from
one channel that is audible as well, to monitor and minimize voluntary activity.

original ICT. Subsequently, elements of MPS
were introduced by repeating the above steps
at least at three distal sites along the nerve and
one proximal site near the elbow. At each site,
the stimulator’s orientation was slightly altered
with respect to the previous site, so that the
nerve was “approached” from different directions. Finally, three maximal CMAPs were
recorded with an interval of about 4 seconds,
with the stimulation electrode distally at a
fixed distance of 6 cm from the centre of the
grid. The total time required for a measurement was 40-60 minutes, depending on the
amount of unwanted voluntary activity of the

subject. Skin temperature of the hand during
the experiment was 30 °C or higher.
Data Analysis
The recorded data were stored on disk for
offline analysis using Matlab (The Mathworks,
Natick, MA). After removal of the stimulus
artefact, the data were digitally band-pass
filtered (15-400 Hz). If some of the electrode
contacts were poorly connected to the skin,
the corresponding signals were removed prior
to further data analysis steps.
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Figure 3-2. The flexible grid of 120 (8x15) electrodes used for high-density surface EMG recordings. The grid was placed
transversally over the muscle belly and attached to the skin using double-sided adhesive tape with holes matching the
electrode contacts. The right side of the figure illustrates the position and orientation of the muscles innervated by the
median nerve.

Clustering
As a first step, the signals of every response
were averaged column-wise (1-3, 4-5, 6-8) and
the resulting 45 signals were then concatenated
(linked together) to form a chain of signals as
a single observation. Next, all similar chained
responses were grouped by the Wards clustering algorithm (Ward, 1963) based on the
Euclidean distance between each pair of observations. This method of clustering is essentially the same as was used for the motor unit
analysis of voluntary contractions described
in more detail previously (Kleine et al., 2000;
Kleine et al., 2007). A conservative cut-off
value was chosen so that some clusters differed
by noise only. The clustered responses were
averaged (per cluster) for all 8x15 signals and
these averages were then sorted in ascending
order based on their amplitude.
Decomposition
In the next step of the analysis, the clustered
responses (M-waves) were decomposed into
MUPs, using the following interactive process
of gradually stepping through and evaluation
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of consecutive cluster averages. The first cluster
average contains only baseline noise; this is the
“none” response from our first “all-or-none”
MUP. The second averaged response contains
the M-wave with the smallest amplitude, and
so on. Figure 3-3 presents an example of four
MUPs that were detected while all four motor
units were alternating. The figure’s left side
shows the clustered M-waves, the right side
the MUPs that were extracted from the adjacent M-waves and their algebraic summation.
The first M-wave is that of MUP1, so the right
plot is exactly the same as the M-wave. At this
particular stimulus intensity, motor unit #2
is alternating with motor unit #1. Therefore,
the next M-wave is MUP2. A third MUP can
be extracted from the M-wave shown in the
third row, i.e., MUP3 equals the recorded
M-wave minus MUP1. The fourth row shows
a recording of an M-wave to which all three
motor units contributed. The fifth M-wave
is the combination of MUP1, MUP3, and a
new MUP4. From the spatiotemporal profile,
it is immediately clear that motor unit #2 is
not active in this response. The last row shows
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M−wave (MUP1)

MUP1

M−wave (MUP2)

MUP2

3
M−wave (MUP1+MUP3)

MUP3

M−wave (MUP1+MUP2+MUP3)

SUM(MUP(1,2,3))

M−wave (MUP1+MUP3+MUP4)

MUP4

M−wave (MUP1+MUP2+MUP3+MUP4)

SUM(MUP(1,2,3,4))

150µV
25ms

Figure 3-3. Example illustrating the decomposition process. The left column shows the spatiotemporal profiles of the
recorded (clustered) M-waves, the right column the extracted MUPs and their algebraic summations. Each signal’s
position in a profile represents the position of the corresponding electrode in the grid. One electrode made poor contact
with the skin; its signal is shown as a flat line. See the text for more details.
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the recorded M-wave (on the left) generated by
motor unit #1 to motor unit #4, because the
summation of the previously extracted MUPs
(on the right) is nearly the same as this M-wave.
Combinations of MUP1 and MUP4, and of
MUP1, MUP2, and MUP4, which were also
seen in this series of recordings, are not shown.
Reverting to the original recorded data yielded
the alternation as it occurred (figure 3-4). The
decomposition process continued until its
results became ambiguous. This means that
new M-waves could not be decomposed into
previously detected MUPs without leaving a
residual signal that was larger than noise and
did not have the characteristics of a MUP, as
defined below.
Up to 12 MUPs from a single stimulus site
could be detected using this interactive procedure. At all times, automatically generated
suggestions from the software could be overruled by the operator, whose decisions were
primarily based on the empirical criterion that
the spatiotemporal result, after subtraction,
had the electrophysiological characteristics of a
MUP. This criterion included combined visual
assessments being mainly a) a consistent action
potential propagation, b) a gradual amplitude
decline over the grid away from the maximum
signal (which usually is monotonous), and c) a
limited number of phases in the MUP.

Removing multiples and aligning MUPs
The above steps were repeated for each of the
stimulation sites along the nerve. In order to
remove multiples of MUPs that are recruited
at more than one stimulation site, MUPs were
compared between sites. This step was facilitated by the spatiotemporal information and
it was automated for those MUPs that had a
very high correlation coefficient (>0.95) and
a low absolute difference in amplitude. MUPs
that had a high correlation (>0.9) and a somewhat larger amplitude difference were visually
judged by the operator by assessing the superimposed MUPs together with the residual
difference.
Next, the onset per MUP was determined
from a selection of high-amplitude signals
within the grid, by placing a marker at the point
in time where the signals clearly deviated from
baseline. Per distal stimulation site, all MUPs
were aligned to the shortest latency found. In
this way, inherent phase cancellation effects
due to differences in nerve fibre conduction
and axonal length between motor units were
partly retained. MUPs from proximal sites
were aligned to the onset determined for each
MUP because the increased distance would
otherwise have exaggerated phase cancellation. Finally, the mean MUP was obtained by
averaging the aligned MUPs. To determine the

MU active
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Figure 3-4. Alternation as it occurred during the recording, the number of the motor unit (MU) is on the y-axis. After
the first five stimuli, the current was increased from 6.333 mA to 6.4 mA; thereafter the current was kept constant.
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effect of MUP onset alignment on MUNE,
this procedure was compared to one in which
each MUP was individually aligned using its
determined onset followed by recalculation of
the mean MUP and MUNE.
CMAP and MUNE
The maximal CMAP was taken as the largest
of the three recordings. To obtain the number
of motor units, the multichannel CMAP and
multichannel mean MUP were first aligned
on a sub-sample level (McGill and Dorfman,
1984). Next, the number of motor units was
calculated from these two sets of signals by
concatenating the 120 signals from each electrode so that a single chain of CMAP signals
and a single chain of mean MUP signals was
formed. The chained signals still hold all the
spatial information. From these chains, a
single MUNE value was calculated using
N = ∑i w(i )

CMAP (i )
meanMUP (i )

(3-1)

with N the number of motor units (MUNE)
and i denoting the signal sample number. That
is, the overall MUNE is a weighted average of
all sample-by-sample “MUNEs” that are calculated for each time sample and electrode. The
weights w(i) in this sample-by-sample MUNE
calculation were derived from the squares of
the amplitude of the mean MUP signal
w(i ) =

meanMUP 2 (i )
∑i meanMUP 2 (i )

(3-2)

By weighing in this manner, noise influence
is reduced because signal samples with high
amplitude contribute more than samples with
low amplitude.
If we disregard the effect of noise, all
sample-by-sample “MUNEs” are identical if
the spatiotemporal profiles of the CMAP and
the (scaled) mean MUP match. That is, if a

MUP sample is obtained from the MUP distribution in a muscle that is perfectly representative in a spatiotemporal sense. Conversely, this
means that spatiotemporal differences between
the mean MUP and the CMAP contain information about the representativity of the mean
MUP and, thus, reflect the accuracy of the
MUNE. These spatiotemporal differences
were expressed as the residual variance (RV)
between the chained (scaled) mean MUP and
chained CMAP signals

∑ [CMAP (i ) − N × meanMUP (i )]
∑ CMAP (i )

2

RV =

i

2

(3-3)

i

Statistics
For statistical analysis we used SPSS for
Windows (Rel. 12.0.1. 2003. Chicago: SPSS
Inc.). Paired-samples t-test statistics were used
to compare mean MUNE values between tests
(α=0.05). We used the intraclass correlation
(ICC), and coefficient of variation (CoV) as
measures of reproducibility.

Results
Decomposition and MUNE
The number of MUPs that could be obtained
differed largely between subjects: 14 to 45
MUPs were found, with one exceptionally
low number (7) for the first test in subject #5.
The number of MUPs was influenced most
(and certainly so in subject #5) by unwanted
voluntary activity. On average, after correcting
for MUPs that were found at multiple sites, a
total of 22 (25) MUPs were obtained (values
between parentheses represent retest averages,
see also table 3-1). The mean MUNE value
was 271±107 (290±114). Reproducibility,
expressed as the mean CoV, was 15% (range
5-33%) whereas ICC was 0.88.
Figure 3-5A illustrates the relation between
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Table 3-1. MUNE results. Representativity of the mean MUP is expressed as the residual variance (RV).
Reproducibility is given as Coefficient of Variation (CoV).

MUNE

No. of stim. sites

RV (%)

CoV (%)

subject

test

retest

test

retest

test

retest

test

retest

1

350

377

5

6

25

25

9

13

4.9

2

450

529

4

7

20

45

36

26

11.3

3

305

344

8

6

34

29

26

19

8.5

4

334

307

5

6

16

17

40

8

5.7

5

95

151

6

12

7

14

24

30

32.5

6

363

430

7

5

31

15

3

20

12.0

7

289

206

7

6

17

21

46

63

24

8

102

164

6

5

33

16

35

23

33.2

9

251

298

6

7

33

36

7

11

12.0

10

320

353

6

7

18

20

26

18

7.1

11

163

141

8

7

18

25

12

21

9.9

12

360

323

6

9

21

40

12

3

7.8

13

146

224

7

5

13

25

31

18

29.7

14

262

212

7

7

22

26

28

9

14.8

mean

271

290

6

7

22

25

24

20

15.3

SD

103

109

1

2

8

9

13

14

10.2

the test and retest MUNE values and figure
3-5B shows variability in a Bland-Altman
plot (Bland and Altman, 2003). There was no
significant (paired t-test) bias between test and
retest MUNE values.
As stated before, the decomposition
process allows input from an operator who
is trained to recognize valid spatiotemporal
profiles of MUPs. Incidental F-wave responses
can be helpful in this process. Figure 3-6 shows
the result of a MUP and its F-wave. The match
between the two is almost perfect, while three
other MUPs had to be subtracted from a
composite response to obtain this MUP. This
confirms the reliability of the decomposition
process.
MUNE techniques assume that the MUP
sample is unbiased towards large or small

40

No. of MUPs

MUPs. Much discussion on the validity of this
assumption is based on the fact that activation of large axons (and, hence, motor units)
requires less current than that of small ones
(Erlanger and Gasser, 1968). Figure 3-7A
shows the distribution of the MUP area for
all subjects taken together. It is clear that we
found more small MUPs than large MUPs.
Moreover, as demonstrated by figure 3-7B,
there was no relation between MUP area and
the stimulus threshold.
Mean MUP representativity
Figure 3-8A illustrates an almost perfect spatiotemporal match between mean MUP and
CMAP profiles (for one subject), while panels
3-8B and 3-8C show examples of mean MUPs
that clearly are not representative for the entire
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Figure 3-5. (A) Test-retest MUNE values. Coefficient of Variation (CoV) was 15%, whereas the intraclass correlation
coefficient (ICC) was 0.88. (B) Bland-Altman plot. The dotted lines shows the 95% upper and lower limits of agreement.

50ms

200µV

Figure 3-6. Spatiotemporal profile of an extracted MUP (black line) and its F-wave (red). To obtain the MUP, three
previously recruited MUPs had to be subtracted. The match between the F-wave and MUP is almost perfect, illustrating
that the extracted MUP is, indeed, a single MUP.
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Figure 3-7. (A) Histogram of the area of all MUPs for all 14 subjects combined. MUP area is taken from the electrode
with the highest amplitude. (B) The MUP area versus the number of that MUP in the stimulated order. Horizontal bars
indicate the median value.
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A

B

C

12mV
20ms
Figure 3-8. Spatiotemporal profiles of the mean MUP (black) and the CMAP (red). (A) Good match between CMAP
and mean MUP; RV=3% (test result subject #6). Panel (B) and (C) show examples of imperfect matches between mean
MUP and CMAP. (B) RV=27% (test result subject #3) and (C) RV=33% (test result subject #13).

population of MUPs. Lower values of residual
variance RV indicate a better match between
mean MUP and CMAP. Figure 3-9 shows that
a lower RV may be interpreted as a predictor
of better reproducibility. A moderate (r=0.54)
but significant (p=0.046) correlation exists
between the residual variance (taken as the
smallest of the two available values per subject)
and the CoV.
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Effect of onset alignment
We assessed the effect of a lack of latency information on MUNE by comparing our usual
procedure as described previously with one in
which all MUPs were aligned individually on
their onset. In the latter case, all latency information is lost. Subsequently, we generated the
two (different) mean MUPs and calculated
the MUNE for each of these. We found no
significant difference in MUNE determined
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Figure 3-9. Relation between CoV and RV with a linear least-squares fit line. The Pearson correlation coefficient (r) is
shown.

with and without preserved latencies (paired
t-test), although there was a tendency toward
a lower MUNE (as expected) for the individually aligned MUPs.

Discussion
We developed a new method to estimate
the number of motor units, based on highdensity surface EMG. This method combines
elements of the increment counting technique
(McComas et al., 1971a) and the multiple
point stimulation method (Kadrie et al., 1976;
Doherty and Brown, 1993). MUNE results
obtained in our study are within the range
of values published in the literature (Shefner,
2001). Our method enables collection of a
large MUP sample which is a requirement
to ensure MUNE validity (Slawnych et al.,
1997; Shefner, 2001). In a previous paper, we
demonstrated the potential of high-density
surface EMG in MUNE using the F-wave
technique (Blok et al., 2005a). The persistence
of F-waves may change in disorders such as
ALS. For this reason, the F-response method
– unlike the technique presented here – may

be of limited use in patients. Another difference with our previous report is the use of a
more flexible electrode grid which allows the
use of conductive cream (Lapatki et al., 2004).
Hence, a lower impedance and better signalto-noise ratio were obtained, and only few
channels (mostly at the electrode grid’s border)
had to be omitted in data analysis because of
poor electrode-skin contacts. This never interfered substantially with the data analysis. In
addition, the grid was slightly larger (interelectrode distance of 4 mm instead of 3 mm),
and its transversal placement over the thenar
eminence ensured that all thenar muscles and
part of the first and second lumbrical muscles
were covered.
The novelty of our method is that the
alternation problem is solved to a large extent.
Resolving of alternation has become possible
by decomposition of the recorded potentials
into the contributions of single motor units.
This process can only be successful if additional
spatial information is added to the obtained
waveforms so that individual MUPs can be
distinguished from each other. In general, two
main factors limit this decomposition process:
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1) the number of alternating motor units, and
2) the spatiotemporal differences between
MUPs. If more than four motor units alternate
at a particular stimulus intensity, the number
of possible combinations often becomes too
large (greater than 24-1=15) for an accurate
and reliable detection of corresponding MUPs.
Despite these concerns, we were able to obtain
up to 12 MUPs (6 on average) per stimulation site. The decomposition process, although
semi-automated, still requires the investigator to judge if the subtraction of a MUP is
justified or not. However, in most cases, the
spatiotemporal differences between MUPs are
sufficiently large to make instantly and automatically clear whether a MUP contributed
to the recorded M-wave or not. In contrast,
detection of a new, small MUP contributing
to a relatively large M-wave can be problematic. This may require an iterative approach of
reverting to previous steps in the decomposition process. We used F-waves (if available)
to check the decomposition results. Off-line
analysis took about 90 minutes.
During data acquisition, the operator
tried to reposition the stimulation electrode so
that the first response at the new stimulation
site differed from that at the previous sites.
However, on some occasions one axon had a
much lower threshold than other axons and was
usually the first to fire, independent of stimulation site. Furthermore, it was frequently seen
that a MUP activated as the first all-or-none
response at one site was, e.g. the third response
at another site, possibly because most stimulation sites were only a few centimetres apart.
On average, 22% of the extracted MUPs were
removed from the MUP sample because they
had already been obtained from another stimulus position. This is more than was reported
previously using a collision technique (Aoyagi
et al., 2000), possibly because that study used
only the first all-or-none response, and stimulation sites that were at least 3 cm apart. Our
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results were often obtained from stimulation
sites closer together, and up to 12 MUPs were
obtained per stimulation site. Finding the
same MUPs at different stimulation sites can,
of course, also be regarded as confirmation that
the process yields single MUPs, rather than
(arbitrary) MUP combinations.
The electrode grid covered a large part of
the muscles innervated by the median nerve.
By means of the spatial distribution of the
MUP over the grid, it is possible to identify
a MUP’s origin. High-density surface EMG
enables recognition of MUPs that could not
have been recognized by a single electrode
because they would have been too small at the
position of that single electrode. For instance,
MUPs coming from lumbrical muscles can
easily be recognised by their distinct amplitude
topography compared to MUPs from other
muscles. Most, but not all, of these lumbrical
MUPs were small in amplitude. This raises the
issue of which MUPs to include in the MUNE
calculation. Consideration of all MUPs, should
increase the accuracy of the MUNE, at least
from a theoretical perspective (Slawnych et
al., 1997). On the other hand, broadening the
spectrum of MUP-sizes taken into account in
the MUNE may lead to an increase in the variability of the MUNE result. The latter aspect
is connected with the fact that small (and
very large/giant) MUPs are supposed to have
a disproportionate influence on the MUNE
calculation (Bromberg, 2007), especially if
the obtained MUP sample is relatively small
compared to the total number of motor units.
MUNE accuracy and reproducibility seem to
be interrelated, i.e., an increase in accuracy
seems to decrease the reproducibility of the
method. In fact, a similar observation has been
made for statistical MUNE, in that the use of
size-weighted MUPs increases reproducibility
but decreases MUNE (Kwon and Lee, 2004).
This dependency is of particular importance
when follow-up studies are performed. We
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argue that the influence of inclusion or exclusion of small MUPs on the accuracy and reproducibility of the MUNE is relatively complex.
The MUP amplitude is influenced by electrode
size and placement and the effect of excluding
small MUPs on the sensitivity to reinnervation
is unknown.
Simulations of large-electrode signals from
our data showed that if we would have used a
single electrode of 1x3 cm, then approximately
30% of the MUPs in our MUP samples would
not meet the consensus criteria, which include
ignoring MUPs with a negative peak <10
µV and mainly positive MUPs (Bromberg,
2003). Upon exclusion of these MUPs, the
CoV decreased from 15% to 13%. The CoV
even dropped to a percentage of 9% if two
outliers (subject #5 and subject #8) with very
low reproducibility were excluded. However,
discarding the 30% of very small MUPs led
to a decrease of the MUNE by about the
same amount (25%), which is not surprising
considering the fact that these MUPs hardly
contribute to the CMAP, but do count toward
the number of contributing motor units in the
MUP sample. Note that MUPs can be small
for various reasons, including the depth of a
motor unit, its distance to the grid electrodes,
and its physical size. In principle, high-density
sEMG can also be used to discriminate between
these motor unit properties (Roeleveld et al.,
1997b). We conclude that further research is
necessary to examine systematically the influence of the amplitude threshold for inclusion
of MUPs on the accuracy and reproducibility
of the MUNE.
We did not find a bias in the area of the
obtained MUPs (figure 3-7), e.g., due to
possible preferred stimulation of larger axons.
This agrees with results of some earlier reports
(McComas et al., 1971a; Galea et al., 1991;
Doherty and Brown, 1993), but contradicts
those of others studies (Thomas et al., 2002;
Henderson et al., 2006). Our hands-on expe-

rience suggests that there is a direct relation
between the stimulation electrode orientation and the recording of lumbrical MUPs (at
low stimulation levels). Although we could
not systematically evaluate this observation,
we think that approaching the nerve from
different angles and sites may have prevented
a bias towards MUPs originating from specific
muscles.
If a MUP sample is obtained that is representative for the muscle as a whole, the spatiotemporal profiles of the mean MUP and the
CMAP should be almost identical. Therefore,
the difference between the mean MUP and
the CMAP provides a quantitative measure
that might be used to interpret the validity
of the MUNE. In our previous paper (Blok
et al., 2005a), we used the standard deviation (SD) of the MUNE values calculated per
electrode. However, such a measure can easily
be mistaken for the accuracy with which the
MUNE was determined. Furthermore, SD
may be high if it spans MUNE values that
are estimated from signals with low amplitude
(figure 3-8B). To overcome these limitations,
we introduced the RV, which provides a more
intuitive figure for the representativity of the
mean MUP. However, it should be noted that
a good spatiotemporal representativity should
merely be considered as a prerequisite for an
accurate MUNE, which alone is not sufficient.
This is illustrated in figure 3-9, in which some
high CoV values correspond with relatively
low RV values. A clear cut-off value of RV at
which MUNE values can be considered reliable is therefore difficult to obtain from these
data. Furthermore, from differences between
the spatiotemporal profiles of the CMAP
and the mean MUP, it can be concluded that
certain MUP profiles are overly represented or
lacking in the sample. This aspect might be
considered in future developments, so that a
more representative sample can be obtained.
Differences in nerve conduction velocity
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and in the length of the axonal branches lead
to differences in latencies between MUPs. An
advantage of our method also is that it allows
preservation of the latency differences of
MUPs that are obtained from one stimulation
site. In theory, the resulting increased phase
cancellation (compared to MUP-based onset
alignment) might result in a lower mean MUP
and higher, more accurate MUNE (Wang
and Delwaide, 1995). Previously, Doherty et
al. have shown that for the MUNE calculation sample-by-sample averaging does make
a large difference (up to 36%) compared to
using peak-peak values (Doherty et al., 1993).
This difference can be ascribed to a large extent
to phase cancellation effects, which result not
only from latency differences between MUPs
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but also from differences in MUP wave shape
at a particular electrode. Combined with our
findings, this suggests that phase cancellation
is mainly caused by MUP morphology and
only to a minor degree by latency differences.
It should be noted that in diseases that affect
nerve conduction velocity, preserving latency
information might become more important.
In conclusion, we have presented and evaluated a new method that resolves a major issue
in MUNE methodology, i.e. alternation, to a
large extent. In addition, it enables an assessment of the representativity of the mean MUP.
It gives new insights in the nature of MUNE
measurements and delivers new perspectives
for an improvement in MUNE.
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Evidence of potential averaging

M

ost bio-electric signals are not only functions of time, but also exhibit a variation
in spatial distribution. Surface EMG signals are often “summarized” by a large
electrode. The effect of such an electrode is interpreted as averaging the potential at the
surface of the skin beneath the electrode. We first introduce an electrical equivalent
model to delineate this principle of averaging. Next, in a realistic finite element model
of EMG generation, two outcome variables are evaluated to assess the validity of the
averaging principle. One is the change in voltage distribution in the volume conductor
after electrode application. The other is the change in voltage across the high impedance
double layer between tissue and electrode. We found that the principle of averaging
is valid, once the impedance of the double layer is sufficiently high. The simulations
also revealed that skin conductivity plays a role. High-density surface EMG provided
experimental evidence consistent with the simulation results. A grid with 120 small
electrodes was placed over the thenar muscles of the hand. Electrical nerve stimulation
assured a reproducible compound muscle response. The averaged grid response was
compared with a single electrode matching the surface of the high-density electrodes.
The experimental results showed relatively small errors indicating that averaging of the
surface potential by the electrode is a valid principle under most practical conditions.

Introduction
Bio-electric signals are not only a function of
time, but also have an often complex spatial
distribution. However, in practical applications, it is common practice to summarize
this spatial distribution. For example, in electrodiagnostic medicine, the spatial pattern
of a surface EMG signal is often reduced to
a single value using a large electrode over the
skin (Tjon et al., 1996; van Dijk et al., 1999;
Dumitru et al., 2001). The implicit assumption is that the signal from such a large electrode approximates the average of the potential
distribution beneath the electrode, or more
precisely, how it would appear if the electrode
were not present. This behaviour is sometimes
denoted as integration (Helal and Bouissou,
1992), a term that falsely suggests that the
potential increases with increasing electrode
size.
In the interpretation of experimental EMG
data, and similarly in modelling studies, the
action of a large electrode is assumed to average
the potential over the surface of the skin (Griep
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et al., 1978; Fuglevand et al., 1992; Dimitrova
et al., 1999; Farina and Merletti, 2001a;
Farina and Merletti, 2001b; Dimitrov et al.,
2002). It should be noted, however, that such
studies do not provide evidence to support
this assumption, since the skin-electrode interface properties are not taken into account. In
related application fields, the electrode has
been modelled more precisely and the impedance between the electrode and the skin has
been explicitly considered (Hua et al., 1993;
Stegeman et al., 1994; Cantrell et al., 2008).
Two essential assertions are implicit when
assuming averaging of the surface potential at
the electrode:
I. The distribution of the electric potential
in the volume conductor, specifically at
the skin surface under the electrode, is
not altered by the presence of the electrode.
II. The signal at the electrode is the true
average of the potential at the skin surface
under the electrode.
Once the bioelectric electrode is applied to the
skin, it forms an electrical double layer, the
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specific characteristics of which depend on the
material of the electrode (Webster and Baker,
1989). The double layer can be modelled,
however, with a series of n parallel impedances, independent of the electrode material.
From the schematic drawing in figure 4-1 of
a single electrode overlying a muscle as bioelectric source, we can conclude for the relation between the currents ik and the electrode
potential Ve that

Vk − Ve
Zk
k =1

n

n

∑ ik = ∑
k =1

(4-1)

where Zk is the kth parallel impedance of the
double layer, ik is the current through it and
Vk is the potential at the skin surface beneath
Zk. From this
n
n
V
1
= ∑ k − ∑ ik (4-2)
k =1 Z k
k =1 Z k
k =1
n

Ve ∑

As modern amplifier systems have high input
impedances, it can be assumed that, ia, the sum
of all currents flowing across the skin-electrode
interface
n

∑i
k =1

k

= ia ≈ 0

(4-3)

Each of the currents ik that emerge from the
tissue into the electrode at one site must, therefore, vanish again into the tissue at other sites.
In that case equation (4-2) can be rewritten as

Vk
k =1
Zk
Ve ≈
1
n
∑k =1 Z
k

∑

n

(4-4)

An important condition for the validity of
assertion II above may be derived directly from
equation (4-4). Equation (4-5) illustrates that
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the averaging of the potential at the electrode
depends on the relative distribution of the
impedances Zk. Ve is not a simple average, but a
weighted average of the potential distribution,
whereby the relative reciprocals of the distributed impedances are the weighting factors.
It is crucial to note that the above relates to
the relative difference between the distributed
electrode impedances Zk and is irrespective of
their absolute values. For the second assumption to be true we thus must assume that all
impedances are equal, Zk=Zo, after which it
follows that

Ve

∑
≈

n
k =1

n

Vk

(4-5)

The above schematic approach implicitly takes
the first assumption into account. The potentials in the tissue V1,V2,… Vn (figure 4-1) are
assumed not to be affected by the presence of
the electrode. To satisfy this assumption the
impedance of the electrode-skin contact must
be much greater than the effective impedances
within the volume conductor.
In the following, we first use the results of
a finite element volume conductor model to
provide a quantitative foundation to support
the above introductory reasoning. Next,
the basic theoretical model and the simulation results are compared to an experimental
condition in which high-density surface EMG
(sEMG) and a large electrode were both used
to study the thenar muscle group during electrical nerve stimulation.

Methods
Finite Element model
A four-layer finite element volume conductor
model was constructed to simulate electric muscle activity within a limited volume
conductor representing part of a limb. The
volume conductor was modelled as a 44 mm
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Figure 4-1. Schematic diagram of an EMG measurement using a single large electrode above muscle tissue. The spatially
distributed potentials (V), impedances (Z), and current flow (i) for a large electrode are shown. The amplifier with input
impedance is visualized as well.

radius cylinder (figure 4-2A), comprising an
inner core of bone (5 mm), surrounded by
cylindrically anisotropic muscle tissue (35
mm) and outer layers of subcutaneous fat
tissue (3 mm) and skin tissue (1 mm). The
model parameters are summarized in table 4-1.
The finite-element mesh was generated and the electrical potential throughout
the model solved using EMAS (EMAS 4.1,
Ansoft Corp., Pittsburgh, PA), as described
in previous studies (Lowery et al., 2004). The
volume conductor geometry was meshed using
three-dimensional, linear, tetrahedral elements
(figure 4-2B). The distance between adjacent
nodes of the mesh varied from 0.1 mm along
the muscle fibre to 8 mm deeper within the
volume conductor. Wave propagation and
inductive effects were assumed to be negligible,
consistent with previous EMG models, and



the electric field, E , in the volume conductor
was solved using Maxwell’s equation derived
from Ampere’s Law,

r
r⎞
⎛ ∂E
∇ ⋅ ⎜⎜ ε
+ σE ⎟⎟ = 0
⎠
⎝ ∂t

(4-6)

where σ is the conductivity and ε is the permit-

tivity of the medium.


E is assumed to be a

gradient field, i.e. E   , where  is the
electric scalar potential. It was assumed that
the normal component of the electric field was
equal to zero at the boundary of the model.
The potential at the most distal node from the
electrode was set to zero.
The muscle fibre action potential was
represented as a line of 150 propagating point
current sources, obtained by discretisation
of the second spatial derivative of the transmembrane potential and scaling appropriately
(Rosenfalck, 1969). The muscle fibre action
potential was simulated to propagate along
the muscle fibre with uniform velocity in both
directions away from the neuromuscular junction, which was located midway along the
fibre. Charge balance was maintained during
the initiation of the action potentials at the
neuromuscular junction and extinction at the
fibre-tendon transitions (Lowery et al., 2004).
In the examples presented, the muscle fibre
was 150 mm in length, located 2 mm below
the interface of the muscle and fat tissues and
an action potential propagation velocity of 4
m/s was assumed. The temporal evolution of
the potential at the electrode, and throughout
the model, was calculated at 0.25 ms intervals
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Figure 4-2. (A) Schematic diagram of the threelayer volume conductor model with an inner
core of bone with 5 mm radius, a=40 mm, b=43
mm, c=44 mm. (B) Surface of finite element
model showing the thin double layer between the
conductive electrode and the skin. (C) Schematic
of weighted electrode used to illustrate the relative
weighting of the surface potential by the electrode
impedances. The double layer of the electrode
shown in (B) was divided into two sections of
different impedances, separated by a 2 mm air
gap.

using the EMAS time domain solver.
As skin conductivity was found to be a
critical parameter in the model, two different
values of skin conductivity were incorporated
in the model, denoted “resistive skin” and
“conductive skin”, to represent a large range of
possible values (table 4-1). The value for resistive skin was chosen based on values reported
by Gabriel (Gabriel et al., 1996) while the
conductive value is chosen based on Roeleveld
(Roeleveld et al., 1997a).
A single square electrode (20 mm × 20 mm)
was positioned on the skin surface directly
above the muscle fibre (figure 4-2A&B), 33
mm away from the neuromuscular junction.
The surface of the electrode was represented
as a layer of conductive silver material using
two-dimensional (1 mm × 1 mm) rectangular
elements and a thin electrical double layer was
included between the skin and electrode. The
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three-dimensional homogeneous double layer
was realized by incorporating a uniformly thin
(1 mm) layer between the conductive electrode
surface and the skin tissue. The thickness of the
double layer was chosen to preserve essential
features of the double layer (a very thin layer
of known resistance and capacitance), whilst
maintaining the feasibility of meshing the area
surrounding the electrode and minimizing the
computational burden. The conductivity and
relative permittivity of the double layer were
calculated so that the electrode - skin impedance had a resistive component of 30 kΩ/
cm2 and a capacitive component of 30 nF/
cm2, similar to experimentally reported values
(Rosell et al., 1988). A similar approach has
previously been adopted in modelling the electrode-skin contact in impedance tomography
(Hua et al., 1993) and, more recently, for
capturing microelectrode behaviour (Cantrell

Evidence of potential averaging

Table 4-1. Model parameters. (Conductivity and relative permittivity values were chosen at 100Hz).

Outer radius of cylinder

44 mm

Cylinder length

300 mm

Skin thickness

1 mm

Subcutaneous fat thickness

3 mm

Bone radius

5 mm

Bone conductivity

0.02 S/m

Muscle conductivity (axial direction)

0.4 S/m

Muscle conductivity (transverse direction)

0.09 S/m

Muscle relative permittivity (axial direction)

2×107

Muscle relative permittivity (transverse direction)

4.4×106

Fat conductivity

0.04 S/m

Fat relative permittivity

1.5×105

Skin conductivity (resistive skin)

4.3×10-4 S/m

Skin conductivity (conductive skin)

1.0 S/m

Skin relative permittivity

5.53×104

Double layer thickness (numerically limited)

1 mm

Default double layer conductivity

3.33×10-4 S/m (30 kΩ/cm2)

Default double layer relative permittivity

3.38×104 (30 nF/cm2)

Electrode conductivity

6×107 S/m

et al., 2008).
Simulated action potentials at the skin
surface were examined as the impedance of
the double layer was varied to evaluate the
idealized concept of electrode averaging (equation 4-5, figure 4-1) over a range of double
layer impedance values with the double layer
conductivity and permittivity scaled proportional to one another.
To study the concept of weighted averaging
(equation 4-4), in a separate study we divided
the electrical double layer into two sections,
impedance A and impedance B, separated by a
small aperture as indicated in figure 4-2C. The
impedances are connected by a thin, highly
conductive silver layer, representing the electrode, spanning the surface across the top of
both impedances. The impedance of the first
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section of the double layer was kept constant
while the impedance of the second half was
increased first by a factor of two and then ten.
The potential detected at the electrode surface
was compared with that calculated based
on weighting of the potential beneath each
section of the electrode by the relative electrode impedances.
High-density surface EMG
To experimentally test the validity of the conditions for averaging, we compared high-density
surface EMG (Blok et al., 2002b) with EMG
data recorded using large surface electrodes
placed over the same skin area. Two healthy
subjects voluntarily participated in this part of
the study. The study was approved by the local
ethical committee of the Radboud University
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Nijmegen Medical Centre, The Netherlands.
We used flexible high-density electrode grids
(figure 4-3A) and single large pre-gelled electrodes (Kendall-LTP H59P and H69P, figure
4-3B), cut to match with predefined electrode
areas (1×2.6 cm2, 1.8×1.8 cm2, 2.2×2.2 cm2,
2.6×3.4 cm2).
The high-density electrode grid consisted
of 8×15 Ag-AgCl electrodes (2 mm diameter) with an inter-electrode distance of 4 mm
(Lapatki et al., 2004). It was placed on the
thenar muscle of the right hand (figure 4-3A).
The electrode grids were fixed to the skin as
described in detail in chapter 3. A reference
electrode was placed on the first metacarpophalangeal joint of the fifth digit for both
recording situations. Data were recorded using
a 130 channel BioSemi ActiveOne amplifier
system (Amsterdam, The Netherlands) with a
sample rate of 2048 Hz.
To obtain a reproducible EMG signal,
the median nerve was electrically stimulated
using a constant current stimulator with fixed
stimulation electrodes (pulse width 100 μs).
By using supramaximal stimulation, all muscle
fibres innervated by that nerve underneath the
electrode were activated more or less simul-

taneously. This procedure yields reproducible results if the position of the hand is not
altered and the temperature remains constant.
The subject’s thumb was immobilized and the
temperature was maintained between 33 and
35 degrees. The compound muscle action
potential (CMAP) thus recorded was stored
on disk and the electrode grid was removed.
Next, the single large electrode was placed on a
predefined location over the muscle. The prior
applied markers guided the placement so that
the single electrode matched the predefined
area measured with high-density sEMG as
closely as possible (figure 4-3B). The smallest
three electrodes were placed at three different
positions over the muscle while the largest was
placed on two different locations. For each
recording, a new pre-gelled electrode was used.
After removal of the stimulus artefact,
the data were band pass filtered (10-400Hz)
prior to further analysis. For each large electrode CMAP, an equivalent averaged CMAP
was created by averaging the electric potential
at the corresponding electrodes from the highdensity electrode grid.

Figure 4-3. A: The flexible grid of 120 (8×15) electrodes used for high-density surface EMG recordings. Inter-electrode
distance was 4 mm making the electrode 3×5.8 cm. The grid was placed transversally over the muscle belly and attached
to the skin using double-sided adhesive tape with holes matching the electrode contacts. B: Illustrates the position of one
of the large electrodes. Note that the markers that are visible between the high-density electrodes are used to place the
large electrode at the correct position.
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Quantification of error
To quantify the difference between two time
varying signals for both the model simulation results and the experimental results, the
percentage RMS error (RMSε) was calculated
as
RMS

100%

i

( signal1 (i ) signal2 (i )) 2
i

signal12 (i )

(4-7)

where i denotes the sample points and signal1
and signal2 the signals to be compared.

Results
Model simulation results
The spatial and temporal variability of the
results depend on parameters as conduction velocity, depth of the muscle fibre, and
others. To illustrate this variability, figure 4-4
compares simulated single muscle fibre action
potentials present at the skin surface beneath
the electrode for the case of resistive (A) and
conductive skin (B) in the presence of a default
electrical double layer (table 4-1). A large
spatiotemporal variability may be noted in the
signals beneath the electrode. The potential
predicted by the model at the electrode, equal
across the entire electrode surface due to the
low electrode resistance, is also presented.
In figure 4-5, the potential detected at
the electrode is compared with the calculated
average of the signal at the skin surface without
the electrode present. At each time step, before
the average potential was calculated, the twodimensional potential distribution beneath
the electrode was linearly interpolated with a
spatial sampling of 0.01 mm to ensure that
the average potential was not affected by the
spatial sampling of the surface potential. A
close agreement between the action potentials
may be observed for resistive (figure 4-5A) and
conductive (figure 4-5B) skin. The effect of
the presence of the electrode on representative

action potentials detected at the skin surface
beneath the electrode are compared in figure
4-5C (resistive skin) and figure 4-5D (conductive skin). In the simulated data, the presence
of the electrode has a negligible effect on the
potential at the skin surface in the example
with a high skin conductivity (RMSε = 0.7 %).
In the example with a low skin conductivity
(highly resistive), the influence of the electrode
is slightly larger, yielding an RMS error of 5.5
%.
The variation in RMS error with the impedance of the electrical double layer is presented
in figure 4-6. It may be seen that assertions I
and II, as presented in the introduction, are
highly dependent on both the properties of the
skin and the double layer. As the impedance
of the double layer is reduced, the electrode
starts to contribute to the volume conduction, increasing the RMS error and violating
assertion I (dotted lines). This effect is most
notable for the conductive skin (figure 4-6B).
In the case of a high-impedance double layer,
the voltage across it may become significant,
challenging assertion II (grey lines). The latter
effect is most notable in the case of resistive
skin (figure 4-6A). Under the conditions simulated, for averaging to be precise (RMSε < 5
%), the impedance of the double layer should
not be lower than approximately 0.5 kΩ/cm2
in the case of conductive skin, increasing to
approximately 30 kΩ/cm2 in the case of the
resistive skin.
In figure 4-7, the relative weighting of
the surface potentials by the parallel impedances expressed in equation 4-5 is examined.
The data presented confirm that when there
is an uneven distribution of the double layer
impedances, averaging of the surface potential is indeed weighted with that distribution,
even when the impedances are large enough
to prohibit significant current flow between
points of the electrode contact surface. This is
true in the present context within an RMSε of
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Figure 4-4. Simulated muscle fibre action potentials at the skin surface below the electrode (grey lines). A sample of 44
action potentials at various locations along the grid underneath the electrode is presented. The action potential detected
at the electrode (metal surface) is also shown (thick black line). Results are presented for simulations conducted for both
resistive (A) and conductive (B) skin tissue.

Figure 4-5. (A + B) Simulated muscle fibre action potentials detected at the electrode (black line) and average potential
beneath the electrode without the electrode, including the double layer, present (grey line) for resistive (A) and conductive
(B) skin. (C + D) Examples of simulated action potentials at 4 mm intervals along the skin surface beneath the electrode,
with the electrode present and without the electrode. Data are presented for both resistive (C) and conductive skin (D).
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Figure 4-6. Variation in the RMS error with the impedance of the electrical double layer. The total RMS error representing the difference between the voltage recorded at the electrode and the average voltage at the skin surface when the
electrode is not present is indicated with the solid black line. The error due to alterations in the volume conductor, i.e.
the difference between the average voltage at the skin surface when the electrode is present and when it is not present (ref.
assertion I.), is shown with the dashed line. The overall difference between the potential at the electrode and the average
potential directly beneath the electrode (ref. assertion II.) is shown in grey. The permittivity of the electrical double layer
was scaled proportional to the double layer conductivity. Data are presented for both resistive (A) and conductive (B)
skin tissue.

9.4 % for a relative weighting ratio of 1:2 and
4.3 % for a relative weighting of 1:10 (figure
4-7).
Experimental results
Large spatiotemporal variability of the experimentally obtained CMAP was also observed,
as illustrated in figure 4-8. Figure 4-9 shows an
example of the results obtained for each of the
four different large electrodes for subject #2. A
high variability in amplitude across the highdensity electrodes was often observed (figure
4-10). In certain cases the averaged CMAP
amplitude was reduced to almost 50% of the
maximal CMAP recorded at a single highdensity electrode.
In total, 11 single large electrode CMAPs
were obtained in this way for each subject. In
most cases, the computed CMAP matched well

with the CMAP obtained with the single large
electrode. The mean difference expressed as the
RMS error was 16.5% (range 8.6-32.8%) for
the first subject and 10.7% (range 4.4-20.1%)
for the second subject.

Discussion
In this study, finite element model simulations
and experimental high-density surface EMG
data were used to confirm the assumption
that, under practical conditions, the potential
measured by a large surface EMG electrode
is approximately equal to the average of the
potential distribution directly beneath that
electrode. Furthermore, it was shown that
under the conditions examined, the application of a large electrode, which effectively
connects a series of parallel lumped resistances
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Figure 4-7. Simulated action potentials detected at the
electrode with the two sections of the electrical double
layer weighted differently. The action potential at the
conductive surface of the electrode is presented along with
the average potential beneath each section of the electrode
double layer and the action potential calculated based on
relative weighting of the average potentials. The average
potential calculated without taking into account the
relative weighting of the action potentials by the electrode
impedances is also indicated.

to the skin, does not strongly affect the volume
conduction properties, figure 4-5 and figure
4-9.
The simulation results confirm that both
assertions I and II, defined in the introduction,
are sufficiently valid in practice when experimentally reported electrode impedance values
are used. The averaging principle, although
simple in its essence, is not trivial. As shown
by varying the model parameters, averaging of
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the surface potential by the electrode does not
reflect a generally valid principle of physics,
but depends on the relative properties of the
tissue and electrode impedances. For the range
of skin properties examined, one can state that
the electrode-skin impedance lies well within
the range where averaging is a valid concept.
A range of skin conductivity values has been
both reported experimentally and used in
previous EMG modelling studies. To capture
this range of values, two different skin conductivities were used to simulate material properties representative of resistive and conductive
values within this range. A conductivity of
4.3×10-4 S/m was chosen for the resistive skin
tissue, based on values reported by Gabriel et
al. (Gabriel et al., 1996) at 100 Hz and used in
a previous study by Lowery et al. (Lowery et al.,
2004). For the conductive skin tissue, a much
higher conductivity of 1 S/m was used, based
on the study by Roeleveld et al. (Roeleveld et
al., 1997a) in which skin conductivity values
were estimated based on comparison of simulated and experimentally recorded EMG data.
The frequency characteristics of the (bio-)
electric source can also play a role due to
capacitive components in both the tissue and
electrode-skin interface. While at the frequencies of interest for surface EMG, the electrodeskin interface and the tissue impedances are
largely dominated by the resistive components,
at much higher frequencies of artificial source
signals, for example in impedance tomography
(e.g. 50 kHz), the capacitive properties of the
interface and the tissue will play a significantly
larger role (Hua et al., 1993; Rutkove et al.,
2002).
Finite element analysis is suited to complex
geometries for which analytical solutions are
not readily available. It, thus, enables the influence of the conducting electrode and electrical
double layer to be explicitly included. However,
there are limitations of the model, which
should be considered. The complex electrode-
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Figure 4-8. A “fingerprint” showing the spatiotemporal distribution of the CMAP response over the high-density sEMG
electrode grid. The inter-electrode distance in both directions is 4 mm resulting in an electrode size of 3×5.8 cm.

tissue interface was approximated as a single
high impedance layer of uniform thickness
and electrical properties. To facilitate generation of the finite element mesh and reduce the
computational burden, the thickness of the
electrical double layer was increased to a value
of 1 mm, several orders of magnitude above its
true value. To compensate for this, the impedance of the double layer was scaled such that its
total impedance was not altered and remained
typical of experimentally reported values.
Considerable uncertainty still surrounds the
choice of the most appropriate tissue electrical
properties. While many studies have sought to
characterize the electrical properties of muscle,
skin and fat tissue, there is considerable variability among the values reported in the literature (Gabriel et al., 1996). Furthermore, skin,
which was approximated here by a homogenous tissue layer, is actually laminar in structure, with most of the impedance due to the
highly resistive stratum corneum that becomes
less resistive with increasing depth. Finally,
to accurately capture the average potential at
the skin surface, the data should be sampled
at a sufficiently high spatial resolution. In
the simulated data presented, the potential at
the skin surface was first interpolated before
averaging to increase the resolution over the

surface of the skin. Increasing the distance
between observation points would reduce the
amplitude of average surface potential, causing
it to be underestimated.
In the model, we could also have incorporated a finite layer of conductive gel. Such
a layer may influence the volume conductor
and its effect will again strongly depend on the
conductivity of the skin. The additional error
introduced will be smaller for the conductive skin than for the resistive skin, since the
conductivity of electrode gel is low (0.02 - 0.1
S/m (Webster and Baker, 1989)) compared
to the conductive skin but relative high for
the resistive skin. However, the complex
electrical properties of the skin are uncertain
and have been simplified within the model.
Furthermore, the experimental results indicate
that the application of a pre-gelled electrode
does not strongly alter the volume conductor
properties, which is consistent with the more
conductive skin in the model.
High-density surface EMG was chosen
to experimentally evaluate the theoretical
assumptions because it changes the scheme
illustrated in figure 4-1 such that each of the
n

currents ik≈0 rather than i i 0 . Each small
electrode is amplified by its own high inputk 1

k

a
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A

avrg. CMAP
CMAP

B

C

D

4 mV
5 ms

Figure 4-9. At the right side the averaged CMAPs (grey lines) as recorded by the high-density sEMG grid over the different
surfaces as indicated in the left column. The electrodes in (A-D) are respectively 1×2.6cm, 1.8×1.8cm, 2.2×2.2cm, and
2.6×3.4cm in size. Black lines show the CMAPs as measured with large electrodes over the skin at the same positions.
RMS error for (A-D) was 7.1%, 7%, 7.9%, and 7.1% respectively.

impedance amplifier. The currents ik, therefore, are negligible and, critically, they cannot
emerge from the tissue at one site of the electrode and return at another site, which is essential for the principle of averaging over the skin
surface (equations 4-1 and 4-2). Furthermore,
it should be noted that very high electrode
impedance would violate the assumption that
the current flowing through the input impedance of the amplifier ia is much smaller than
each of the components ik.
Additional possible sources of error in the
experimental data include inhomogeneities in
the impedance distribution of the electrodeskin interface (the effect as presented in the
simulation study, figure 4-7), some inaccuracy
in the electrode placement and represented
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size, and variability in CMAP responses.
Our experimental results confirm the
usability of the smart “branched” electrode
with two simply connected equally weighed
separate parts as presented by Van Vugt and
Van Dijk (Christova et al., 1999; van Vugt
and van Dijk, 2001). Implicitly, the electrode
construction is dependent on the validity
of the averaging principle. We suggest that
the assumption of a homogeneous distribution of electrode impedance, independent of
the absolute value range, may pose the most
relevant challenge to the averaging notion in
general. In practice, therefore, care should be
taken that electrodes used make firm and even
contact to avoid these unbalanced impedances.
A wide range of possible surface EMG
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Figure 4-10. CMAPs recorded using high-density surface EMG at the locations shown in figure 4-9 are presented to
illustrate the high level of variability present underneath the large electrode. The mean CMAP obtained using the highdensity electrode is shown in grey.

signals has been considered from single fibre
to whole muscle activity. All of these examples
support the hypothesis of electrode averaging
with a level of precision that is sufficient for
practical purposes. It is important to consider
whether there are other experimental situations in electrophysiology in which the validity
of the averaging principle can be questioned.
For instance in needle EMG, higher signal
frequencies are present, however, the detection
surface of the electrode is generally very small.
If macro-EMG recordings and needle shaft
reference recording in concentric needles are
considered, in the latter, modelling provides
evidence for the absence of significant current
flowing into and out of the electrode shaft
(Stegeman et al., 1994). In related electro-

physiological signals such as EEG and ECG,
the frequency content of the signal and spatial
variability are lower than in EMG. The electrodes used there are certainly relatively small
compared to the variability of the spatial
potential. Therefore, for these signals, one can
assume with confidence that averaging over
the electrode will not be significantly violated.
In conclusion, the simulation and experimental results presented here confirm the
intuitive assumption that a large surface EMG
electrode measures the average value of the
potential over the skin beneath it. The precision of this statement appears to be sufficient
for all practical EMG situations that one may
conceive.
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Effect of small motor unit potentials
on the motor unit number estimate

J.P. van Dijk, M.J. Zwarts, H.J. Schelhaas, D.F. Stegeman
Muscle and Nerve 2008 (38); 887-892

Effect of small MUPs on the motor unit number estimate

S

mall surface motor unit potentials (MUPs) may have a negative influence on the
variability of the motor unit number estimate (MUNE). According to published
consensus criteria, MUPs with a negative peak amplitude smaller than 10 μV should
be omitted. The effect of omitting small MUPs on the MUNE was evaluated using a
simulation model. The model incorporated a distribution of MUPs from healthy subjects and amyotrophic lateral sclerosis (ALS) patients. Using a random drawing process
the MUNE was calculated with and without small MUPs. In the healthy population,
27% of all MUPs were small. MUNE determined without these MUPs was marginally
less variable. However, MUNE values decreased with about 24% at a sample size of 20.
In ALS, only 12% of the total population of 130 MUPs were small. MUNE decreased
with about 12% without the small MUPs. By omitting small MUPs the differences
between the healthy and ALS distributions, become smaller. Therefore, it is suggested
to incorporate small MUPs in the estimate.

Introduction
Most motor unit number estimation techniques use a sample of MUPs to estimate the
total population of MUPs in a muscle (Shefner,
2001). MUPs are obtained by electrical stimulation of the nerve at low intensity or by voluntary activation of the muscle in combination
with needle EMG (Brown and Milner-Brown,
1976; Kadrie et al., 1976; Wang and Delwaide,
1995; Boe et al., 2004). A maximal compound
muscle action potential (CMAP) is obtained
by stimulating the nerve so that all motor
units are active simultaneously. The MUNE
is determined by dividing the CMAP by the
mean MUP (McComas et al., 1971a). The
accuracy of the estimate depends on several
factors: the number of samples used for the
mean MUP, the distribution of amplitudes of
the MUPs, the representativity of the sampled
mean MUP, and the size of the population
the sample is taken from. The influence of
samples size has been shown to effect the variability of the MUNE and differs for different
MUP amplitude distributions (Slawnych et
al., 1997).
In a recent review (Bromberg, 2007) it was
suggested that small MUPs have a dispropor-

tionate influence on the MUNE. According
to the consensus criteria published after the
first International Symposium on MUNE
(Bromberg, 2003), MUPs that have a negative peak amplitude smaller than 10 μV or a
negative peak area smaller than 25 μVms are
advised to be omitted from the mean MUP.
Furthermore, MUPs that have a mainly positive peak are considered to arise from distant
muscles and are ignored. Omitting small
MUPs might narrow down the distribution of
MUP amplitudes and can increase reproducibility but at the same time, it may introduce an
error. Hence, MUNE accuracy and reproducibility seem to be interrelated. The character of
this dependency is important and is not easily
understood. Furthermore, signal amplitude is
influenced by the electrode size and the position of the electrode over the muscle(s).
Using high-density surface EMG we
showed it possible to obtain a large number
of MUPs from the thenar muscles (see chapter
3). Using many small electrodes densely
spaced over the muscle extra spatial information of MUPs is obtained. The spatiotemporal profile makes it easier to identify MUPs
than by using temporal information only.
Furthermore, using high-density surface EMG
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it is possible to show how the MUP would
look like if recorded by a single large electrode
as described in chapter 4. Therefore, the effect
of small MUPs on conventional single electrode MUNE can also be studied using this
technique. The main goal of this study was to
get more insight in the effects on the MUNE
when small MUPs are omitted in healthy
subjects and in ALS patients.

Methods
Subjects
For this simulation study MUPs were used from
8 healthy subjects and from 7 ALS patients on
which a high-density surface EMG MUNE
measurement was performed (van Dijk et
al., 2008a). All ALS patients were diagnosed
as “clinically definite ALS” according to the
Revised El Escorial criteria. All subjects gave
their written informed consent and the study
was approved by the local ethical committee.
High-density surface EMG
Data were recorded as described in detail in
chapter 3. All unique single MUPs obtained
were combined to form a simulated muscle’s
MUP population. It is assumed that by
combining all the MUPs obtained from
different subjects, a valid distribution of MUPs
from an individual muscle can be created.
From the eight healthy subjects we retrieved
208 MUPs. A total of 130 MUPs were
obtained in the ALS group. The CMAPs were
obtained by summing the MUPs in a sampleby-sample manner.
A conventional, single large electrode
equivalent (LE) was generated for each MUP
by averaging the signals from the electrodes in a
1x3 cm rectangle. The rectangle was chosen so
that the LE-CMAP had the largest amplitude
(figure 5-1). In agreement with the consensus
criteria published after the first MUNE symposium in 2001 (Bromberg, 2003), all LE-MUPs
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10 mV
30 ms

Figure 5-1. Generated CMAP from the ALS distribution
of single MUPs with a rectangle indicating where a large
electrode of 1 x 3 cm would be maximal. The maximum
is situated in proximal-lateral corner of the electrode grid.
The flat lines indicate electrodes that had no good contact
with the skin.

that had a negative peak amplitude less than
10 μV were marked as small MUPs.
MUNE simulations
A mean MUP as used in MUNE was determined by averaging (data-point by data-point)
a sample of LE-MUPs drawn randomly from
the population of single MUPs. The sample
size was varied from 10 to 50 MUPs. We
used two different approaches to simulate the
effect of omitting small MUPs: 1) small MUPs
were removed from the population of MUPs
resulting in a subpopulation from which a
sample was drawn; 2) we simulated drawing
samples from the entire population of MUPs
and removed the small MUPs afterwards. The
second simulation will result in a MUNE
calculation with a variable number of MUPs
included in the mean MUP, i.e. if 20 MUPs
were drawn, five MUPs might be too small
and the actual number used would be 15.
However, to be able to compare both results
the total number of samples that is drawn
from the distribution must be used, i.e. in this
example sample size is 20 and not 15. Note
that the CMAP stayed unchanged for all simulations. Each simulation was run 5000 times,
i.e. 5000 times a random sample was drawn
from the population.
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The mean age of the eight healthy subjects
was 33 years, range 23 to 43. On average, the
motor unit number estimate in this group
was 320, range 210 to 561. The number of
MUPs obtained per subject varied between 21
and 33, and was 26 on average. Figure 5-2A
shows the negative peak amplitude distribution of the MUPs for healthy subjects. Of note
is that of the 208 MUPs, 57 had a negative
peak amplitude of less than 10 μV. This means
that when these MUPs are omitted according
to the consensus criteria, 27% of the MUPs are
excluded resulting in a subpopulation of 151
MUPs.
As expected, and in accordance with the
results from Slawnych et al., the variability
of the estimate decreased with increasing
sample size (figure 5-3A en 5-3B). If MUNE
was determined by drawing random samples
from the subpopulation, the CoV decreased
by about 5% (figure 5-3A). This means that
drawing a sample of e.g. 20 MUPs from the
subpopulation will result in a reduced variability compared to drawing a same sample
size from the entire population. However,
if a sample of 20 MUPs is drawn from the
total population and, e.g. five MUPs have to
be removed from the sample, the sample size
decreases. If the MUPs that did not meet the
consensus criteria were removed after drawing
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Statistics
We used the coefficient of variation (CoV) and
the mean MUNE value to express variability,
error, and bias of the estimate. The error of
the estimate is defined as the true number
of motor units minus the estimated number.
The bias is defined as the difference between
the estimate and the number of motor units
from which a sample was drawn. Analyses were
performed using software programs written for
Matlab (The Mathworks, Natick, MA).
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Negative peak amplitude (µV)
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Figure 5-2. MUP negative peak amplitude distribution for healthy subjects (A) and ALS patients (B). The
bin width is set to 10 μV. The ALS distribution contains
relative larger MUPs and less small MUPs than the healthy
distribution.

the sample, the CoV decreased by about 2%
(figure 5-3B). Apparently, the positive effect
of omitting small MUPs is reduced by the
decrease in sample size. Omitting small MUPs
results in substantially lower MUNE values
(large error) and slightly increased the overestimation bias that was already present (figure
5-3C). Hence, the accuracy of the estimate
seems to be reduced if consensus criteria are
applied. Table 5-1 provides an overview of the
results at a sample size of 20.
The MUPs of 7 ALS patients with a mean
age of 61 years (range 41-77) were used.
Mean MUNE was 88 (range 24-156). The
area distribution for ALS patients is shown in
figure 5-2B. In total 16 of 130 (12%) MUPs
had a negative peak amplitude of less than
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Figure 5-3. Simulation results for the healthy distribution as a function of the sample size. CoV (A+B) and mean MUNE
(C) for the entire population of MUP (+) and when small MUPs are omitted (•) are shown. (A) Random drawing as
performed from a subpopulation as explained in the text. (B) A sample of MUPs from the entire population of MUPs
is drawn and small MUPs are removed afterwards. The effective sample size is therefore smaller in (B). This considerably
reduces the positive effect of omitting small MUPs on the CoV. (C) On average, the number of motor units is slightly
overestimated (bias) in both situations. The simulated muscle contains 208 MUPs (upper dotted line). If small MUPs
are omitted, 151 MUPs remain (lower dotted line). The error is defined as the difference between the (+) and (•) line.

10 μV for the large electrode. The CoV for
the ALS data was similar as for the healthy
subjects, e.g. about 30% at a sample size of
20, if all MUPs are included (table 5-1). CoV
decreased by about 3% at a sample size of 20
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if the small MUPs are omitted (figure 5-4A).
MUNE decreased by about 12% (error) with
little bias if small MUPs are ignored (figure
5-4B and table 5-1).
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Table 5-1. Simulation results at a sample size of 20 samples.

Healthy distribution

ALS distribution

all MUPs

no small MUPs

all MUPs

no small MUPs

Number of MUPs

208

151

130

114

mean MUNE

214

159

133

114

Bias

6 (3%)

8 (5%)

3 (2%)

0 (0%)

Error

6 (3%)

49 (24%)

3 (2%)

16 (12%)

SD

63

43

42

33

CoV (%)

29

27

32

29

MUP = motor unit potential; MUNE = motor unit number estimate; CoV = Coefficient of Variation; SD = Standard
Deviation.
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Figure 5-4. Results for the ALS distribution as a function of sample size. Coefficient of variation (CoV) (A) and mean
MUNE (B) for the entire population of MUP (+) and when small MUPs are omitted (•) are shown. (A) There is a very
small difference between the two lines of about 2% at a sample size of 20. Note that the CoV is very similar as the simulation results for the healthy distribution. The mean estimate (B) is reduced less than for the healthy distribution but is
still considerably large.
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Discussion
In chapter 3, we discussed that the reproducibility could be improved when small MUPs
would be omitted from the mean MUP. We
argued that MUNE accuracy and precision are
interrelated. In attempts to increase the reproducibility of a method, the accuracy might be
reduced so far that the method itself becomes
insensitive to any changes in the motor unit
population. In this study, we showed that,
although variability is reduced because of
narrowing the distribution of MUPs, this
effect almost completely disappears when the
decrease in sample size is taken into account.
Furthermore, by omitting small MUPs, a
considerable error in the estimate is introduced.
The contribution of MUPs to the CMAP
not only depends on the size of the MUP, but
also on the spatial distribution of the individual muscle fibres and the position of the
innervation zone. Sample by sample averaging
includes the effect of phase cancellation that
is present in the CMAP, and is important
because it can result in a significant higher
MUNE value (Doherty et al., 1993a). In a
previous study by Slawnych et al., the effect
of sample size and amplitude distribution was
studied in the ideal case that all MUPs add up
algebraically (Slawnych et al., 1997). Here, we
used high-density surface EMG to obtain a
large number of single MUPs and used these
real MUPs, from healthy subjects and ALS
patients, in our computer simulations. This
way, phase cancellation due to motor unit
morphology was incorporated into the model.
Furthermore, the two distributions are more
likely to represent the two different populations. We recognize that any individual can
differ in this respect, since many anatomical
variations exist in supply of the thenar muscles
by the median nerve (Rowntree, 1949).
Furthermore, the simulation results may be
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specific for the thenar muscles. The contribution of more distant muscles for the hypothenar is an even more complex issue due to the
large number of small hand muscles innervated by the ulnar nerve. This was also shown
in a recent study by Nandedkar and Barkhaus
who concluded that the thenar muscles are
more suited for MUNE than the hypothenar
(Nandedkar and Barkhaus, 2007).
The obtained distributions also showed
that a realistic CoV lies between 20-30% for
a MUNE method based on drawing a random
sample of 20 MUPs from a population. This
value is very similar to the value found by
Slawnych et al. (Slawnych et al., 1997). They
found a CoV of 25% for the thenar muscles for
their healthy distribution using a sample size of
20. Both values are somewhat larger than CoV
values reported in experimental studies using
various MUNE methods (Shefner, 2001; Boe
et al., 2004). One explanation may be that
with most MUNE methods one does not
draw randomly from the complete population
of MUPs. For instance in the multiple point
stimulation techniques not all nerve fibres are
accessible from the skin surface equally well
at a low stimulus intensity, and it is believed
that the nerve fibres closet to the stimulation
electrodes are activated first (McComas et al.,
1971a; Doherty and Brown, 1993). Hence,
a sample is drawn from a subpopulation
possibly increasing the methods reproducibility. Indeed, if we narrow down the number
of MUPs from which a sample can be drawn
to 50, the variability decreased by about 5%
(not shown). This decrease will be higher if an
even smaller portion of the population would
be sampled.
We excluded MUPs that did not meet the
consensus criteria (negative peak amplitude
<10 μV). However, various authors disagree
on what the minimum MUP amplitude size
should be. Especially for the statistical technique it is thought that the lower limit of
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but it reduces the accuracy. The exclusion of
small MUPs might cause MUNE techniques
to become less sensitive to reinnervation in
follow-up studies. Therefore, it is suggested to
incorporate small MUPs in the estimate.
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10 μV is too small considering the range of
MUP instability that was found by Jillapalli
and Shefner (Jillapalli and Shefner, 2004). A
new Bayesian MUNE method suggests the
minimum MUP size should be larger than
10 μV (Henderson et al., 2007). Both statistical based techniques result in much lower
MUNE values than the other MUNE techniques. Since there is no gold standard it will
be difficult to determine which method works
best. Longitudinal comparison studies and
computer models that can predict motor unit
loss might give more insight in which method
would be preferable.
By omitting small MUPs, reproducibility
can be improved slightly. However, at the
same time the accuracy of the measurement
is affected negatively. In view of the fact that
a large pool of small MUPs exist in healthy
subjects, it can be envisaged that sprouting of
small MUPs in pathology (e.g. ALS) results in
larger MUPs that rise above the threshold. As
a result, the loss of MUP’s in follow-up studies
of ALS patients will be underestimated (as is
illustrated in figure 5-5). Our finding of much
less small MUPs in the ALS pool confirms this
reasoning.
In conclusion, we showed that omitting small MUPs can improve the reproducibility of MUNE techniques to some extend
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Figure 5-5. Distribution of MUNE values at a sample size
of 20 samples for the healthy (A) and ALS (B) distribution. The red lines show the distributions for the entire
population of MUPs while the dashed line is obtained
when small MUPs are omitted. It can be seen that the
difference in MUNE between the healthy distribution and
the ALS distribution becomes smaller if small MUPs are
omitted. The red vertical line indicate the actual number
of MUPs. The dashed vertical line indicates the number of
MUPs that met the consensus criteria.
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Size does matter: the influence of motor
unit potential size on statistical motor
unit number estimates in healthy subjects

J.H. Blok, J.P. van Dijk, J. Drenthen, E.M. Maathuis, D.F. Stegeman
Clinical Neurophysiology 2010; in press

Influence of MUP size on statistical motor unit number estimates

T

he statistical method of motor unit number estimation (MUNE) assumes that
all motor unit potentials (MUPs) have the same size. The present study aims to
evaluate the validity of this assumption and, more generally, of statistical MUNEs. We
performed statistical and multiple point stimulation (MPS) MUNE with an array of
120 electrodes on the thenar muscles of 15 healthy subjects. These recordings allow
isolation and quantification of the effect of non-uniform MUP size on MUNE, because
the differences in submaximal CMAP size (and, hence, in MUNE) between electrodes
are due almost entirely to differences in (summed) MUP size. We found no correlation
between statistical and MPS MUNEs. Statistical MUNEs proved very sensitive to small
variations in the “bandwidth” (variance) of the response series; MUNEs from electrodes
only 8 mm apart could deviate by as much as 60%. This variation in bandwidth resulted from spatial (and, hence, size) differences between the contributing MUPs. Statistical MUNEs are very sensitive to violation of the uniform MUP-size assumption, to
an extent that blurs any correlation with MPS MUNE in healthy subjects. We conclude
that statistical MUNE cannot be used to detect mild to moderate motor unit losses.

Introduction
The statistical method of motor unit number
estimation (Daube, 1988; Daube, 1995) is one
of the few MUNE techniques that have found
fairly widespread use. The method is easy to
perform in clinical practice and appears to
be fairly sensitive to pathological changes in
motor unit number (Aggarwal and Nicholson,
2002; Shefner et al., 2004b; Sorenson et al.,
2006; Reddel et al., 2008). Particularly when
applied with several subsequent improvements
(Shefner et al., 1999; Lomen-Hoerth and
Olney, 2001; Miller et al., 2004), statistical
MUNEs can be very reproducible (LomenHoerth and Olney, 2000; Olney et al., 2000;
Simmons et al., 2001; Kwon and Lee, 2004).
The approach is based on a mathematical
analysis of the variation in the size of the
compound muscle action potential (CMAP)
as recorded in response to trains of submaximal stimuli with equal intensity. The recorded
CMAP is variable as a result of alternation.
The stochastic properties of the variation in the
recorded CMAP size are used to obtain an estimate of the mean electrical size of the motor

units (motor units) and, hence, a MUNE.
The validity of the statistical MUNE
technique depends on the degree by which
several assumptions are met, as detailed elsewhere (Lomen-Hoerth and Slawnych, 2003).
In a previous paper (Blok et al., 2005b), we
questioned the assumption that the variation
in CMAP size follows a Poisson distribution,
which requires a low probability of motor unit
activation. Instead, we proposed a binomial
distribution, which does not place restrictions
on the firing probability of the alternating
motor units. We found that binomial values
deviated less from the presets in the simulation
study than Poisson MUNEs, and were more
in agreement with published (higher) results
of other MUNE techniques. Yet, we could not
draw any firm conclusions regarding differences in accuracy between the two approaches,
because there is no “gold standard” we could
use to compare the results with. Furthermore,
both the Poisson and the binomial method of
statistical MUNE assume that all alternating
motor units generate potentials of the same,
stable size. This assumption is clearly invalid,
but the effect of such a violation is unknown.
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In this study, we use high-density surface
EMG recordings for both statistical MUNE
and the MPS type MUNE method as
described in chapter 3. Because of the limited
number of assumptions and the relative large
sample size, we consider the latter technique
the best alternative to a true gold standard for
MUNE presently available. The above combination of MUNE techniques therefore enables
to a certain extent the assessment of statistical
MUNE accuracy. In high-density surface
EMG, recordings are made with an array of
densely spaced electrodes over a muscle, which
allows the collection of spatial information
(figure 6-1A) (Blok et al., 2002b; Blok et al.,
2005a). For example, for each motor unit, the
corresponding motor unit potential (MUP)
at each electrode can be plotted separately,
resulting in a so-called MUP fingerprint (figure
6-1B). Because the amplitude of each signal
is determined by, amongst other factors, the
distance between the recording electrode and
the motor unit, the MUP amplitude differs

between electrodes. Furthermore, motor unit
fingerprints are determined to a large extent
by the spatial characteristics of the motor units
and can be very different from each other.
Summations of MUPs, as occur with transcutaneous electrical stimulation, can, therefore,
result in CMAPs that have very different waveforms and amplitudes even between electrodes
that are less than a centimetre apart (figures
6-2A and B). Please note, as these differences
occur in response to a single stimulus, they are
not due to differences in the activated axon
pool. The latter effect, i.e. that of alternation, is
illustrated by the variation in the submaximal
CMAPs in each of figures 6-2C and D.
The above implies that by performing statistical MUNE with multiple electrodes we can
isolate the effect on MUNE of MUP size
(differences between electrodes) from that of
alternation (differences per electrode). This
notion is the essential concept underlying the
present study: because the number of motor
units present and their alternation status in

Figure 6-1. (A) High-density electrode array containing 120 densely spaced electrodes as applied over the thenar muscles.
(B) Motor unit potential spatiotemporal profile (“fingerprint”) as recorded with the high-density array in response to a
single, low-intensity stimulus that activated only the lowest threshold motor unit. All 120 responses were recorded simultaneously and are shown at the position that corresponds to the recording electrode’s position in the grid. Differences
between the 120 signals are caused by differences in distance and tissue composition between each of these electrodes
and the motor unit.
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Figure 6-2. (A and B) Thenar CMAPs recorded from nearly adjacent electrodes R3C6 and R5C6 (the electrodes in
the third and fifth row of the sixth column in the array, with 8 mm heart-to-heart distance) in response to a single
submaximal stimulus at the wrist. (C and D) Recordings of responses from the same two electrodes, elicited by a series of
300 fixed-intensity stimuli. Differences within each plot result from alternation, differences between the plots are caused
by spatial differences between contributing motor unit potentials.

response to a particular stimulus are identical
for all electrodes, any remaining variability
between electrodes has to be due to changes
in summed MUP size with position (including
phase cancellation effects, but disregarding
unavoidable effects of noise). Finally, in our
previous study we found unphysiologically
high binomial MUNEs (up to 10.000) in
approximately 10% of the performed runs
(Blok et al., 2005b). We use the results from
the present study to provide an explanation for
these extremely high values.

Methods
Subjects
The experiments were performed on the
thenar muscle group of the non-dominant
hand of 15 healthy subjects (eight men, seven
women) aged 23–43 years (mean, 30) with no
history of neuromuscular disease. All subjects

gave their written informed consent. The
experimental protocol was approved by the
ethics committee of the Radboud University
Nijmegen Medical Centre.
High-density surface EMG recordings and
MUNE
For all recordings, we applied an array of
densely spaced electrodes (see figure 3-2). After
application of the electrodes, we performed
MPS MUNE according to the data acquisition and analysis protocol described in detail
in chapter 3 (van Dijk et al., 2008a). Because
the analysis is not fully automated, its results
may depend on the investigator. To minimize
subjectivity, the collected data were analysed
independently by three trained investigators,
and the resulting MUNE values were averaged.
High-density statistical MUNE was
performed immediately after completion of
the MPS protocol, leaving the electrode array
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in place and stimulating the median nerve at
the wrist. Four runs of tests were performed
at stimulus intensities that evoked responses
around 10%, 30%, 50%, and 70% of the
maximum CMAP. Each run consisted of 300
stimuli; stimulus frequency was 2 Hz.
Data analysis was performed in two ways:
to enable direct comparison of statistical
MUNEs with MPS MUNE, and to assess the
effect of non-uniform MUP size. To be able to
compare the MUNEs, we first reconstructed
a conventional-electrode signal from multiple
electrodes, because statistical MUNEs are
commonly recorded with just a single surface
electrode over the muscle belly. For this
purpose, we averaged the signals recorded with
the 8×3 electrodes in the array that covered
the area where the supramaximally evoked
CMAP was maximal. The resulting signal is
nearly identical to the signal that could have
been recorded with a single 1x3 cm rectangular
electrode in the same position as was shown
in chapter 4. It can, therefore, be used for
the evaluation of statistical MUNEs as they
would conventionally be recorded. Thus, at
the completion of this analysis step, we had
four series of 300 single-channel surface EMG
responses, and a single-channel maximum
CMAP.
Next, the areas of the 300 recorded
CMAPs in each run were used for further analysis. These area data were first assessed visually
for the presence of motion artefacts, drifts
of more than a few percent of the maximum
CMAP, or spread (Henderson et al., 2003). If
any of these were present in a run, the affected
part of this run was excluded from further
analysis. When this procedure left less than
six complete series of 30 consecutive samples
(see below), the entire run was discarded. The
Poisson MUNE was calculated using only the
data within a 10% centred window, discarding
amplitudes that deviated by more than 5% of
the maximum CMAP in either direction from
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the mean of the 300 amplitudes. For the binomial MUNE, no windows were applied and
all data were included in the MUNE calculation. Next, as in the conventional Poisson
method, data were subdivided into series of 30
consecutive responses. In this way, for each of
these series, a binomial and a Poisson MUNE
value was determined. This procedure reduces
the effect of a slight drift in the recorded
CMAP sizes compared to analyzing all 300
responses together. For each of the series,
the mean response size mean(As) was determined together with the variance var(As). The
resulting Poisson-based MUNE Np was then
determined from
Np

CMAPmax [mean(As ) min( As )]
var( As )

(6-1)

with CMAPmax the response of the muscle
to supramaximal stimulation and min(As)
the smallest observed CMAP in the series of
responses (Daube, 1988). The binomial-based
MUNE Nb was calculated as (Blok et al.,
2005b)
Nb

[CMAPmax

mean(As )] mean(As )
var( As )

(6-2)

The MUNE of a particular run was taken to be
the median of the resulting ten MUNE values
(for Poisson analysis, the windowing occasionally resulted in eight or nine rather than ten
values). The final statistical MUNE value was
obtained by taking the median over the four
runs.
Finally, we determined Pearson’s correlation coefficient (and its significance) between
the MPS MUNE and each of the two statistical MUNEs, as well as between the Poisson
and binomial MUNEs. We also derived the
correlations between the three MUNE values
and the maximum CMAP values. All statistical
analyses were performed with SPSS (version
15.0; SPSS Inc, Chicago, IL), all other calcula-
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tions in Matlab (Release 2008b).

in each of the 15 subjects). The CoV of the
MUNE values should be close to zero if the
assumption that MUP size does not influence
statistical MUNE is valid.

Effect of non-uniform MUP size
To be able to assess the effect of non-uniform
MUP size on the statistical MUNEs, the above
data analysis procedures for statistical MUNE,
starting from the extraction of CMAP area,
were performed for each of the electrodes
separately. Thus, for each subject, we obtained
sets of Poisson and binomial MUNE values
for each electrode in each of the four runs.
These were stored together with the values for
the maximum CMAP, and mean, minimum
and variance of the area values from each electrode, which together determine the MUNE
value per electrode through equations 6-1 and
6-2. Because the results may be less reliable
for electrodes that record smaller signals, due
to interfering effects of noise, we decided to
confine the final analysis to the data from the
same 3 × 8=24 electrodes that were previously
used to determine the conventional-electrode
signal. Using the data from these 24 electrodes,
we derived the coefficient of variation (CoV,
defined as standard deviation over the 24 values
divided by their mean) for the Poisson and
binomial MUNEs, as well as for the maximum
CMAP, and mean, minimum and variance of
the area values. Because the MUNEs were
derived per series of 30 responses, so were the
CoV values. These were subsequently averaged
to obtain a single CoV per run (up to four
1500
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High-density MPS MUNEs were based on
an average of 26 MUPs (range, 15-36) for
mean MUP calculation. Averaged over the
15 subjects, MPS MUNE was 343 (range,
207-566). Mean Poisson MUNE was 103
(range, 66-164) and the median of the (not
normally distributed) binomial MUNEs was
412 (range, 127-1470). From the 60 recorded
runs, three (from three different individuals)
were deleted because of too many artefacts,
leaving 57 runs for further analysis. The variability (CoV) in the MPS MUNE values
obtained by the three trained investigators was
8.7% of the mean MUNE value.
The correlation between the MPS method
on the one hand and both statistical methods
on the other was not statistically significant
(p>0.7) (figure 6-3A and B). Not surprisingly, the correlation between the two statistical MUNEs, which are based on the same
sets of data (mean, variance, etc.), was good
(r=0.88, p<0.001; figure 6-3C). There was no
statistically significant correlation between
the maximum CMAP and any of the MUNE
methods (p>0.4).
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Figure 6-3. High-density MPS MUNE is not correlated with Poisson (A) nor with binomial (B) statistical MUNE. (C)
The two statistical MUNEs are strongly related (r=0.88).
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Although physiologically there is only one
“true” number of motor units in a muscle, the
MUNEs varied over the array of electrodes
(figure 6-4). These differences can be very
large, even between adjacent electrodes. As
an example, figure 6-5 shows the area values
obtained from the single run of 300 stimuli
that elicited the signals in figure 6-2. The data
in figure 6-5A and B were recorded with the
nearly adjacent electrodes R3C6 and R5C6,
that is, the electrodes in the third and fifth row,
respectively, of the sixth column in the array,
with 8 mm heart-to-heart distance. Both sets
of 300 responses were subsequently split into
9 subsets of 30 responses each (a few responses
were lost because of the applied window; thereA. Maximum CMAP S14

C. Poisson MUNE S14

E. Binomial MUNE S14

32
25
19
13
7
0

105
92
78
64
51
37

306
257
207
158
109
60

fore, only 9 complete series could be formed).
Figure 6-5C shows the resulting Poisson
MUNE values obtained from each of these
series. The table on the lower right of the figure
provides the relevant quantitative data, derived
from the full set of 300 responses (rather than
the series) for ease of presentation.
Further quantification of this variability
was made through the CoV values obtained
from the 57 runs over the 24 electrodes (one
value per run for each of the six variables, from
equations 6-1 and 6-2, shown in figure 6-6AF). Each histogram provides an impression of
the variability over the array for all the recordings together. The mean CoV of the maximum
CMAP (figure 6-6C), of the mean response
B. Maximum CMAP S15

D. Poisson MUNE S15

F. Binomial MUNE S15

33
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69
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Figure 6-4. Spatial variability (each square represents the value for an electrode in the 8 x15 array) in maximum CMAP
(top, in mVms), Poisson MUNE (middle) and binomial MUNE (bottom) for two subjects. The rectangles encompass
the 24 electrodes that were used for constructing large-electrode signals and the MUNE calculation.
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Figure 6-5. Top: CMAP sizes from nearly adjacent electrodes R3C6 and R5C6 (8 mm apart) in a single run in Subject 15
(same data as in figure 6-2). The spatial/size differences between contributing motor units result in different signal areas.
Bottom left: resulting Poisson MUNEs per series of 30 responses for both electrodes. Bottom right (table): characteristics
of the two response distributions. Values derived from the full data set of 300 stimuli (no subdivision in series).
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Figure 6-6. Coefficients of variation (CoV), indicating the variation over the electrode array of the Poisson MUNE (A),
binomial MUNE (B), maximum CMAP (C), mean value of the recorded responses in a run (D), minimum value (E) and
standard deviation (SD) (F). Pooled results for the 57 runs (three to four from each of the 15 subjects).
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size (figure 6-6D), and of the minimum
response size (figure 6-6E) were all 0.18. This
value is smaller compared to the CoV of the
standard deviation (i.e., the square root of
the variance), which represents the variation
in the “bandwidth” over the array and was
0.22 when averaged over the 57 runs (figure
6-6F). Furthermore, whereas the mean and
minimum response size appear to vary proportionally with the maximum CMAP, the variance does not (figure 6-5). Our data suggest
that this is the prime cause of the variability
in the statistical MUNEs (figures 6-4, 6-6A,
and 6-6B), with mean CoV’s of 0.19 for the
Poisson MUNE and 0.29 for the binomial
MUNE.

Discussion
The most surprising finding of the present
study is the absence of a correlation between
the MPS MUNE and the statistical MUNEs.
By itself, each MUNE method yields values
that agree with previously published data for
healthy subjects (Lomen-Hoerth and Olney,
2000; Miller et al., 2004; Blok et al., 2005b;
van Dijk et al., 2008a). Because the two
approaches were applied in a single session,
with the array left in place and using the
same maximal CMAP recordings for MUNE
estimation, any physiological variation in
the number of motor units present can be
discarded as potential source of the poor
correlation. Thus, our results indicate that the
MPS and statistical MUNE techniques derive
completely different, uncorrelated MUNEs
from the same healthy muscle. The one other
study that performed Poisson statistical and
MPS MUNEs in the same subjects has, by
combining data from 20 ALS patients and 10
healthy subjects, found a modest but statistically significant correlation of r=0.55 (LomenHoerth and Olney, 2000). Unfortunately, this
study did not present a one-to-one comparison
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of the MUNE data, but we expect that this
correlation is a direct consequence of the wider
range of motor unit numbers present because
of the inclusion of ALS patients.
In theory, lack of agreement between the
two approaches may be due to either of them.
Only comparison with a golden standard technique would make it possible to truly assess
the validity of the various MUNE methods.
Such a standard is still lacking, but we consider
high-density MPS MUNE an acceptable
proxy for several reasons. Most importantly,
it is essentially the same technique as singlechannel MPS MUNE, but with higher power.
The main property of MPS MUNE is that it
remains very close to physiology, as a sample of
single MUPs is averaged and divided into the
maximal CMAP. The all-or-none nature of the
MUP confirms the presence of the contribution of a single motor unit. For these reasons,
MPS seems to be gaining recognition as the
MUNE method of choice for distal muscles.
High-density recordings increase the power of
MPS MUNE in three ways. First, the contribution of single motor units can be determined with greater reliability through their
fingerprints. Second, on average we obtained
26 of these responses, i.e., a fairly large sample
of MUPs which reduces the effect of selection bias (chapter 5). Third, high-density
MPS MUNE yields an inherent check on the
precision of the results through the spatial
variability in the MUNE over the electrodes
in the array (Blok et al., 2005a; van Dijk et
al., 2008a). Basically, high-density recordings
reduce the chances of error creeping into the
analyses, and hence increase the reliability of
MPS MUNE.
Despite the abovementioned advantages,
both single-channel and high-density MPS
MUNEs are sensitive to the properties of the
MUPs that are included in the mean MUP
calculation. Inclusion or exclusion of the
smallest potentials can significantly influence
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the MUNE, as does the occasional registration
of a large potential (chapter 5) (van Dijk et al.,
2008b). The differences in MUNE caused by
different raters of a single session tend to be of
the same order of magnitude as those between
sessions. Although these differences can be
significant and amount to approximately 20%
of the resulting MUNE, they remain small
compared to the discrepancy between MPS
MUNE and statistical MUNE. This is illustrated by the fact that use of the “best fitting”
one of the three MPS MUNE values obtained
by our three raters (rather than the mean of
the three values) did not significantly affect
the correlations between MPS MUNE and the
statistical MUNEs.
Previous work on the methodological issues
surrounding the statistical MUNE method
has already indicated that statistical MUNEs
are determined by other factors than the
total number of motor units present. Various
methods of limiting the data by means of
so-called windows were used in order to apply
some control over the variance of the response
sizes, hence stabilizing the outcome (Olney et
al., 2000; Lomen-Hoerth and Olney, 2001;
Henderson et al., 2003; Miller et al., 2004).
Similarly, by weighted averaging of the results
over the runs, a further reduction in variability
can be obtained (Shefner et al., 2007). These
approaches succeed in reducing intersubject
variability and improving reproducibility, that
is, in increasing the precision of the method.
However, the second part of our study suggests
they do so at the cost of reducing accuracy. We
found that statistical MUNEs depend strongly
on the degree with which the underlying
assumptions are met. Figures 6-2 and 6-5 illustrate that fairly small changes in MUP area,
which occur over a distance of as little as 8
mm, can result in MUNE values that differ by
30% (Poisson) or 61% (binomial). Figure 6-6
shows that these examples are not exceptional.
With CoV’s up to 0.5, MUNEs may vary by

more than 300% (mean plus one standard
deviation compared to mean minus one
standard deviation) over the 3 cm2 spanned by
the large electrode. This implies that to a large
extent, spatiotemporal differences between
MUPs determine the derived MUNE. These
differences arise both from a MUP’s size distribution over the array, and from differences in
the effect of the summations of these MUPs
with respect to phase cancellation. In other
words, we have demonstrated that a normal,
physiological variation in MUP size results in
significant MUNE variability.
In the existing literature, we have found
only a single indication of the effect of MUP
size on statistical MUNE. Upon modelling the
differences in the size of MUPs up to 100%,
Daube mentions to have found an effect on
estimated unit size (and hence MUNE) of
up to 20% (Daube, 2003). Considering that
MUP areas in surface EMG recordings of
normal subjects range from below 25 μVms
to well over 250 μVms (Doherty and Brown,
1993; van Dijk et al., 2008a), the normal physiological range of MUP sizes spans at least a
factor of 10 rather than 2 (=100%). Assuming
that Daube’s findings can be linearly extrapolated, this scale factor of 10 would imply that
a physiological range of MUP sizes can affect
statistical MUNE by at least 200%. This value
agrees with our present results. Consequently,
“mixing in” a few relatively large or small motor
units in the pool of alternating motor units, by
slightly modifying the stimulus intensity used,
can result in very different MUNE values.
It is mostly the bandwidth of the
response series at a particular stimulus intensity (expressed as the variance used in equations 6-1 and 6-2) that is responsible for
these differences in MUNE (figures 6-5 and
6-6). The maximum CMAP, mean response,
and minimum response sizes tend to vary
in unison. For example, the right column in
the table in figure 6-5 shows that these three
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variables change by similar percentages from
electrode R3C6 to electrode R5C6. This is
quite understandable, since a reduction in the
maximum CMAP by a certain factor implies
that, on average, all the contributing MUPs
will decrease by the same factor. This consistent
behaviour is confirmed by the fact that the
three measures (maximum CMAP, mean and
minimum) have identical mean CoVs of 0.18.
In theory, the standard deviation would be
expected to change with a similar percentage
as the maximum CMAP, i.e. also yield a ratio
of 0.87 between the two sites. Since the variance equals the square of the standard deviation, this would imply an expected ratio of
approximately 0.87×0.87=0.75 for the variance ratio in the table presented in figure 6-5.
However, the change in the variance is much
larger (1.21), which leaves this factor as the
main cause of the unequal MUNEs between
the electrodes. Indeed, in this case (which was
not exceptional), it can be seen that the variance is larger for the electrode with the smaller
maximum CMAP.
The bandwidth is only partly determined
by the total number of motor units. It is also
strongly influenced by the numbers and electrical sizes of the motor units that are alternating at this intensity. In turn, these are
determined by the exact configuration of the
stimulus electrode with respect to the nerve, the
fascicular build-up of this nerve, and the sizes
and stability of the motor units. Furthermore,
alternation itself is a random process, resulting
from fluctuations in the excitability of individual ion channels in the axonal membrane.
The net effect of these factors is that the variance of the recorded response size (and, hence,
the MUNE) has a large random component.
This is perhaps most clearly demonstrated by
figure 6-5C, which shows that the Poisson
statistical MUNE is highly sensitive to even
small changes in the composition of the series
of 30 responses used to calculate each MUNE.
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Within a single run, the MUNE values derived
from consecutive series vary by more than
100%, with the largest value being at least
twice as high as the smallest.
Especially for the binomial method, the
sensitivity to the variance in the recorded
responses can have disastrous effects. Figure
6-7 presents the complete set of recordings
from all four runs obtained from one subject.
The bandwidth is very small particularly at the
lowest two stimulus intensities (A and B), as
may happen, for example, for recordings at
so-called plateaus in the stimulus-response
curve (Henderson et al., 2006; Blok et al.,
2007). In these cases, the binomial MUNE
becomes unphysiologically high. The Poisson
MUNE is also relatively high, but the effect is
mathematically “damped” somewhat through
the inclusion of the minimum response size in
equation 6-1.
Because of the many factors that have
an effect on the variance in the sizes of the
recorded responses and because of the influence of this variance on the resulting statistical
MUNE, the relation between the MUNE and
the number of motor units will be blurred.
Our results suggest that in healthy subjects,
this blurring completely masks any underlying correlation. They also explain why the
modifications that have been proposed for
the purpose of reducing MUNE variability
actually work. Particularly those approaches
that select the data for further analysis using
windows directly influence the observed
variance. As stated before, this stabilizes the
MUNE, but inevitably does so at the cost of
MUNE accuracy.
Thus far, the statistical MUNE method has
mostly been employed in studies of ALS and
former poliomyelitis patients (Daube, 1988;
Aggarwal and Nicholson, 2002; Shefner et
al., 2004b; Sorenson et al., 2006; Shefner et
al., 2007). These studies have shown that he
Poisson MUNE method can demonstrate the
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Figure 6-7. Raw data (response areas as obtained with the constructed large electrode) for the four runs (A to D)
performed in one subject. The variance (bandwidth) of the recorded sizes is small for all runs, yet particularly so for the
first two (A and B). This results in unphysiologically high binomial MUNEs. Corresponding Poisson MUNEs were 212,
252, 115, and 113.

decline in motor unit number associated with
neurogenic disorders quite convincingly at
the level of groups of patients. Our previous
simulation studies have already demonstrated
that for motor unit numbers below 50, the
accuracy of the Poisson method improves
(Blok et al., 2005b). It is not uncommon for
patients to have progressed to a stage when
there are fewer than 50 motor units left
before they enter a study. This may explain
why statistical MUNE in follow-up studies
has been able to show a consistent decline in
MUNE that corresponded to clinical scales.
However, in individual patients, the method
has been found lacking (Shefner et al., 2004b;
Shefner et al., 2007). The combination of
pathophysiological variability due to unstable
motor units and, possibly, changes in the
sizes of the MUPs as occur with reinnerva-

tion, influence the variance of the recorded
response distribution to such an extent that
any significant effect of the disease on MUNE
could not be demonstrated. Hence, Shefner
(2007) concluded that “the statistical method
is not an appropriate measure of motor unit
number in any disease associated with motor
unit instability”. Although the method still
deserves credit for its elegant concept, our
study indicates that it cannot derive a valid
motor unit number in healthy subjects either.
Furthermore, the underlying problem (sensitivity to non-uniform MUP size) is likely to
get worse rather than improve in conditions of
mild to moderate motor unit loss. We therefore believe it is safe to extrapolate our findings
and conclude that the method should also not
be used to establish early neurogenic changes.
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A model to evaluate changes in surface
EMG following collateral reinnervation

J.P. van Dijk, F.F.M. van Wamel, B.U. Kleine, A. Hamilton-Wright, D.F. Stegeman
submitted

Changes in surface EMG following collateral reinnervation

A

surface EMG model was constructed to study the effect of denervation and collateral reinnervation on surface EMG motor unit potentials (MUPs). A small muscle
(200 motor units) and a large muscle (500 motor units) were simulated. Denervation is
simulated by removing one motoneuron at a time leaving all its fibres orphaned. These
fibres could be reinnervated by a motor unit with a fibre adjacent to the orphaned
fibre. We studied the effect of omitting small MUPs on the motor unit number estimate (MUNE). After 50% motoneuron loss, almost no muscle fibre loss is visible. The
compound muscle action potential (CMAP) underestimated the amount of motor unit
loss by 25-70%. In contrast, MUNE showed no bias but has a variability that does not
substantially decrease until the majority of the motor units are lost. MUNEs of large
muscles are likely to contain a bias and underestimate the disease progression as very
small MUPs cannot be detected using most MUNE methodologies. Because no gold
standard is available, the model could be used to function as an alternative to compare
different MUNE techniques.

Introduction
The motor unit number estimate (MUNE)
is specifically of interest for monitoring
disease progression in diseases that affect the
α-motoneurons. By dividing the maximal
compound muscle action potential (CMAP)
by a mean motor unit potential (MUP),
an estimate of the number of motor units is
obtained. MUNE techniques differ essentially
in the way the mean MUP is determined.
Because the mean MUP depends on a limited
sample of single MUPs, the quotient of the
CMAP and mean MUP introduces an extra
variability compared to the relatively well
reproducible maximal CMAP. Variability of
MUNE is therefore one of the main reasons
for ongoing adaptations of the MUNE techniques in use and the introduction of new
MUNE techniques.
Validation of MUNE techniques is often
performed on patients with amyotrophic
lateral sclerosis (ALS), a progressive neurogenic disease with an average survival time
after diagnosis of two to three years. In ALS, a
fast loss of motor units is expected. Due to the

process of reinnervation, the maximal CMAP,
which is dominated by the number of muscle
fibres, is believed to underestimate the amount
of axonal loss. Previous studies have shown
that MUNE techniques are capable of tracking
the underlying disease process (Felice, 1997;
Arasaki et al., 2002; van Dijk et al., 2009).
A computer model could provide answers
on accuracy and limitations and may serve
as an alternative to a gold standard, which is
not available due to the fact that correlation
of MUNE with histological counts is almost
impossible. Only a few simulation studies
have been performed to compare MUNE
techniques and to determine accuracy or influence of certain methodological issues (Major
and Jones, 2005; Blok et al., 2005b; van Dijk
et al., 2008b). However, none of these models
is capable of studying MUNE under neurogenic conditions. We simulated an ongoing
process of denervation and reinnervation to
study the influence on MUNE and CMAP.
To monitor this neurogenic process in detail, a
realistic surface EMG model on a muscle fibre
level is required. In this study, we combined
an existing surface EMG model (Blok et al.,
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2002a) with a previously described motor unit
architecture model (Hamilton-Wright and
Stashuk, 2005).

are placed on the basis of a predefined fibre
density, and according to a developmentally
based model. As described earlier, this results
in a muscle fibre distribution that corresponds
to those derived experimentally (HamiltonWright and Stashuk, 2005). The inter-fibre
distance in the muscle is set to 50 μm, which
is about the average diameter of a muscle fibre.
Finally, all muscle fibres are assigned a diameter chosen from a Gaussian distribution for
each motor unit. The distributions are chosen
such that the average fibre diameter equals
55 μm with a standard deviation of 9 μm. To
incorporate the fact that type I fibres are related
to smaller motor units and have smaller fibre
diameters, the diameters increase with the size
of the motor unit as described in detail previously (Hamilton-Wright and Stashuk, 2005).
The model parameters are given in table 7-1.

Methods
Motor unit architecture
For the simulations, a cylindrically shaped
muscle and volume conductor are assumed
(figure 7-1). To determine the muscle layout,
i.e. position of motor units and distribution of
muscle fibres across the muscle cross section, as
well as the neuromuscular junction locations
along the fibres, a previously described model
was used (Hamilton-Wright and Stashuk,
2005). As a first step, the number of motor
units is specified. Using this value, the initial
muscle diameter is calculated, along with
motor unit territories, and their expected fibre
densities. Once the sizes of the motor units are
determined, layout is performed such that an
even coverage of motor units per muscle area
is achieved. Once the motor unit centres are
placed, each muscle fibre is assigned to a motor
unit using a fixed grid on which the fibres

Modelling motoneuron loss
As a motoneuron dies, it leaves the innervated
muscle fibres orphaned. Through collateral
reinnervation, other motor units can adopt
these muscle fibres. The distal twigs of the
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Figure 7-1. (A) Transverse view of the cylindrical volume conductor with the muscle fibres and five different motor
units, and the surface electrodes in radial direction. Different symbols indicate muscle fibres for the individual motor
units. The circles surrounding the muscle fibres show the motor unit territory. The grey area represents all muscle fibres
of the simulated muscle. (B) Longitudinal representation of the volume conductor indicating the different layers, muscle
(white), fat (dark grey), and skin (light grey). One muscle fibre and the motor endplate are shown within the muscle
layer. For the small muscle a=1, b=1.1, and c=1.3 cm; for the large muscle a=3.2, b=3.6, and c=3.7 cm. See table 7-1 and
7-2 for other model parameters.
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Table 7-1. Muscle architecture parameters.

Parameter

Small muscle

Large muscle

Number of motor units

200

500

Min. diameter (cm)

2

4

Max. diameter (cm)

8

10

10

10

Muscle fibre density (mm )
2

axon connect to the orphaned muscle fibre.
Collateral reinnervation is believed to be
restricted within a fascicle and is limited in
length (Kugelberg et al., 1970). To simulate
the reinnervation process, we choose to remove
motoneurons one-by-one, which is similar as
was presented in a previous model (Stalberg
and Karlsson, 2001). Reinnervation was only
allowed by motoneurons with a muscle fibre
direct next to the orphaned fibre and within
the same fascicle (10×10 fibres). Hence, there
are up to eight possible candidates surrounding
an orphaned fibre in the microscopic structure
as presented in figure 7-2. Upon reinnervation, the endplate position of the orphaned
fibre was changed and set to the same position
as the “parent” fibre. In addition, the chance
of successful reinnervation was set to be either
100% or 80%, the latter to mimic faster fibre
loss. If a muscle fibre had just been reinnervated, this fibre was not considered a valid
candidate for the reinnervation procedure
until a more or less arbitrarily chosen number
of 10 subsequent motoneurons were removed.
This restriction was incorporated to represent
maturation of the axonal sprouts and the time
needed for a stable connection between nerve
ending and muscle fibre.
Orphaned muscle fibres that are reinnervated may change their physiologic type
adapting to the reinnervating motoneuron.
This results in fibre type grouping which is a
well-known histological characteristic of reinnervation. To validate the model we visually
assessed fibre type grouping, as can be seen in

ATPase stained muscle biopsies. Therefore, we
assigned half of the muscle fibres to be of type
I and visualized part of the muscle similar to
ATPase stained biopsies (figure 7-2). Normal
muscles show a “checkerboard” pattern
reflecting the overlapping motor unit territories.
Surface EMG
The fibre information that is provided by the
architecture model is used as an input for
an analytical three-layer volume conduction
model (ANVOLCON). The details on the
ANVOLCON model have been described
previously (Blok et al., 2002a). In short, the
model comprises a finite volume conductor
with three layers of tissue: muscle, subcutaneous fat, and skin (figure 7-1B). The model
calculates the action potential on the surface of
the skin layer that results from a bioelectrical
source at some depth within the muscle tissue
layer. The source moves bi-directionally away
from the motor endplate towards the tendons
at a given muscle fibre conduction velocity. As
source function, we used the second derivative of the intracellular action potential as
proposed by Rosenfalck (Rosenfalck, 1969).
At the tendons, the potential extinguishes
resulting in a so-called end-effect (Stegeman
et al., 1997). Potentials are calculated with
respect to a reference at the end of the volume
conductor on the opposite site.
The potential distribution was calculated
for half the cylinder. In the ANVOLCON
model, the radial position is constant and only
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Figure 7-2. Part of the muscle (2×2 mm) is shown with type I (light grey) and type II fibres (dark grey). A “checkerboard”
pattern is visible illustrating distributed fibre types throughout the muscle. Fascicles are simulated as square boxes of
10x10 fibres.

the depth of the muscle fibres can be varied.
Therefore, for each muscle fibre, the potential
distribution is spatially rotated to obtain the
potential distribution that belongs to the fibre
at the specific position within the muscle. The
depth was varied in 48 and 63 steps for the
small and large muscle respectively. The step
size was increased with increasing distance
(1/r) to ascertain that the error in amplitude
of the single fibre action potential is about
equal for all depths. In this way, for the small
muscle, resolution varied from 50 μm for the
most superficial muscle fibres, which corresponds with the resolution of the architecture
model, to 1 mm at a depth of 1.3 cm. For
the large muscle, resolution decreased with
depth from 70 μm to 1 mm at a depth of 1.8
cm after which the resolution was kept at 1
mm. As the temporal sample rate used in the
ANVOLCON model depends on the fibre
length, the potential distributions are resampled to a standard sample rate of 5120 Hz. We
introduced two different skin conductivities
because this parameter influences the amplitude of the MUPs significantly and different

96

values are reported in literature (Gabriel et
al., 1996; Roeleveld et al., 1997a). A highly
conductive layer (σ=1 S/m) and a resistive layer
(σ=4.3×10-4 S/m) were chosen representing the
two ends of the spectrum of published values
(van Dijk et al., 2009a). See table 7-2 for an
overview of the model parameters.
Muscle fibre conduction velocity (MFCV)
has been found to be linearly related to the
muscle fibre diameter (MFD) (Nandedkar
and Stalberg, 1983; Blijham et al., 2006). As
changing MFCV in the ANVOLCON model
results only in a change of the time axis, the
conduction velocity was set by interpolation in the time domain. MFD and MFCV
were related according to MFCV (m/s) =
0.05*MFD (μm) + 0.95. Although it is known
that the action potential amplitude depends
also on the diameter of the muscle fibre and
the MFCV, the effect of diameter is believed
to be counteracted by the effect of the MFCV
(Nandedkar and Stalberg, 1983). Moreover,
because the intracellular single muscle fibre
potential duration changes in an unknown
way with MFCV, the exact relation between
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Table 7-2. Surface EMG parameters

Parameter

Small muscle

Large muscle

Cylinder length (cm)

10

20

Muscle radius(cm)

1

3.2

Subcutaneous fat layer thickness (cm)

0.1

0.4

Skin layer thickness (cm)

0.2

0.1

Axial conductivity muscle layer (S/m)

0.5

0.5

Radial conductivity muscle layer (S/m)

0.1

0.1

Conductivity subcutaneous layer (S/m)

0.05

0.05

Conductivity skin layer (S/m)

1 or 4.3×10-4

1 or 4.3×10-4

Fibre length ± SD (cm)

3.5 ± 0.15

13 ± 0.15

Muscle fibre conduction velocity (m/s)

4

4

Sample frequency (Hz)

5120

5120

amplitude and MFCV is unknown (Stegeman
and Linssen, 1992). Therefore, we did not
incorporate amplitude effects due to MFCV
or fibre diameter.
MUPs were calculated by the generally
accepted assumption that muscle fibre potentials algebraically summate to form an MUP.
This was performed for each MUP and the
resulting potential distributions were stored
for further processing. This way, for the small
muscle 200 motor units and for the large
muscle 500 motor units were created. To illustrate variability due to the muscle layout 10
different small muscles were created, with an
equal number of motor units and containing
between 22,371 and 33,603 muscle fibres.
Overall, the smallest motor unit contained
24 muscle fibres while the largest motor unit
included 421 muscle fibres (median=122).
The muscle diameter was 9.8 mm on average.
For the large muscle, we created one muscle
containing 166,875 muscle fibres and a diameter of 2.3 cm. The number of muscle fibres
varied from 129 to 641 (median=306) per
motor unit.

MUNE and CMAP simulations
First, we calculated the maximal CMAP by
summating all MUPs at different percentages
of motor unit loss. For this purpose, we calculated the surface EMG MUPs for a single large
electrode by averaging the potential values
underneath an area of 1×3 cm positioned
above the motor endplate zone (perpendicular to the muscle fibre direction) (chapter
4, (van Dijk et al., 2009a)). To simulate the
effect of onset differences, we incorporated
latency differences by assuming a mean axon
path from the site of “virtual stimulation” to
the motor endplate of 6 cm with an standard
deviation (SD) of 0.3 cm. Mean nerve conduction velocity was set at 45 m/s with an SD of 4
m/s. This resulted in a maximal latency difference between the fastest and the slowest MUP
of about 1 ms.
The number of motor units was estimated
by dividing the maximal CMAP by a mean
MUP on a sample-by-sample basis according
to equation 3-1. The mean MUP was obtained
by randomly drawing a sample of 20 motor
units from the population of “healthy motor
units”. As sample size mainly influences the
variability (Slawnych et al., 1997; van Dijk
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et al., 2008b), a fixed size was chosen. The
process was repeated 500 times to calculate
the variability in the MUNE. The complete
simulation was performed for all 11 muscles.
Next, we assumed that in practice it would
be impossible to record MUPs with a negative peak amplitude of less than 5 μV to 10
μV because of amplifier and electrode noise.
Therefore, for the large muscle, simulations
were repeated with these small MUPs excluded
from the sample (the sample size was kept 20).
Absolute variability is expressed as the calculated standard deviation (SD). The relative
variability is expressed as the coefficient of
variation (CoV) which equals the SD divided
by the mean value times 100%.

Results

Ampltiude (µV)

For validation, the potential distribution and
the temporal signals for a single large electrode above the endplate of three motor units
are shown in figure 7-3. The MUPs show a
simple biphasic shape, which is expected when
recorded in a monopolar manner above the
motor endplate zone (similar to a belly-tendon
montage). Figure 7-2 shows the distribution of type I and II muscle fibres. A normal
“checkerboard” pattern is visible. Upon motor
unit loss and reinnervation type grouping will
appear. Figure 7-4A and B show the results

after 10 to 90% of the motor units are lost
for the two different reinnervation procedures
for a small muscle (figure 7-4A for 100% and
7-4B for 80% chance of successful reinnervation). Visual inspection showed type grouping
becoming apparent after about 30-40% of all
motor units are lost for 100% successful reinnervation (figure 7-4A), whereas this is much
less clear in the 80% chance example (figure
7-4B).
Figure 7-5A shows the results for the
MUNE and CMAP with increasing motor
unit loss for the small muscles and the conductive skin. It is clear that CMAP underestimates
motor unit loss to a great extent even when the
chance of successful reinnervation is reduced
to 80%. As a consequence of the model properties, MUNE shows no bias but did show a
large variability. Variability in MUNE depends
on the sample size (which was fixed at 20) and
the distribution of MUP amplitudes, which
is influenced by e.g. the skin conductivity.
Although the absolute variability (expressed
as the standard deviation) decreases with
decreasing number of motor units, the relative variability, expressed as the CoV, remained
stable up to a large loss of motor units. For the
small muscle and the conductive skin, at baseline, CoV varied between 13-15% while for
the resistive skin CoV varied between 16-19%
(not shown). For the large muscle, at baseline,
50
0
−50
0

5

10

Figure 7-3. RMS map showing the spatial distribution of three motor unit action potentials. The smallest, largest, and
the motor unit on the far left as indicated in figure 7-1 were used (brighter colour corresponds with higher amplitudes).
The right figure shows the individual potentials from a single large electrode above the motor endplate.
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CoV was 19% for the conductive skin and
26% for the resistive skin. The change in the
distribution in MUP sizes, expressed in their
amplitudes as a function of motor unit loss for

one of the small muscles, is illustrated in figure
7-6. Although the mean MUP amplitude will
increase with increasing motor unit loss, the
distribution remained similar in shape (with

Figure 7-4. A small part of the muscle (2×2 mm) with type I and type II (darkest) fibres is shown at 10-90% motor unit
loss. Denervated fibres are coloured light grey. Results of motor unit denervation and reinnervation with 100% (A) and
80% (B) chance of successful reinnervation are depicted. A) Type grouping becomes apparent after about 40% of all
motor units are lost. B) Scattered muscle fibre atrophy is already visible at 20-30% motor unit loss and type grouping
is much less clear.
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Figure 7-5. A) Decrement of CMAP amplitude for 100% chance (solid line) and 80% chance (dash-dot line) of reinnervation against percent motor unit loss is shown for the small muscle. The motor unit number estimate (dashed line)
with standard deviation (light red area) illustrate the difference between the CMAP and MUNE. Note the CMAP axis
is on the right side of the figure. The ligth red variabillity surrounding the MUNE represents the calculated standard
deviation based on recurrent random selection of 20 MUPs. B) Reproducibility of MUNE expressed as the coefficient
of variation (CoV).
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relative more small than large MUPs) up to
about 80% motor unit loss, which explains the
almost constant MUNE CoV (figure 7-5B).
Experimentally, MUPs with a negative
peak amplitude smaller than 5-10 μV are
difficult or even impossible to obtain. These
small amplitude MUPs originate from deep
and small motor units. By omitting the small
MUPs with a negative peak amplitude of <5
μV from the sample, a bias of 10-17% was
introduced for the large muscle depending on
the skin conductivity (higher variability for
higher conductivity). Omitting MUPs with
a negative peak amplitude of <10 μV introduced a bias of 27-38%, again depending on
the skin conductivity. From figure 7-7 it can
64 µV

80
60

be deduced that, for the large muscle, disease
progression is underestimated substantially if
very small MUPs are not incorporated.

Discussion
A model was introduced to monitor surface
MUPs following an ongoing process of denervation and reinnervation. By modelling the
surface MUPs using a detailed muscle architecture model (Hamilton-Wright and Stashuk,
2005) and a three-layer volume conductor
model (Blok et al., 2002a), we were able to
model realistic surface MUPs on a muscle
fibre level. We choose the model parameters
based on available data from previous studies.
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Figure 7-6. Histogram of the MUP size distribution for a small muscle with a 100% chance of reinnervation for
increasing motor unit loss ranging from 10% - 90%. The mean MUP size amplitude is indicated above the histograms.
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Figure 7-7. Underestimation of MUNE when small MUPs (5 or 10 μV) are not included in the mean MUP. Because
the MUP amplitude is influenced among other factors by the conductivity of the skin layer (σ in S/m), two different
conductivities are shown. The bias at baseline varies between 10% and 38%.

As there are different reports on skin conductivity, and because this parameter influences
the EMG amplitude significantly, we choose
to calculate potentials assuming a resistive and
a conductive skin. Although other parameters,
like e.g. the thickness of the fat layer has an
influence as well, we selected one value. As the
variability in for instance CMAP reduction
due to differences in motor unit layout was
limited for the small muscles, we simulated
only one large muscle containing 500 motor
units
The process of collateral reinnervation,
as a result of motoneuron loss, was modelled
by allowing motor units with a fibre next to
the orphaned fibre to reinnervate if the fibre
was situated within the fascicle. This way
of reinnervation is similar to a previously
published model used for comparing needle
EMG parameters during neurogenic changes
(Stalberg and Karlsson, 2001). The process of
reinnervation showed typical type grouping,

which becomes apparent after about 30-40%
of the motor units are lost in case of the
100% successful reinnervation model. Slightly
reducing the chance of successful reinnervation in our model, resulted in widely spread
denervated muscle fibres and almost no fibre
type grouping. Although, there is little data
specific for ALS available in literature, this lack
of type grouping seems unphysiological. We
conclude that reducing the success rate of reinnervation does not represent the pathophysiology of motoneuron disease.
MUNE was determined by randomly
selecting a set of MUPs. Therefore, MUNE
showed no bias. However a relatively large
variability was present, which was similar to
published experimental results (Bromberg,
1993; Shefner, 2001; Boe et al., 2004; van
Dijk et al., 2008a). It has been argued that
with disease progression, MUNE measurements would improve as it would be easier
to obtain a representative set of single motor
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units (Felice, 1995; Shefner, 2001). Based on
the random selection as was used here, it seems
that this is not the case. Absolute variability
of the MUNE will decrease but the relative
variability, expressed as the CoV, will remain
constant until only a few motor units are left
(figure 7-5B). It may be questioned if any of
the MUNE techniques will in fact randomly
obtain a sample of single motor units. For
multiple point stimulation, it could be argued
that only a fraction of the motor units is accessible via transcutaneous electrical stimulation and that this might decrease variability.
However, variability will only decrease significantly when almost the same set of motor units
are obtained at each occasion invalidating the
above argument.
MUNE seems to underestimate motor unit
loss for larger muscles because deep (distant)
and small motor units have small MUPs and
are difficult to measure using surface EMG
(figure 7- 7). In this respect, it is important to
realize that, even for a superficial small muscle
as we used in our simulation, 50% of all the
motor units make up 85% of the maximal
CMAP amplitude, so the skewed distribution of MUP amplitudes hampers a reliable
MUNE assessment. The results on the two
skin conductivities showed that an underestimation of 10 to 38% is possible because very
small MUPs cannot be recorded using surface
EMG as the amplitude will drop beneath the
noise level, which is around 5 μV at best. We
conclude here that MUNE results from larger
muscles, such as the biceps brachii, should be
interpreted with care as they probably underestimate the number of motor units and,
therefore, the progression of motoneuron loss.
The results also confirm our previous simulation results that recognised the importance of
including small MUPs in the mean MUP (van

102

Dijk et al., 2008b).
The model we used has limitations that
need to be discussed. First, as an approximation, the muscle was chosen to be cylindrical
in shape and is positioned in a finite cylindrical volume conductor. Although this may
influence the results, we feel confident that
the surface MUPs are realistic. Second, in our
model we did not incorporate the effect of
muscle atrophy. Atrophic fibres are expected to
have smaller amplitudes and require less space
so that the muscle becomes smaller. These
effects will be more pronounced at the end
of the neurogenic process when only a small
number of fibres (and motor units) remain and
atrophy will be severe. Therefore, the results at
the final stage of motor unit loss should be
interpreted with care. Third, MUP amplitudes
depend on many factors such as skin conductivity and size of the subcutaneous fat layer.
By using two different skin conductivities, we
provided insight in its influence on MUNE
bias and variability. Finally, the procedure
of denervation and reinnervation may not
reflect the pathophysiology of motoneuron
diseases as ALS. Although animal experiments
have shown that the CMAP may not reduce
significantly when a large number of motoneurons is removed (Kugelberg et al., 1970), the
mechanism behind motoneuron death in ALS
is still unknown. However, it is clear that the
CMAP amplitude may not be the best marker
to monitor disease progression in ALS and
that MUNE provides a more accurate representation of the underlying pathophysiological
process although hampered by a larger variability.
In conclusion, a model is presented to
follow neurogenic changes in surface EMG
potentials on a muscle fibre level. Because of
the process of reinnervation, CMAP ampli-
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tude will underestimate the amount of motor
unit loss. MUNE has a large variability that
may limits its sensitivity. For larger muscles,
MUNE showed a bias underestimating the
number of motor units and the amount of
motor unit loss since small MUPs are impos-

sible to recognize in practice. Because no gold
standard is available for MUNE, our model
could be valuable for comparing different
MUNE methodologies and can help to differentiate between theoretical and technological
limitations of MUNE.
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Monitoring disease progression
using high-density motor unit
number estimation in ALS

J.P. van Dijk, H.J. Schelhaas, I.N. van Schaik, H.M.H.A. Janssen,
D.F. Stegeman, M.J. Zwarts
Muscle and Nerve 2010; in press

Monitoring disease progression in ALS

I

n amyotrophic lateral sclerosis (ALS), progressive motor neuron loss causes severe
weakness and results in death in 3-4 years. As lower motor neuron loss is compensated for by collateral reinnervation, force measurements and other clinical measures
may underestimate the underlying pathology and thus a more direct marker that reflects lower motor neuron loss is required. In this study, we evaluated the potential of
high-density motor unit number estimation (MUNE), as compared to an ALS functional rating scale (ALSFRS) and maximal CMAP, for monitoring and classifying disease progression in patients with ALS. High-density MUNE in the thenar muscles was
determined in 18 ALS patients and 26 healthy controls. Patients were seen at baseline,
within 2 weeks (to assess MUNE reproducibility), and after 4 and 8 months. ALSFRS
was scored and muscle strength tests were performed. MUNE showed a good reproducibility (ICC=0.86, median CoV= 13.7%). MUNE decreased significantly more than
ALSFRS, MRC scale, and CMAP. Patients could be stratified into groups with rapidly
or slowly progressive disease based on the decrease in MUNE at 4 months from baseline; ALSFRS score at 8 months was significantly lower in the rapidly progressive group
than in slowly progressive group. In conclusion, MUNE is a more sensitive marker of
motor neuron loss than other clinical measures of disease progression in early ALS.
Stratification of patients into groups with rapidly or slowly progressive disease based on
a decrease in MUNE seems feasible.

Introduction
In amyotrophic lateral sclerosis (ALS), the
loss of lower and upper motor neurons leads
to muscle weakness and ultimately to death
within 3 to 4 years of the onset of symptoms
(range 0-10+ Years). Over the past years,
several agents have become available that
might slow disease progression (Traynor et
al., 2006; Schoenfeld and Cudkowicz, 2008).
These agents should be tested in clinical trials;
however, the limited number of ALS patients
and resources are a challenge to trial design
(Schoenfeld and Cudkowicz, 2008; Gordon et
al., 2008). So far, except for the modest effect
of riluzole (Bensimon et al., 1994), studies
have reported negative results (Aggarwal and
Cudkowicz, 2008). It has been argued that
the importance of dosage selection has been
underestimated and may have been responsible
for some of the negative trial results. Therefore,
more sensitive outcome measures are required
to detect disease progression earlier and more

precisely (Beghi et al., 2008; Turner et al.,
2009). As lower motor neuron loss is masked
by collateral reinnervation, force measurements and other clinical evaluations may lag
behind the underlying pathology. Therefore, it
is important to develop a marker that reflects
lower motor neuron loss more directly. Such a
marker would be especially valuable in phase
II clinical trials, because these trials are in need
of a sensitive efficacy outcome measure early in
the disease course (Schoenfeld and Cudkowicz,
2008). Moreover, a marker that can distinguish
between rapidly and slowly progressive disease
might increase statistical power and hence
decrease the number of patients required in
these trials (Shefner, 2001).
At present, the most direct way to monitor
lower motor neuron loss is by motor unit
number estimation (MUNE) techniques.
The number of motor units can be derived
from the quotient of the maximal CMAP
and the mean motor unit potential (MUP).
If the mean MUP taken from a sample of

109

8

Chapter 8

single MUPs is representative, the quotient
is an unbiased estimate of the true number of
motor units in that muscle. However, MUNE
techniques are hampered by subjectivity and
variability. The original increment counting
technique (ICT) (McComas et al., 1971a)
has a number of limitations, such as, alternation of motor units, the inability to recognize
small motor units, and the small sample size.
Alternation occurs on electrical stimulation
of the nerve as multiple motor units have a
chance of firing between 0-1 at a certain stimulus intensity. This results in combinations
of motor units being active in an alternating
manner. In chapter 3, we introduced MUNE
using high-density surface EMG (Blok et al.,
2005a; van Dijk et al., 2008a). Based on the
three-dimensional profiles of the individual
MUPs, alternating motor units can be recognized and a large number of MUPs can be
obtained. Moreover, small MUPs are more
easily recognized because the optimal position
to record the MUP is always covered by the
electrode array. In addition, inclusion of the
small MUPs may be beneficial for monitoring
disease progression and does not significantly
increase variability (chapter 5, van Dijk et al.,
2008b).
Previous research has shown that the
number of motor units may decrease faster
than force measurements or other clinical
outcomes in patients with ALS and thus may
be a promising marker to monitor disease
progression (Felice, 1997; Arasaki et al., 2002).
In this longitudinal study, we followed up 18
ALS patients over 8 months to determine the
relation between high-density MUNE and
disease progression, evaluated by measuring
muscle strength and function; the latter was
measured with the ALSFRS. We compared
baseline values with those of 26 age-matched
healthy subjects and investigated the reproducibility of MUNE in the 18 patients with ALS.
Furthermore, we tested whether changes in
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high-density MUNE could be used to distinguish between patients with rapidly and slowly
progressive disease.

Methods
Patients and subjects
Eighteen patients diagnosed with definite or
probable-laboratory-supported ALS, according
to the El Escorial criteria, were included in
the study. For baseline comparison, 26 agematched healthy subjects were asked to participate in the study as well. Patients and healthy
subjects had no history of any neuromuscular
disorder. Carpal tunnel syndrome was excluded
by a questionnaire; if necessary, nerve conduction was measured according to a standard
protocol. Most, but not all, patients were on
riluzole during the entire study. The study was
approved by the medical ethics committee of
the Radboud University Nijmegen Medical
Centre. All patients and healthy subjects gave
their written informed consent.
Electrophysiological measures
The number of motor units was estimated
using the method described in detail in
chapter 3 (van Dijk et al., 2008a). This technique can be considered a mixture of the
adapted multiple point stimulation (aMPS)
technique (Wang and Delwaide, 1995) and
the original ICT (McComas et al., 1971a).
With this non-invasive technique, it is possible
to acquire a large sample of single motor unit
potentials (MUPs) using both temporal and
spatial information. To record spatiotemporal
MUPs, a flexible high-density electrode grid of
8×15 Ag-AgCl electrodes with an inter-electrode distance of 4 mm (Lapatki et al., 2004)
was placed over the thenar muscle (figure 3-2).
The reference electrode was placed on the first
metacarpophalangeal joint of the fifth digit.
The grid was attached to a 130 channel amplifier (ActiveOne, Biosemi, Amsterdam, The
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Netherlands) for amplification and digitalisation (band-pass filtered 0.16-400 Hz, sample
rate 2048 Hz). The median nerve was stimulated using a computer-controlled constant
current stimulator with square pulses of 100
µs. MUNE was calculated by dividing the
maximal CMAP by the mean MUP (see for
details chapter 3). The CMAP negative peak
amplitude of a large single electrode equivalent
(1×3cm, see chapter 4) is also reported, determined from the high-density CMAP by averaging (3×8 electrodes) (van Dijk et al., 2009).
Muscle strength and functional assessment
Muscle strength was measured according to
the Medical Research Council (MRC) scale.
An experienced neurologist bilaterally graded
(range 0-5) shoulder abduction, elbow flexion
and extension, wrist flexion and extension,
and thumb and fifth finger abduction. The
MRCsumscore was calculated by summing
all fourteen MRC grades (max. 70). Thenar
pinch force (MVTP) and functional hand
grip (MVFG) were measured, using a Martin
Vigori-meter (Merkies et al., 2000a). For
thenar pinch force, the middle-sized ball of
the Martin Vigori-meter was placed between
the third and fifth finger and the thumb was
pressed without the use of the index finger.
The best of three scores was used. The ALSFRS
(range 0-40) was used to score activities of
daily living (Cedarbaum and Stambler, 1997).
Study protocol
The patients with ALS were followed up for 8
months. Muscle strength, function (measured
with ALSFRS), and the MUNE and CMAP
(on the least affected side) were determined at
baseline, 4 and 8 months. The same operator
assessed the reproducibility of MUNE during
a separate session (on a different day) within
2 weeks after baseline and without knowledge
of the MUNE results on the first visit. All
patients were thus seen 4 times.

Statistics
Differences between healthy controls and
patients were tested using Mann-Whitney U
test. Differences between follow-up values
were compared using the Wilcoxcon-signed
rank test. Reproducibility was tested using
coefficient of variation (CoV) and the intraclass correlation coefficient (ICC). For
survival analysis, Kaplan-Meijer with log-rank
Matel-Cox hypothesis test was used. Results
were considered significant at p<0.05. All data
were analysed using SPSS software release
16.02.

Results
Patients and subjects
The patient group consisted of 11 men and 7
women. Their median age was 64 years (range
21-77) and their median duration of symptoms at baseline was 1.7 years (range 0.8-5.5
years). Of the healthy controls, 15 were male
and 11 were female; their median age was 61
years (range 23-78), which was not significantly different from that of the patients.
Baseline results
The mean ALSFRS score at baseline was 34.8
(range 28-39 with a maximum of 40) and the
mean MRCsumscore was 62.3 (range 49-69
with a maximum of 70). The mean (±SD)
MUNE was significantly lower in the patients
with ALS than in the controls (patients 158
±103 versus controls 256±85; p=0.001). The
baseline MUNE for the patients was taken as
the mean between test and retest. On average,
23 single MUPs (range 9-44) were used for
one MUNE measurement. MUNE reproducibility was assessed within 2 weeks in 17 ALS
patients; one patient was unable to relax his
hand muscles sufficiently to allow valid MUNE
measurements. MUNE reproducibility was
good with an ICC=0.86 and a median CoV
of 13.7% (figure 8-1). No significant differ-
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ence was found between test-retest values for
MUNE or CMAP amplitude. The reproducibility was similar in patients and controls (the
latter was determined previously; ICC=0.88,
mean CoV=15%, see chapter 3).

Follow-up results
All variables, except for the thenar pinch
strength test (MVTP), declined significantly over 4 months. Over 8 months, the
MUNE decreased the most (49%) of all variables measured (figure 8-2). Moreover, the

Figure 8-1. Reproducibility of measurements in the patient group obtained on two different days. (A) Retest results were
obtained within 2 weeks after baseline (ICC=0.86, median CoV=13.7%). (B) Bland-Altman plot with 95% upper and
lower limit of agreement as dotted lines.

Figure 8-2. Percent change in motor unit number estimate (MUNE), Martin Vigori thenar pinch (MVTP), compound
muscle action potential (CMAP), Martin Vigori functional grip strength (MVFG), ALS functional rating scale (ALSFRS),
and MRCsumscore at 4 and 8 months after baseline. Values were normalized to baseline.
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(4.7)
32.3
4 months

(87)

(2.0)

(7.3)

62.3
(25.8)
78.9

(6.8)

MRCsumscore
MVFG (kPa)

(13.5)

MVTP (kPa)

29.0
(1.5)
5.9

CMAP (mV)

157
(3.7)
34.8

(100)
MUNE
ALSFRS

Baseline

Table 8-1. Mean values and variability as standard deviation (SD) for different variables. The percentage change is calculated with respect to baseline.
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MUNE decreased significantly more than the
CMAP (p=0.02). At 4 months, the decrease
in MUNE was already significantly different
from the decrease in ALSFRS score (p=0.039).
Although MUNEs showed more variability
than ALSFRS scores at 4 months (CoV=1.43),
this variability had decreased significantly at 8
months (CoV=0.6). The change in MUNEs
for each patient is shown in figure 8-3. Other
variables also showed large variability that
decreased over time (table 8-1).
Stratifying rapidly and slowly progressive
patients
To investigate whether the change in MUNE
predicts disease progression and can therefore
be used to stratify patients according to the
rate (slow or rapid) of ALS progression, we
performed a survival analysis. At the time of
analysis 7 patients had died. The time from
disease onset to analysis was taken as the
disease duration. We choose as cut-off a change
in MUNE at 4 months of 2 times the mean
CoV on test-retest (38%). Thus, a patient
with a decrease in MUNE of more than 38%
was considered to have rapidly progressive
ALS. This cut-off value was chosen to ensure
that the change in MUNE was not caused by
measurement variability. The two groups were
equal in size and contained 9 patients each.
The Kaplan-Meijer plot is shown in figure 8-4.
The two lines were significantly different (log
rank Mantel-Cox, p=0.02), indicating that the
change in MUNE at 4 months may be predictive of the rate of progression. At 8 months,
the change in ALSFRS score was significantly
lower in the slowly progressive group than in
the rapidly progressive group (Mann-Whitney
U, p<0.001). For the ALSFRS, the withingroup variability was reduced by about 30% at
4 months (CoV=0.53 in the rapidly progressive group).
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Figure 8-3. Percent of the number of motor units (MUNE) at 4 and 8 months from baseline for 18 patients. A sharp
decrease in MUNE can be seen for some patients at 4 months whereas the MUNE remained constant in other patients.

Figure 8-4. Kaplan-Meijer survival curves indicating change in motor unit number estimate (MUNE) greater than 38%
at 4 months from baseline may be used to distinguish patients with rapidly progressive disease from those with slowly
progressive disease. The lines are significantly different (P=0.02).
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Discussion
We found that high-density MUNE decreased
significantly more than did ALSFRS, MRC
scale, and CMAP. Moreover, survival analyses
indicated that MUNE might be a suitable variable to distinguish, in an early stage, between
patients with rapidly or slowly progressive
disease and can thus be used for stratification.
There is increasing evidence that MUNE is
a sensitive marker that can be used to monitor
disease progression in ALS (Felice, 1997;
Armon and Brandstater, 1999; Albrecht and
Kuntzer, 2004; Mitsumoto et al., 2007; Liu et
al., 2009). The method of choice is still under
debate and different methods are being tested
(Henderson et al., 2007; Major et al., 2007).
The original increment counting method has
been used in the past (Armon and Brandstater,
1999) and is still used occasionally (de
Carvalho and Swash, 2006; Liu et al., 2009),
but it is hampered by the problem of alternation and the small sample size (10 steps). It
has been argued that MUNE accuracy and
reproducibility increase with increasing loss
of motor units, and thus the technique would
remain valid and useful throughout the course
of ALS. The problem with this argument is
that there is a need for a sensitive marker of
motor neuron loss early in the disease process
(Schoenfeld and Cudkowicz, 2008), before the
number of motor units has decreased substantially. Moreover, in a recent simulation study
we found that although absolute variability
will decrease with decreasing number of motor
units, the coefficient of variation will remain
about the same as long as the number of motor
units cannot be counted (e.g. MUNE > 40)
(chapter 7). With the adapted MPS technique,
alternation is circumvented because only the
first MUPs are included if no alternation is
visible. However, with both methods it may
still be difficult to obtain a large sample of
motor unit potentials.

We used high-density surface EMG in a
manner that is similar to the adapted MPS
method, but we could obtain more MUPs per
stimulation site as alternation is recognized by
the spatiotemporal profile (fingerprints) of the
MUPs. Furthermore, multiple inclusion of
the same MUP is circumvented because the
MUPs are recognized by their fingerprint (van
Dijk et al., 2008a). On average, over all four
measurements, we obtained 22 MUPs (range
6-44) per MUNE measurement. The inability
of a patient to relax their hand muscles can
make it difficult to obtain enough MUPs.
In some patients, we were able to obtain all
MUPs because the sum of the MUPs equalled
the maximal CMAP. We found that reproducibility was similar for patients and healthy
subjects. Reproducibility is subject to variation
because it is not possible to obtain the same set
of MUPs at each visit. The only way to circumvent this would be to track individual MUPs
over time, which was shown to be possible as
well using our methodology (Maathuis et al.,
2008). However, this approach is, at this stage,
too time consuming.
In a previous study, using the MPS technique, it was shown that MUNE decreased
more than force measures and CMAP (Felice,
1997). Other studies have reported similar
results with different techniques (Yuen and
Olney, 1997; Arasaki et al., 2002). In this
study, we included patients relatively early
after the diagnosis (median baseline=1.7
years after disease onset) and examined the
least affected hand to determine if MUNE
can detect early changes. We found that, of
the variables measured, MUNEs showed the
greatest change from baseline to 4 months,
decreasing by a mean of 26% at 4 months
and 49% at 8 month. The generally accepted
physiological mechanism behind the greater
decrease in MUNE than in CMAP or force
is that of collateral reinnervation. It has been
suggested (McComas et al., 1971b) that more
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than 50% of motor units can be lost before
strength is reduced, which corresponds with
our simulation results described in chapter 7.
It has previously been suggested that
MUNE should be used in clinical trials as an
additional outcome measure (Felice, 1997;
Shefner et al., 2004a; Mitsumoto et al., 2007).
Unfortunately, the only method that has been
used in a large clinical trial is the statistical
method, which was recently found to be an
invalid measure for MUNE in diseases with
motor unit instability (as is the case in ALS)
(Shefner et al., 2007). Moreover, the study
described in chapter 6 showed that statistical
MUNE technique cannot be used to detect
mild to moderate motor unit loss. Our method
and the MPS will suffer much less from
unstable MUPs, because unstable MUPs are
easily recognized visually. The fact that MUNE
can be obtained from only a limited number
of muscles is a limitation that needs to be
addressed. It can be queried whether a variable
measured in a single distal muscle is representative for the entire pool of motor units. Based
on our current results, we are tempted to state
that MUNE might indeed be representative
of disease progression specifically in an early
stage. This might not be true for patients with
a presentation of proximal muscle involvement
or in a more advanced state of the disease.
We think that MUNE might prove especially useful in (smaller) phase II clinical trials
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because these trials need a sensitive efficacy
measure early in the disease course (Schoenfeld
and Cudkowicz, 2008). Furthermore, the relatively time-consuming nature of MUNE measurements (compared with other measures, such
as the ALSFRS) make them less suitable for
large phase III clinical trials. However, MUNE
might be valuable to distinguish between
patients with slowly and rapidly progressive
disease, in order to increase statistical strength
(Shefner, 2001). Our results confirm those
of previous studies (Yuen and Olney, 1997;
Felice, 1997; Armon and Brandstater, 1999;
Liu et al., 2009) reporting that MUNE may
predict disease progression and might be used
to stratify patients with ALS. The current
method of high-density MUNE still has the
drawback of being relatively time-consuming
and requiring special equipment. However,
this study certainly justifies further research
into high-density MUNE. Specifically, the
number of channels required for this technique may be less than the 120 we used and a
fully automated method to recognize alternation would increase its potential.
We conclude that high-density MUNE
seems to be a sensitive marker for monitoring
motor unit loss in ALS and might be valuable in early phase II trials. Further research is
necessary to increase the utility of MUNE and
to decrease the time need for analysis.
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Age-related changes in motor unit number in patients with CMT1A

C

harcot-Marie-Tooth disease type 1A (CMT1A) is known as a demyelinating
hereditary neuropathy. Secondary axonal dysfunction is the most important determinant of disease severity. In adult patients, clinical progression may be because
of further axonal deterioration as was shown with compound muscle action potential
(CMAP) amplitude reductions over time. The motor unit number estimation (MUNE)
technique may be more accurate to determine the number of axons as it is not disturbed by the effect of reinnervation. The purpose of this study was to investigate the
number and size of motor units in relation to age in patients and controls. In a crosssectional design, we assessed arm and hand strength and performed electrophysiological
examinations, including CMAP amplitudes and MUNE of the thenar muscles using
high-density surface EMG in 69 adult patients with CMT1A and 55 age-matched
healthy controls. In patients, lower CMAP amplitudes and MUNEs were related to
hand weakness. The CMAP amplitude and MUNE of the thenar muscles were significantly lower in patients than in controls. CMAP amplitudes declined with age in
controls, but not in patients. MUNEs declined with age in both patients and controls.
The age dependent decrease of the number of motor units was not significantly different between patients with CMT1A and controls, indicating that loss of motor units in
adult patients is limited and may be in the range of normal aging.

Introduction
Charcot-Marie-Tooth disease type 1A
(CMT1A), also known as hereditary motor
and sensory neuropathy (HMSN Ia), belongs
to the group of the hereditary demyelinating
neuropathies. Histopathological studies show
that the myelination process is affected already
during development, indicating dysmyelination, with cycles of active de- and remyelination
during the first years of life (Gabreels-Festen
et al., 1995; Robaglia-Schlupp et al., 2002).
Symptoms and signs of predominantly distal
loss of strength and sensation develop in
the first two decades of life, which is associated with compound muscle action potential (CMAP) amplitude reductions over time
(Berciano et al., 2000). Over the years, there
has been debate whether and to which extent
adult patients deteriorate. Recently, longitudinal studies with a follow-up of 2 to 3
years have shown clinical disease progression
in adults (Padua et al., 2008). However, in a

5-year follow-up study patients and controls
had a similar decline of strength and of CMAP
amplitudes (Verhamme et al., 2009). This
suggests that in CMT1A the decline in adulthood reflects to a considerable extent a process
of normal ageing rather than ongoing active
disease. In these studies CMAP amplitudes
were used to quantify non-invasively changes
in axonal function. More accurate and precise
non-invasive measures to identify changes in
axonal function are needed to further support
this suggestion, which may have major implications for the timing of treatment. Motor
unit number estimation (MUNE) techniques
may overcome some limitations of CMAP
amplitudes as these techniques have the advantage of providing an estimate of the number
of functioning axons, and are not disturbed by
the effect of reinnervation. In a cross-sectional
study, lower MUNEs were associated with
increased age in CMT1A, (Lewis et al., 2003)
but such alterations have also been reported in
another cross-sectional study in healthy indi-
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viduals (Doherty et al., 1993b). Aim of the
present study was to investigate the number
and size of motor units in relation to age in
patients with CMT1A and controls with a
recently introduced MUNE technique.

Methods
Patients and controls
Adult patients (>18 years old) were recruited
from the outpatient clinic of the Academic
Medical Centre, Amsterdam and from the
outpatient clinic of the Radboud University
Nijmegen Medical Centre, Nijmegen. All
patients were diagnosed as CMT1A with a
duplication on chromosome 17p11.2-p12.
Patients with diseases, medication, or alcohol
abuse that may interfere with CMT1A were
excluded. Age-matched healthy controls were
recruited at both centres as well. They were free
of any neurological complaints. All patients
and healthy controls gave their written
informed consent. The study was approved by
the local ethical committees of the Academic
Medical Centre, Amsterdam and the Radboud
University Nijmegen Medical Centre,
Nijmegen.
Muscle strength
Muscle strength in the arms was graded
according to the Medical Research Council
(MRC) scale. Thenar pinch force and functional hand grip were tested using a Martin
Vigori-meter (Merkies et al., 2000a). Strength
data were obtained from both sides but only
data from the non-dominant side were used
for further analysis. All neurological examinations were performed by neurologists specialized in neuromuscular diseases.
Electrophysiology
The number of motor units was estimated using
the method described in chapter 3 (van Dijk et
al., 2008a). A flexible high-density electrode
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grid of 8×15 Ag-AgCl electrodes with an interelectrode distance of 4 mm was placed over
the thenar muscle of the non-dominant hand
(Lapatki et al., 2004). A reference electrode
was placed on the first metacarpophalangeal
joint of the fifth digit. The grid was attached
to a 130 channel amplifier (ActiveOne,
Biosemi, Amsterdam, The Netherlands) for
amplification and digitalisation (band pass
filtered 0.16-400 Hz, sample rate 2048 Hz).
The median nerve was stimulated using an
electrical constant current stimulator with
square pulses of 100 or 200 µs. Three distal
and three proximal CMAPs were obtained by
supramaximally stimulating the median nerve.
To obtain the maximal response it was often
required to increase the pulse width to 500
μs. The CMAP’s negative peak amplitude of
a large single electrode equivalent (1x3cm),
determined from the high-density CMAP by
averaging (3×8 electrodes), was used as an individual variable (see also chapter 4, van Dijk et
al., 2009). Likewise, for each single MUP the
negative peak amplitude was calculated (at the
position where the CMAP was maximal) and
the mean MUP size (negative peak amplitude)
per subject was determined. The MUNE was
determined by the quotient of the CMAP and
mean MUP as described in detail in chapter
3. Motor nerve conduction velocity (MNCV)
was determined by dividing the distance
between proximal and distal stimulation sites
by the time delay between the elicited CMAPs.
Statistics
Associations were expressed as Pearson’s correlation coefficient (r). Forward selection was
used for multivariate regression. To determine whether the association between age
and MUNEs differed between patients and
controls a general linear model was used. For
all statistical analyses SPSS software (SPSS
Inc. version 16.02, Chicago Illinois, USA) was
used.
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Results
Patients and controls
Sixty-nine patients (31 men, 38 women) and
55 controls (30 men, 25 women) were initially
included in the study. Patients came from 57
different families. Median age of the patients
was 42 years (range 18-69) and median age
of the controls was 48 years (range 22-79).
In seven patients only CMAP, MUNE, and
MNCV data were available, while the other
patients (62) were studied more extensively. Of
these 62 patients, thirty-one (50%) reported
that their neurological condition had worsened
during the past year. Two patients (3%) had
had surgery on the right hand (the left hand
was examined for MUNE and CMAP in these
cases). Thirty-three (53%) patients reported
normal sensation in the hands, while 29 (47%)
reported hypo- or anaesthesia or pins and
needles. Hand muscle atrophy was severe in
14 (23%) patients, mild in 22 (35%), and 25
patients (40%) had no atrophy. Muscle weakness was more often found in distal muscles
than in proximal muscles. Approximately
80% of the patients showed distal weakness.
Thenar pinch force and functional hand grip
were lower in patients than in controls (table

9-1). Thenar pinch force was abnormal in 35%
of the patients while functional hand grip was
abnormal in 23% (below 5th percentiles for
healthy controls).
In three of the 69 patients no CMAP
amplitude could be obtained. These were
included as zeros for both MUNE and
CMAP. Furthermore, two patients were not
able to relax the hand muscles hampering the
MUNE. In 3 patients the number of obtained
single MUPs was smaller than 10 despite a still
reasonable CMAP amplitude. Using this small
MUP sample size the MUNE was always much
larger than 10 indicating a larger population of
motor units had to be present. However, it is
generally accepted that at least 10 single MUPs
are required for a reliable MUNE, and as such
the MUNEs of these patients were not used.
This resulted in a total of 64 valid MUNEs.
In the healthy control group, MUNE analysis
revealed one outlier (MUNE=919) (because of
the inability to obtain a representative sample
of MUPs) which was excluded from further
analysis. MUNEs and CMAP amplitudes were
lower in patients than in controls (table 9-1,
figure 9-1). MUNEs correlated with CMAP
amplitudes in patients (r=0.61, p<0.001) and
in controls (r=0.44, p=0.001).

Table 9-1. Strength and electrophysiological measurements of the non-dominant hand of patients and controls.

CMT1A
Thenar pinch force (kPa) mean (SD)

n

Controls

n

p

21.7 (14.4)

62

30.4 (10.3)

33

=0.003‡

Functional hand grip (kPa)
- mean (SD)

81 (27.1)

62

105 (25.8)

33

<0.001‡

MUNE - median (P25-P75)

118 (74-185)

64

282 (229-379)

54

<0.001*

CMAP amplitude (mV) mean (SD)

3.5 (1.9)

69

8.2 (3.0)

55

<0.001‡

MNCV (m/s) - mean (SD)

22 (5.9)

52

58 (3.1)†

Mann-Whitney U, ‡ t-test, † from (Verhamme et al., 2004). MNCV data were not available in a subgroup of 17
patients (10 not done, 4 no proximal CMAP, 3 no CMAP). CMAP amplitude = compound muscle action potential
amplitude as recorded over the thenar muscles; MNCV = motor nerve conduction velocity of the median nerve;
MUNE = motor unit number estimate over the thenar muscles.
*
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Figure 9-1. Motor unit number estimate versus CMAP amplitude for CMT1A patients and controls. Dotted lines
represent the 5% lower limit of normal taken from the healthy controls.

Strength, MUNE, CMAP amplitude, and
age-related changes
We found that a higher thenar pinch force
was associated with higher CMAP amplitude,
a higher MUNE, and a higher MNCV (table
9-2). Females were found to be weaker than
males. Furthermore, the association between
thenar pinch force and age was not significant.
In multivariate analysis CMAP amplitude best
explained the force data (table 9-2).
A lower MUNE was associated with older
age in controls (r=-0.38, p=0.04) and in
patients (r=-0.25, p=0.046) (table 9-3). This
association between MUNE and age did not
differ between patients and healthy controls
(p=0.27) (figure 9-2). Mean motor unit size
was significantly related to age in patients
(r=0.33, p=0.01) but this did not became
significant in controls (r=0.08, p=0.57). In
multivariate analysis MUNE was related to age
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and MNCV (table 9-3). Since MNCVs were
not available for all patients, the multivariate
analysis included fewer patients. MNCVs for
controls were not available.
A lower CMAP amplitude was associated
with older age in controls (r=-0.36, p=0.008)
(figure 9-2) but this did not became significant in patients (r=-0.1, p=0.43). However, in
patients higher CMAP amplitudes were associated with higher MNCVs (r=0.58, p<0.001).
In multivariate analysis MNCV was the most
important determinant for CMAP amplitude.
It has to be noted that in patients a higher
MNCV was associated with older age (r=0.35,
p=0.01).

Discussion
In this large, cross-sectional study in adult
patients with CMT1A and age-matched

Age-related changes in motor unit number in patients with CMT1A

Table 9-2. Associations and multivariate linear regression (forward selection) for thenar pinch force
and electrophysiological parameters in patients with CMT1A.

Thenar pinch force
r

p

Standardized
regression
coefficient

0.62

<0.001

MUNE

0.54

<0.001

-

-

MNCV

-0.30

0.044

-

-

Gender

-0.31

0.015

-0.28

7%

Age

-0.22

0.081

-

-

CMAP amplitude

0.61

Adjusted
R2
38%

45%

Total

CMAP amplitude = compound muscle action potential amplitude as recorded over the thenar
muscles; MNCV = motor nerve conduction velocity of the median nerve; MUNE = motor unit
number estimate over the thenar muscles.

Table 9-3. (A) Associations (n=64) and multivariate (n=54) regression analysis (forward selection)
for MUNE. (B) Associations (n=69) and multivariate (n=54) regression analysis (forward selection)
for CMAP amplitude.

A
MUNE
r

p

Standardized
regression
coefficient

Adjusted
R2

-0.25

0.046

-0.54

9%

MNCV

0.25

0.08

0.49

18%

Gender

-0.07

0.60

-

-

Age

27%

Total

9

B
CMAP amplitude
r

p

Standardized
regression
coefficient

Adjusted
R2

MNCV

0.44

<0.001

0.44

18%

Gender

-0.1

0.4

-

-

Age

-0.1

0.43

-

-

Total

18%

CMAP amplitude = compound muscle action potential amplitude as recorded over the thenar
muscles; MNCV = motor nerve conduction velocity of the median nerve; MUNE = motor unit
number estimate over the thenar muscles.
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Figure 9-2. Motor unit number estimate and CMAP amplitude versus age for patients with CMT1A and controls. (A)
MUNE versus age for patients with CMT1A and controls. The lines represent the association between age and MUNE
for the control group (r = -0.38, p = 0.04) and for the patients with CMT1A (r= -0.25, p=0.046). (B) CMAP amplitude
versus age for controls and patients with CMT1A. The dotted lines represent the association between age and CMAP
amplitude for the healthy controls (r = -0.36, p<0.001) and for the patients with CMT1A (r=-0.1, p=0.43).
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controls, we found that the decline of MUNE
with age did not differ between patients and
controls. This decline in axonal function in
adulthood has been suggested to reflect to a
considerable extent a process of normal ageing
rather than ongoing active disease. This was
based on CMAP amplitude reductions over
time (Verhamme et al., 2009). MUNE has the
advantage over CMAP amplitudes to provide
an estimate of the number of functioning
axons, and corrects for the effect of reinnervation in both patients and controls. Thus,
this study supports the above suggestion, but
extends the findings from the overall axonal
function as assessed with CMAP amplitudes
to the estimated number of functioning axons.
CMAP amplitudes and MUNEs, recorded
over the thenar muscles, were significantly
lower in patients than in controls. In both
patients and controls lower MUNEs were
associated with older age although correlations
were not strong. The decrease in MUNEs did
not differ between patients and controls. In
controls, lower CMAP amplitudes were associated with older age, but not in patients. Both
MUNE and CMAP amplitude were found
to be negatively related to age in 29 patients
in one study, not including healthy individuals (Lewis et al., 2003). CMAP amplitudes
and MUNEs both correlated with strength,
but the association with CMAP amplitude
was stronger. This is in line with what would
be expected as CMAP amplitudes provide
information about excitable muscle mass,
while MUNE represents the preserved axons
including those that are part of small motor
units that might have a relatively small contribution to muscle strength.
As addressed above, CMAP amplitudes
might underestimate the amount of axonal
loss because of collateral reinnervation. In this
study, we found indications that in patients
the number of motor units decreased with age
while the mean motor unit potential ampli-

tude increased with age resulting in relatively
stable CMAP amplitudes. Thus, MUNE may
be more sensitive to determine the amount of
axonal loss over time.
A large patient and control sample was
chosen to allow the detection of a slow
progression. We concentrated on the thenar
hand muscles because CMAP amplitudes and
MUNE can be obtained in most patients from
these muscles, which is not the case for the
more affected leg muscles (Krajewski et al.,
2000). However, the cross-sectional design of
this study has limitations. Firstly, there are indications for possible sampling bias. Although
our patient sample seems representative for
the CMT1A population with regard to weakness and mean MNCV, in our patient sample
we found unexpectedly that older patients
had a higher MNCV. From previous studies
it is known that in adult patients MNCVs
are fairly stable over time (Shy et al., 2008;
Verhamme et al., 2009) and that the severity
of abnormal myelination is one of the determinants for the severity of axonal dysfunction
later in life (Dyck et al., 1989; Hoogendijk et
al., 1994; Verhamme et al., 2004). A possible
explanation could be that younger more
affected patients might seek medical advice at
an earlier age while older, more severe affected
patients, might be less willing to participate.
Although there are no other clear indicators,
this association suggests that the older patients
in our sample were relatively less affected, thus
partially masking the effects of aging on CMAP
amplitude and MUNEs in patients. Secondly,
because of the cross-sectional design the detection of disease progression is hampered by the
large variability in disease severity, in which
disability and neurological deficits may differ
widely, even between siblings (Birouk et al.,
1997). The wide range of CMAP and MUNEs
in our study reflects the wide range of disease
severity.
In conclusion, our findings support the
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previously made suggestion that axonal loss
in adulthood may be limited to the effect of
normal aging, albeit that this ‘normal’ loss may
lead to considerable disability in patients given
their much lower axons already (Verhamme
et al., 2009). However, conclusions must be
made with care, as the correlations found are
not strong. As the numbers of axons are low in
adult patients, additional loss of motor units
may affect patients more than healthy controls.
Furthermore, the ability of patients to reinnervate effectively with increasing age might be
affected as well. Collateral reinnervation could
also be influenced by the already low number
of motor units as reinnervation was found to
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be less effective when more than 50% of the
initial motor units are lost (McComas et al.,
1971b) This study indicates that the largest
amount of axonal loss occurs early in the
disease (before adulthood), which is supported
by several studies in child patients based on
CMAP amplitudes (Burns et al., 2008; Yiu
et al., 2008). Whether, at any time during
childhood normal MUNEs are reached is
unknown. Future studies focusing on progression in young patients with CMT1A using
the MUNE technique would be of interest
to delineate the number of intact axons and
axonal loss early in the disease process more
precisely.
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Motor axon loss is associated with hand dysfunction in CMT1A

C

harcot-Marie-Tooth type 1A (CMT1A) is a primarily demyelinating neuropathy, characterized by slowly progressive muscle weakness, atrophy, and sensory
loss, and is most pronounced in both feet and hands. There is increasing evidence that
muscle weakness is determined by motor axonal dysfunction. In this study we aim to
investigate in patients with CMT1A, whether motor axon loss, as estimated with motor
unit number estimation (MUNE) and compound muscle action potential (CMAP), is
related to hand function and manual dexterity. Hand function, manual dexterity, and
axon loss were studied in 48 patients with proved CMT1A. Using high-density surface
EMG on the thenar muscles, MUNE was determined and CMAPs were measured.
Pinch strength, clawing of the fingers, and manual dexterity correlated significantly
with MUNE and CMAP (amplitude and area), while sensory impairments did not.
Grip strength correlated significantly with CMAP amplitude but did not become significant with MUNE and CMAP area. Neurophysiologic variables were particularly
associated with fine motor function of the hand. Motor axon loss is likely to be the
major cause of hand dysfunction and impaired manual dexterity in CMT1A. In a clinical setting, the evaluation of the hands of patients with CMT1A should thus be mainly
directed toward the evaluation of fine motor functions.

Introduction
In the first two decades of life, patients with
Charcot-Marie-Tooth (CMT)1A typically
demonstrate slowly progressive distal muscle
wasting, weakness, and impaired sensation of
both lower and upper limbs, legs more than
arms (Birouk et al., 1997; Berciano et al.,
2000; Verhamme et al., 2004). As the disease
progresses, upper limb symptoms usually
become more apparent with the intrinsic
muscles of the hand primarily affected (Videler
et al., 2002; Selles et al., 2006). Subsequent
paresis and deformities of the hand may follow
and hamper daily activities that require grip
strength or the manipulation of small objects
(Miller et al., 1991; Videler et al., 2008a;
Videler et al., 2008b). Although the extent of
symptoms is extremely variable, limited hand
function and manual dexterity is a common
finding (Harding and Thomas, 1980; Miller
et al., 1991; Vinci et al., 2005; Videler et al.,
2008b).
CMT1A is a primarily demyelinating

disease with markedly decreased motor
and sensory nerve conduction velocities
in a uniform distribution (Buchthal and
Behse, 1977; Harding and Thomas, 1980).
Accumulating data suggest that clinical
disease severity is particularly determined by
(secondary) axonal dysfunction (Berciano et
al., 2000; Krajewski et al., 2000; Hattori et
al., 2003; Verhamme et al., 2004). CMAP
amplitude or area reduction is generally used
as an indirect measurement of motor axonal
loss. However, sprouting of axons may increase
the amplitude of individual motor unit action
potentials (MUAPs), leading to a relatively
normal CMAP amplitude, despite severe
motor unit loss (Shefner, 2001). Using motor
unit number estimation (MUNE), this underestimation of axonal loss due to reinnervation
is circumvented.
In this study, we investigated in patients
with CMT1A whether motor axon loss as estimated with MUNE and CMAP is related to
hand function and manual dexterity.
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Methods
Patients
All known patients with CMT1A of the
neurology and the rehabilitation clinic of the
Academic Medical Centre in Amsterdam were
invited to participate. Selection was based
on diagnosis confirmed by a duplication on
chromosome17p11.2-p12 and not on the
presence of hand involvement. Patients were
excluded if their medical history included
stroke, plexopathy, radiculopathy, upper limb
pathology, surgery, or a psychiatric disorder.
Participants visited our clinic twice. At the first
visit the medical history was taken and hand
function was evaluated. Patients were asked
to identify the age at which they first noted
symptoms. A standard sequence of testing was
adhered to and consisted of the evaluation
of joint motion, sensory modalities, muscle
strength, and manual dexterity. To reduce the
variability, all tests were performed by the same
investigator (AJV) and patients avoided strenuous activity before test sessions. MUNE was
performed at the second visit. The nondominant hand was taken for all evaluations to
minimize the risk of confounding findings due
to concurrent nerve entrapments. For MUNE
and CMAP, reference values were obtained in
55 healthy subjects. The local Medical Ethical
Committee approved the study and all participants gave written informed consent.
Clinical evaluation
Standard goniometric measurements were
used to evaluate both passive and active range
of motion of the fingers joints. Thumb opposition was evaluated according to the Kapandji
opposition score, which defines ten stages of
opposition. The first three stages describe
a terminolateral pinch, with the tip of the
thumb located on lateral aspects of the index
finger. Stage 3 to 6 describes the course of a
tip-to-tip pinch to all four fingers and in stage
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7 to 10, the tip of the thumb runs on the volar
aspect of the little finger, finally reaching the
distal palmar crease (Kapandji, 1992). The
extent of clawing of the fingers was graded on
a 0 to 4 scale with a score of 0 indicating no
clawing. Clawing of only digit V is scored as 1,
IV and V as 2, III to V as 3 and with a score
of 4 clawing can be observed in digits II to V.
Three sensory items were evaluated.
Tactile sensation was determined at seven
locations divided over the hand and fingers
using Semmes-Weinstein monofilaments
(SWM) (Weinstein, 1993). The average of
seven locations was calculated. Monofilaments
varied from 1.65 to 6.65. Results are graded
on an ordinal scale; with grade 0 (1.65-2.38)
indicating normal tactile sensation, grade
1 (3.22-3.61) diminished tactile sensation,
2 (3.84-4.31) diminished protective sensation and grade 3 (4.45–6.65) loss of protective sensation. Testing with monofilaments
has good intra- and interobserver reliability
in CMT (Schreuders et al., 2008). Tactile
discrimination was evaluated with static twopoint discrimination using a Disk-Criminator
at the tip of the index finger (Lundborg and
Rosen, 2004). Finally, a Rydel-Seiffer tuning
fork was used to assess the vibration threshold
at the dorsum of the distal interphalangeal joint
of the index finger. The vibration threshold is
calculated by averaging the readings of three
repeated tests. Results can be compared with
reference values and graded as normal (grade
0) or disturbed (grade 1 or more). Good interand intraobserver agreements and high responsiveness values were demonstrated for this
tuning fork (Merkies et al., 2000b; Pestronk
et al., 2004).
Digital handgrip dynamometers (Lode
Medical Technology) were used to measure
maximal isometric grip and pinch (two-point,
tripod, and lateral pinch) strength (figure
10-1). For grip strength testing, the handle of
the dynamometer was set in the recommended
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turning a door-handle and pouring water from
a jug. Subtests are scored on a 4 to 0 scale. With
their non-dominant hand healthy subjects
should achieve a sum score of 77-79 points.
We recently published a detailed description of
the SHT results of this study sample (Videler
et al., 2008b).

Figure 10-1. A) Two-point pinch grip B) Tripod pinch
grip C) Lateral pinch grip

second position (Firrell and Crain, 1996).
Patients were seated on a height-adjustable
chair and received verbal encouragement.
Isometric forces of grip and pinch strengths
were measured as described by Mathiowetz et
al. (Mathiowetz et al., 1985). The mean force
of three trials was taken for all strength measurements.
Manual dexterity was assessed with the
standardized Sollerman hand function test
(SHT) (Sollerman and Ejeskar, 1995) which
consists of 20 subtests, each comprising a task
of daily living. Unilateral and bilateral handgrip function and the most common used
handgrips were evaluated during tasks such as
picking up coins, doing up buttons, writing,

MUNE using high-density surface EMG
The number of motor units was estimated by
the method described in chapter 3. A highdensity electrode grid was placed over the
thenar covering the median nerve innervated
muscles. A reference electrode was placed on
the first metacarpophalangeal joint of the fifth
digit. The median nerve was stimulated using
an electrical constant current stimulator with
square pulses of 100 or 200 µs at subthreshold
intensity. A set of single MUPs was acquired
as described in chapter 3. To obtain a maximal
CMAP it was often necessary to increase the
pulse width to 500 μs. Although CMAP area
seems more appropriate as this variable is
less prone to physiologic changes and independent of anthropometric factors (Johnsen
et al., 2006), the more commonly used CMAP
amplitude is also given. To obtain the motor
nerve conduction velocity (MNCV), the
distance between a proximal (elbow) and distal
(wrist) stimulation site was divided by the
latency difference between the two CMAPs.
Statistical analysis
Data from clinical examination (hand function and manual dexterity) and electrophysiological data (MUNE, CMAP, and MNCV)
were analysed using descriptive statistics.
Associations between clinical and electrophysiological data were explored with univariate
analyses (Pearson’s product moment correlation
coefficients [r] and Spearman’s rank correlation
coefficients [rs] depending on the distribution
of the data). Scores on the Sollerman test were
log-transformed (Log [80-score] +1) to yield
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a normal distribution as they appeared to be
skewed to the left (with 80 as maximal test
score). The significance of all univariate correlations was evaluated with p<0.05. All analyses
were performed with SPSS for Windows 14.0
(SPSS Inc.).

Results
Patients
From the 63 patients with CMT1A known
at our centre, 52 agreed to participate. Four
patients were excluded; 3 with comorbidity
(Dupuytren disease, recent shoulder surgery,
psychiatric disorder) and 1 with alcohol abuse
in the history. Characteristics of the final study

sample (n = 48) are presented in table 10-1.
Most participants were found to be in their
fifth decade (mean age 46.8, range 21-69).
Gender was about equally divided.
Reliable distal CMAPs were obtained in
44 out of 48 patients. In 7 patients MUNE
could not be determined: no CMAP (n = 2)
or no reliable CMAP (n = 2) was available in 4
patients while 3 patients could not relax their
hand muscles sufficiently hampering analysis
of single MUPs. The patients that lacked
MUNE (missing subgroup) differed from the
total study sample in disease duration (table
10-1). MUNE and CMAP reference values
were obtained in 55 healthy controls (mean
age 47.5, range 22-78). For MNCV published

Table 10-1. Characteristics of the study sample

Total sample
n=48

MUNE
subgroup
n = 41

Missing
subgroup
n=7

male

21 (44)

18 (43.9)

3 (42.9)

femal

27 (56)

23 (56.1)

4 (57.1)

mean ± SD

46.8 ±11.7

46.1 ±11.4

49.1 ±14.0

range

21 - 69

22-69

25-69

18-39 yrs

13 (27.1)

11 (26.8)

2 (28.6)

40-59 yrs

28 (58.3)

25 (61.0)

3 (42.9)

≥ 60 yrs

7 (14.6)

5 (12.2)

2 (28.6)

right

47 (98)

40 (97.6)

7 (100)

left

1 (2)

1 (2.4)

0

mean ± SD

28.7 ±17.0

26.6 ±16.4

40.4 ±16.5

range

0 - 57.8

0 – 57.6

16.5 – 57.8

Hand involvement, n(%) yes

36 (75)

31 (75.6)

7 (87.5)

no

12 (25)

10 (24.4)

1 (12,5)

Mean ± SD

10.8 ±12.3

9.2 ±10.2

20.3 ±19.1

range

0 - 54.8

0 – 36.8

0 – 54.8

Gender, n(%)

Age, yrs

Age per stratum, n(%)

Hand dominance, n(%)

Disease duration*, yrs

Duration hand
involvement**, yrs

* = Time since onset of symptoms; ** = Time since onset of hand symptoms
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reference values were used
1999)

(Buschbacher,

Clinical and electrophysiological findings
Clinical findings, MUNE, CMAP area,
CMAP negative peak amplitude, and MNCV
are summarized in table 10-2. On clinical
examination, the active range of motion was
limited in 25% of the patients, presenting as a
clawing position of the fingers in 10 patients.
The extent of clawing varied between involvement of all four fingers (10.4%) and solely the
fifth finger (6.3%). Limited passive range of
motion was found in 2 patients. Loss of thumb
opposition was found in nearly 40% of the
patients with 5 patients only able to perform
a terminolateral pinch (Kapandji score 2).
Tactile sensation was diminished (mean ±
SD SWM: 3.55 ± 0.31). Four patients scored
outside the normal value range (< 6 mm) for
static two-point discrimination. Vibration
sense was impaired (grade 1) in 7 patients.
Descriptive data of muscle strength, showing
a large variation, are provided in table 10-2.
Manual dexterity of the nondominant
hand was limited in 28 (58.3%) patients. SHT
sumscores ranged from 41 to 80 with a median
group sum-score of 76 (P25: 69.3; P75: 77.8)
(table 10-2). The most difficult subtests of
the SHT required finger grips like two-point,
tripod, and lateral pinch.
MUNE values were not normally distributed with a median MUNE of 100 (P25:
72; P75: 164) in the CMT patients. Healthy
controls had a median MUNE of 286 (P25:
232; P75: 380). In patients, the mean negative
peak CMAP area was 15.24 mVms (SD 7.58)
and the mean negative peak CMAP amplitude was 3.71 mV (SD 1.84) compared to a
CMAP area of 29.99 mVms (SD 10.52) and
CMAP amplitude of 8.2 mV (SD 3.05) for the
controls. Motor nerve conduction velocity was
assessed in a subgroup of 36 patients. In four
of these patients no proximal CMAP could be

obtained. Mean MNCV was 23.4 m/s with
an SD of 5.1 (mean MNCV reference value is
57 m/s, SD 5) (Buschbacher, 1999). MNCV
was not correlated with MUNE, CMAP area
or amplitude (data not shown). There was
a significant relation between MUNE and
CMAP area (r = 0.63, P < .01) and negative peak CMAP amplitude (r = 0.55, P <
.01). Abnormal MUNE with normal CMAP
area was seen in 8 (20%) patients. Abnormal
MUNE with normal CMAP amplitude was
found in 7 (17%) patients. Abnormal CMAP
amplitude or area with normal MUNE was
found in 5 and 3 patients.
Associations between clinical variables,
MUNE and CMAP are presented in table
10-3. Clawing of the fingers and all pinch
strength measurements correlated significantly
with MUNE and CMAP, while sensory loss
did not. Grip strength did correlate significantly with CMAP amplitude but not with
CMAP area or MUNE. Due to the small
number of patients with impaired vibration
sense the association with MUNE and CMAP
could not be investigated. This also holds for
active and passive range of motion. Patients
with a low opposition score had low MUNE,
although the opposition scores did not correlate significantly with MUNE and CMAP.
Tripod pinch strength most strongly correlated
with MUNE (r = 0.49, P < .01) and CMAP.
Electrophysiological findings were all significantly related with the SHT sumscore (manual
dexterity) (table 10-3).

10

Discussion
We showed that in adults with CMT1A, fine
motor functions of the hand (pinch strengths,
clawing of the fingers) and manual dexterity
are correlated to MUNE and CMAP of the
thenar muscles. In contrast, sensory impairments did not correlate significantly with the
number of functional motor axons. Compared
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Table 10.2. Group values for MUNE, CMAP, MNCV, and clinical variables
Total sample
n=48
MUNE
(n)

MUNE
subgroup n=41

median (P25;P75)

100 (72; 164)

mean ±SD

124.3 ±79.4

range

15 - 310

Missing
subgroup n=7

CMAP area
(mVms)

mean ±SD

15.24 ±7.58

range

1.52 - 33

CMAP amplitude (mV)

mean ±SD

3.71 ±1.84

range

0.34 - 8.06

MNCV
(m/s)

mean ±SD

23.4 ±5.1

range

14.4 - 34.7

Mobility of the fingers

limited AROM

12 (25)

7 (17.1)

5 (71.4)

n(%)

clawing of the fingers

10 (20.9)

5 (12.2)

5 (71.4)

limited PROM

2 (4.2)

0 (0)

2 (28.6)

impaired opposition

19 (39.6)

14 (34.1)

5 (71.4)

mean ±SD

3.55 ±0.31

3.51 ±0.28

3.8 ±0.41

range

2.89 - 4.25

2.89 - 4.11

3.01 - 4.25

mean ±SD

4.56 ±2.5

4.12 ±0.90

7.1 ± 5.8

range

2 - 20

2-6

3 - 20

7 (14.6)

4 (9.8)

3 (42.9)

mean ±SD

240 ±116.3

259.4 ±112.0

129.9 ±75.1

range

39 - 533

62 - 533

39 - 230

mean ±SD

33.6 ±19.2

37.1 ±17.5

12.7 ±15.7

range

0*** - 80

0 - 80

0 - 44

mean ±SD

44.1 ±26.1

49.2 ±23.8

14.1 ±18.4

range

0*** - 96

0 - 96

0 - 46

mean ±SD

47.9 ±22.7

51.7 ±20.7

25.3 ±22.1

range

7 - 112

15 - 112

7 - 69

median (P25; P75)

76 (69.3; 77.8)

76 (73.5; 78)

48 (42; 73)

range

41 - 80

57 - 80

41 - 75

Sensory modalities
SWM
Static two-point
discrimin. (mm)
Impaired
vibration, n(%)
Hand strength
Grip strength, (N)
Two-point pinch, (N)
Tripot pinch, (N)
Lateral pinch, (N)
Manual dexterity
SHT sumscore

*Distal CMAPs were obtained in 44 patients; **Conduction velocity was assessed in a subgroup of 36 patients; in
four of them no proximal CMAP could be obtained, hampering MNCV determination; ***One patient (2.4%)
was not able to perform a two-point pinch and 2 patients (4.9%) were not able to perform a tripod pinch; all were
scored as 0 Newton; PROM = passive range of motion; AROM = active range of motion; SWM = Semmes Weinstein
Monofilaments; SHT = Sollerman Hand Function test.
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Table 10-3. Relationships between MUNE, CMAP and clinical variables

Clinical variables of the hand
Mobility of the fingers

Sensory modalities

Hand strength

Manual dexterity

MUNE

CMAP area

CMAP
amplitude

Extent of clawing
(grade 0 – 4)

rs = -.33*

rs = -.49**

rs = -.48**

Kapandji opposition
score (range 0 – 10)

rs = .20

rs = .27

rs = .20

SWM

r = .13

r = -.09

r = -.20

Static two-point discrimination, (mm)

rs = -.15

rs = -.09

rs = -.20

Grip strength, (N)

r = .27

r = .29

r = .39*

Two-point pinch, (N)

r = .41**

r = .40**

r = .48**

Tripod pinch, (N)

r = .49**

r = .43**

r = .48**

Lateral pinch, (N)

r = .38*

r = .39**

r = .48**

SHT sum score

r = -.36*

r = -.40**

r = -.33*

N = 41 for MUNE and 44 for CMAP;
* correlation is significant at the 0.05 level (2-tailed);
** Correlation is significant at the 0.01 level (2-tailed);
MUNE = motor unit number estimate; CMAP = compound muscle action potential; SWM = Semmes Weinstein
Monofilaments; SHT = Sollerman Hand Function Test.

to the various motor impairments, sensory
abnormalities were found in a minority of our
patients and were generally mild. These results
indicate that motor axon loss is likely to be the
major cause of hand dysfunction and impaired
manual dexterity in CMT1A. This corroborates previous studies in which we and others
already postulated that clinical disease severity
in CMT1A is determined by the extent of
axonal dysfunction (Berciano et al., 2000;
Krajewski et al., 2000; Hattori et al., 2003).
The relation between MUNE and clinical
disease severity in CMT1A has been investigated previously (Krajewski et al., 2000).
MUNE of the abductor pollicis brevis muscle
was estimated and correlated with CMAP
amplitude and muscle strength (Krajewski et
al., 2000). In various forms of CMT extensive
motor unit reconfiguration and enlargement
was found in strong proximal muscles and
motor unit loss in the abductor digiti minimi

muscle was found to correlate well with muscle
weakness (Bromberg et al., 2003; Lewis et al.,
2003). In addition, a correlation between loss
of functional motor neurons and the level of
motor deficits was shown in an animal model
(Norreel et al., 2003). However, associations
between MUNE and other aspects of hand
function such as grip and pinch strengths, and
the ability to actually use the hands during
functional activities were not addressed previously.
From all strength measurements, tripod
pinch strength correlated most strongly with
MUNE and CMAP, whereas grip strength
was only significantly correlated with CMAP
amplitude and not with MUNE or CMAP
area. This observation is of clinical relevance
as grip strength is often chosen as an indicator
of affected hand function. However, during
grip, both intrinsic and extrinsic muscles
contract whereas with pinch predominantly
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the intrinsic muscles of which MUNE and
CMAP were determined are involved.
Loss of opposition related to MUNE as all
patients with a low opposition score had low
MUNE and CMAP, but this did not reach
statistical significance. This might be explained
by the fact that from the patients with limited
opposition only five patients were not able to
oppose the thumb at all. Most patients were
just able to position the thumb opposite to
the fingers but without the force needed for
a pinch grip.
The clinical findings in this study are
generally in line with other studies that evaluated grip and pinch strength in various types of
CMT (Selles et al., 2006). MUNE values in
our patients with CMT1A are low compared
to healthy controls. Furthermore, the range of
MUNE values (15-301) seems wider compared
to a previous study (65-211) (Krajewski et
al., 2000). One explanation may be that our
patients are slightly older and reported a 6 year
longer disease duration. However, MUNE
values are difficult to compare when different
techniques are used; for instance, the statistical technique is known to give lower MUNE
values as the multiple point stimulation technique (Lomen-Hoerth and Olney, 2000).
Unexpectedly, MUNE and CMAP correlated equally well with clinical variables. In a
previous report (Lewis et al., 2003) MUNE of
the abductor digiti minimi and biceps muscle
was more often abnormal than CMAP amplitude, which suggests considerable enlargements of motor units. We also found that in
approximately 20% of patients MUNE was
reduced while CMAP was normal, suggesting
that reinnervation with subsequently larger
motor units has compensated for motor unit
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loss. This was not consistently found in the
whole group, suggesting that the process of
reinnervation does not keep up with motor
unit loss in the majority of our patients.
The subgroup in which we could not obtain
MUNE and CMAP consisted of more severely
diseased patients. In general, it seemed that
more severely affected patients had more
difficulty relaxing their hand muscles and
needed relatively higher currents and longer
stimulation duration to obtain the maximal
CMAP. We did not measure sensory nerve
action potentials (SNAPs) because in a recent
study among 51 patients with CMT1A,
CMAP amplitude appeared the most important contributor to physical disability and no
correlation between sensation of the hand and
median nerve SNAP amplitude was found
(Verhamme et al., 2004).
Based on our study results, the number of
functional motor units is reduced in CMT1A
and thus more attention should be given to
the evaluation of fine motor function and in
particular to the evaluation of tripod-pinch
strength. Healthy subjects are able to recruit
a single or few motor units inducing a very
minimal movement at a low strength level. As a
general rule, motor units are recruited in order
of their size, also called the “Henneman size
principle” (Henneman, 1957). This results in
an orderly addition of sequentially larger and
stronger motor units amounting to a smooth
increase in muscle strength. If this recruitment
process is disturbed, as in CMT, because of a
continuous process of denervation and subsequent reinnervation, the control over fine
movements may be lost leading to impaired
manual dexterity.
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his thesis contains five parts covering the introduction, a novel approach
on motor unit number estimation using high-density surface electromyography, methodological aspects and clinical applications. In this final part,
the chapters of this thesis are summarized and an outlook towards future
research is given.

Summary
Part I: Introduction
In 1971, Dr. Allan McComas introduced a
method to estimate the number of motor units
in a muscle. This method is based on the principle that an estimate for the number of motor
units can be derived from the quotient of the
maximal compound muscle action potential
(CMAP) and the mean amplitude size of the
motor unit potentials (MUP). This method
turned out to have a number of drawbacks
such as the difficulty to recognise small MUPs,
a possible overestimation due to alternating
MUPs, and a limited sample size. The method
and drawbacks are discussed in more detail
in chapter 2. New methods have emerged
since the first introduction and differ mainly
in the way the mean MUP is determined.
At present, there is no methodology that can
practically determine the number of motor
units with such an accuracy that allows for
validation of the various motor unit number
estimation (MUNE) techniques. This lack of
a “gold-standard” is problematic for several
reasons. First, there is no way of knowing
whether a newly developed method actually
better represents the amount of motoneurons under study. Second, it is unknown if
a method is biased towards lower or higher
numbers. Finally, comparing methodologies
is hampered by this lack of a gold-standard
as it is unknown which method is closest to
the true number of motor units. Therefore, we

are forced to choose the best method based on
theoretical grounds and test this method under
practical conditions.
Part II: Motor unit number estimation
– a novel approach
In chapter 3, we introduced a MUNE technique that uses high-density surface EMG
because of its theoretical advantages. Highdensity surface EMG uses a large number of
small electrodes covering the muscle under
investigation. The advantages of the highdensity approach are: 1) MUPs can more easily
be recognized because of the additional spatial
information and, to a certain level, alternation
can be resolved; 2) A relative large number
of MUPs can be obtained; 3) small MUPs
are more easily recognized because of the
small electrodes size, spatial information, and
because the optimal position is always covered
by the electrode grid; 4) Multiple MUPs can
be obtained from one stimulation site and,
therefore, phase cancellation effects, that also
occur in the maximal CMAP, are included;
5) The spatiotemporal difference between the
maximal CMAP and the mean MUP provides
an indication of the representativity of the
latter.
The method introduced contains elements
of the original incremental counting technique
and the multiple point stimulation technique.
It was shown that alternation could be recognized using the spatiotemporal information.
Reproducibility in healthy subjects showed
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a mean coefficient of variation of 15% and
an intraclass correlation of 0.88 (figure 3-5).
The mean estimated number of motor units
was in range with similar techniques and on
average 22 unique MUPs were obtained per
subject. The relative large sample size should
be beneficial for MUNE accuracy and reproducibility. However, due to the lack of a gold
standard, the exact accuracy cannot be given.
Comparing reproducibility values with other
methods described in the literature is difficult
as 1) reproducibility is sometimes tested on the
same day or even without removing the electrodes, 2) it is not always clear if reproducibility was performed while the operator was
blinded to previous results, and 3) different
outcome measures are used. Still, our reproducibility results are in range with published
values for the thenar muscles. Based on the
simulation results presented in chapter 5 and
7, the reproducibility that we found was close
to what might be expected given the average
sample size.
Part III: Methodological aspects
The third part of this thesis focused on several
methodological aspects of MUNE and highdensity surface EMG. In chapter 4, we used
the high-density electrode grid to compare
the EMG signal recorded with a single large
electrode to the average of the small electrodes covering the same area over the muscle.
EMG signals exhibit not only temporal but
also spatial variability. By recording the EMG
signal with a large electrode the potential field
underneath the electrode is assumed to be
averaged. We used a finite element model to
evaluate the validity of the averaging principle.
The simulation results revealed that potential
averaging is valid under practical conditions.
Most important is the influence of the double
layer impedance. In addition, the conductivity
of the skin plays a role. We also tested the principle of potential averaging experimentally. By
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stimulating the median nerve a reproducible
maximal CMAP is obtained. By positioning
a single large electrode covering a predefined
area of the muscle that coincides with an area
of a number of high-density electrodes, the
CMAP was obtained a second time. The averaged potential of the high-density electrodes
was in agreement with the single large electrode. This principle of averaging was now
proven theoretically and experimentally for
the first time and is crucial in comparing highdensity MUNE with single large electrode
MUNE as was performed in chapter 6, but
it is also relevant for the simulation studies of
chapter 5 and 8 in this part.
In chapter 5, the effect of small MUPs on
MUNE was studied. According to consensus
criteria small MUPs (negative peak amplitude < 10 μV) should be omitted from the
sample because they may have a disproportionate influence and may increase variability.
The amplitude of a MUP is influenced by a
number of factors of which motor unit size
and distance to the electrode are most important. As the high-density electrode grid covers
the muscle almost completely, a number of
the small electrodes are always optimally positioned for a certain MUP. Using the MUPs
from healthy subjects and ALS patients that
were obtained with high-density surface
EMG, a simulation study was performed. By
omitting small MUPs from the mean MUP it
was found that the variability did not decrease
much. However, a large bias was introduced
as in the healthy group up to 27% of the
MUPs had a negative peak amplitude smaller
than 10 μV. In ALS, only 12% of the MUPs
were considered small MUPs. By omitting the
small MUPS the difference between the ALS
patients and healthy controls was reduced
(figure 5-5). This would result in an underestimation of the disease progression while reproducibility hardly improved. Therefore, it is
suggested that small MUPs should be included
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in the estimate.
In chapter 6, the influence of MUP size on
the statistical MUNE technique was evaluated
and a comparison between the high-density
MPS MUNE technique and the Poisson and
binomial statistical MUNE methods was made.
The variability in MUNE over the electrode
grid was used in this study to determine the
effect of non-uniform MUP size on MUNE.
In principle, if statistical MUNE would not
be affected by MUP size, the MUNE for each
single electrode should be the same because
the same MUPs are alternating independent
of the electrode. We found that MUNEs from
electrodes only 8 mm apart could deviate by as
much as 60% (figure 6-4). The large differences
in MUNE are caused by the variability in the
bandwidth (variance over successive stimuli)
for which the statistical MUNE technique
seems very sensitive. This variation is directly
related to spatial differences between MUPs
and hence is related to differences in MUP
size. To our surprise, we did not find any relation between the MPS high-density MUNE
and the statistical MUNEs (figure 6-3). In
theory, the absence of a relation could be
caused by any of the two MUNE techniques.
However, as described above, for the MPS type
of MUNE the only assumption that needs to
be met is that a representative sample of MUPs
is obtained. For both statistical techniques the
underlying assumptions are more difficult or
even impossible to meet. The Poisson method
assumes that the chance for each motor unit to
be activated is equal, and small compared to
the number of motor units already active. The
binomial method on the other hand assumes
that a large part of the total number of motor
units is alternating at a given stimulus intensity.
Furthermore, both techniques assume that all
motor units are uniform in size, an assumption
that is clearly not met. Because of its sensitivity
for unstable MUPs it was suggested that the
method should not be used in any diseases

that affect motor unit stability (Shefner et
al., 2007). Our study adds more rigorous data
suggesting that, although the methods are
elegant, these methods should not be used for
motor unit number estimation as the results
appear unreliable. However, absence of a gold
standard does not allow us to conclude that the
statistical MUNE does not correspond with
the actual number of motor units.
This lack of a gold standard also motivated the development of a model to monitor
MUPs during the process of denervation and
reinnervation. In chapter 7 such a model
is described and evaluated. We simulated
the process of motoneuron loss by virtually
removing motoneurons one by one leaving
all the muscle fibres orphaned. Muscle fibres
were then reinnervated by other motoneurons
with a muscle fibre next to the orphaned fibre.
Simulations were performed for a small muscle
containing 200 motor units and a large muscle
with 500 motor units. Upon motoneuron
loss, we found that CMAP amplitude did not
decrease until about 50% of all motoneurons
were removed (figure 7-6A). The shape of
the MUPs amplitude distribution remained
roughly similar up to a late stage of motoneuron loss. As the width of the amplitude distribution is one of the key factors determining
the variability in MUNE, it is unlikely that
reproducibility changes significantly during
motor unit loss (figure 7-6B). This may be
considered counter intuitive and is in contrast
to the literature. A second aspect that was
tested using the described model was the influence of distant motor units on MUNE. The
fact that the MUPs from distant motor units
in a large muscle may not be measureable
using surface EMG, resulted in a large bias and
an underestimation of the rate of progression.
We concluded that MUNE results from large
muscles should be interpreted with care as they
might contain a bias towards lower numbers
and might underestimate disease progres-
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sion. Although the process of reinnervation
by this model is very much simplified, this
study underlines that CMAP underestimates
motoneuron loss, and supports the search for
a method to determine the number of motor
units in order to closely follow the underlying
mechanism of disease progression.
Part IV: Clinical applications
In amyotrophic lateral sclerosis (ALS), progressive motoneuron loss is usually observed over
a short period of time. ALS patients lose the
ability to use their muscles gradually resulting
in death in two to three years after diagnosis.
To determine if a therapeutic agent is effective, clinical trials are in need for a sensitive
marker to monitor disease progression. The
most direct way to monitor motoneuron loss is
by MUNE techniques. As patients may differ
strongly in the rate of disease progression,
MUNE might be used to distinguish between
slow and fast progressing patients. In chapter
8, we applied MUNE in a follow-up study
of 18 ALS patients and followed them for a
period of 8 months. MUNE showed good
reproducibility that was in the same range as
for the healthy group with a median coefficient
of variation of 13.7% and an intraclass correlation of 0.86 (figure 8-2). MUNE decreased
significantly more than other measures as
e.g. the ALS functional rating scale. Patients
could be stratified based on their decrement
in MUNE after 4 months. However, highdensity MUNE we used requires special equipment, which certainly limits a wide clinical use
at present. We concluded that high-density
MUNE is potentially useful in phase II clinical
trials to test drug efficacy and that the current
results certainly justify further research on the
subject.
Although the importance of MUNE is
most often discussed in relation to ALS, it is
certainly of interest in other diseases that affect
the number of motoneurons. In Charcot-
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Marie Tooth diseases type 1A (CMT1A),
weakness in feet and hands is most noticeable
while more proximal muscles are less often
involved. CMT1A is a demyelinating hereditary neuropathy. There is marked phenotypical
variability, even between siblings. In chapter
9, we used high-density MUNE to study, in a
cross-sectional design, the number and size of
motor units in relation to age in a large group
of adult CMT1A patients and age-matched
healthy controls. We obtained CMAPs and
MUNEs from patients and controls. MUNEs
and CMAP amplitude values were lower in
patients and controls and correlated with
hand weakness in patients. CMAP amplitudes declined with age in controls but not
in patients. However, MUNE declined in
both patients and controls (figure 8-2). We
found no difference in the decline of MUNE
between patients and controls. Unexpectedly,
we found that motor nerve conduction
velocity (MNCV) was positively related to
age. As this is in contrast with previous reports
and MNCV has been found to be related to
disease severity, we concluded that a bias may
be present in our data. This bias prevents us
from drawing firm conclusions. However, our
data are in line with data from the literature,
suggesting that in CMT1A patients age related
motor unit loss is limited and may be in range
of normal aging. As adult patients start-off
with a much lower number of motor units,
additional loss of motor units due to ageing
may affect these patients more than healthy
controls with considerable disability as a
consequence.
In chapter 10, we studied how hand function and manual dexterity is related to motor
axon loss. Hand function, manual dexterity,
and axon loss were studied in 48 patients with
proven CMT1A. Motor function of the hand
was found to be related to CMAP amplitude
and MUNE. Sensory impairment was not
significantly related. Although in CMT1A
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sensory and motor functions are affected,
sensory abnormalities were found only in a
minority of the patients and were generally
mild. Neurophysiologic variables were particularly associated with fine motor function of the
hand, indicating that motor axon loss is likely
to be the major cause of hand dysfunction and
impaired manual dexterity in CMT1A. In a
clinical setting, the evaluation of hand function of patients with CMT1A should thus
be mainly directed toward the evaluation of
the intrinsic hand muscles. Unexpectedly,
MUNE and CMAP correlated equally well
with clinical variables. Although one might
expect mainly enlarged motor units in a slowly
progressive disease this was apparently not the
case. This does coincide with the notion that
motor unit loss is already severe in a very early
disease stage and that reinnervation fails to
keep up with motor unit loss.

Outlook
In this thesis a novel method is presented that
uses high-density surface EMG to determine
the number of motor units in a muscle. The
method has a number of advantages that have
been described above. Briefly, alternation can
be resolved, a relative large sample of MUPs
can be obtained, small MUPs are more easily
recognized, phase cancellation effects are
incorporated, and an indication of the representativity of the mean MUP can be given.
The main disadvantage of the technique is
that it requires specific equipment and that an
additional effort must be made for data analysis. Modern standard clinical EMG machines
have multiple channels and the relative costs
for additional channels are limited. However,
the number of channels that we used in our
studies is still much greater than what is available on a standard EMG machine and hence
future research should be directed to find the
number of channels minimally required for the

multichannel MUNE principle. With these
practicalities in mind, it seems feasible to use
a reduced form of multichannel MUNE on
standard clinical machines in the near future.
To reduce analysis time and subjectivity,
a fully automated technique should be developed that recognizes alternation. Up to now
we were only able to show that this is possible
for simulated signals (unpublished data). More
advanced data analysis algorithms need to be
developed to be able to automate this part of
the procedure. Furthermore, there are other
relative new MUNE methodologies that are of
interest and the model described in chapter 7
could play a role in evaluating and comparing
these different techniques.
Once an automated method is developed and the number of required channels
is reduced, a multichannel electrode-grid
should be available that is easily positioned.
High-density surface EMG is also applied
in other fields (e.g. movement science). This
will facilitate and speed up the development
of new electrode types that may be cheaper
to manufacture and can be applied quickly.
There is already an interest from commercial
companies to develop high-density electrodegrids and provide them together with high-end
amplifier systems.
The principle of high-density MUNE
can also be used to follow individual motor
units over time (motor unit tracking) as was
described in a recent paper by Maathuis et
al. (Maathuis et al., 2008). This way, detailed
information on the life cycle of a single motor
unit under neurogenic conditions can be
followed. The change of certain motor unit
properties under these conditions might be of
interest as a marker for disease progression and
could also improve our understanding on the
effect of aging on the number of motoneurons
in healthy subjects.
In CMT1A it would be valuable to
perform a longitudinal study in young chil-
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dren as indicated in chapter 9. Although such
a study is not without difficulties, there is still
much to learn on how motor units are affected
during the course of the disease and whether at
any time during childhood a normal number
of motor units is present. A detailed long term
follow-up study might give more information
on the changes that occur on a motor unit
level and provide information on reinnervation capabilities. MUNE might also be used
to test therapeutic agents especially in a disease
as CMT1A, where progression is slow. A sensi-

148

tive marker is required to detect an effect of the
agent on axonal loss or reinnervation capabilities, far before these losses become clinically
visible.
If we can meet the, mainly technical, challenges described above we can expand the
field of clinical neurophysiology with a valuable tool for monitoring diseases primarily
affecting motoneurons or axons and hopefully
contribute to the development of new therapies.
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it proefschrift bestaat uit vijf delen. Na een introductie in deel 1 volgt
een beschrijving van een nieuwe methode voor het schatten van het aantal
motorische eenheden. In deel 3 wordt verder ingegaan op een aantal methodologische aspecten. Klinische toepassingen worden in deel 4 beschreven en een
afsluitend vijfde deel bevat de Engelstalige samenvatting en vooruitblik naar toekomstig onderzoek.

Deel I: Introductie
De kleinste functionele eenheid van ons bewegings systeem wordt de motorische eenheid of
motor unit genoemd. Een motor unit bestaat
uit een motorische zenuwcel gelegen in het
ruggenmerg, zijn lange uitloper in het lichaam,
het axon, en de daardoor bestuurde spiervezels.
Het aantal motor units waardoor een spier
wordt aangestuurd varieert naar schatting van
enkele tientallen tot enkele honderden. Het
precieze aantal is echter lastig te bepalen omdat
er geen techniek beschikbaar is om dit exact
vast te stellen. Zelfs dierexperimenteel is het
onmogelijk om zonder een aantal aannames
het aantal motor units te bepalen. In 1971
werd door McComas voor het eerst onderzocht
of een schatting kon worden gemaakt van het
aantal motor units op basis van elektromyografische (EMG) metingen. Het idee van zijn
“incrementie methode” was eenvoudig: de
samengestelde maximale respons (CMAP) van
een hele spier als gevolg van een sterke elektrische stimulatie van alle axonen wordt gedeeld
door een representatieve bijdrage van individuele motor units, ook wel de gemiddelde
motor unit potentiaal (MUP) genoemd. Dat
geeft een schatting van het totale aantal motor
units (MUNE). De gemiddelde potentiaal
werd verkregen door de stroomsterkte juist
heel laag te houden, en langzaam te verhogen,
om zo bijdragen van verschillende individuele
motor units te kunnen onderscheiden.
Een belangrijk en lastig oplosbaar
probleem bij deze techniek is dat een zichtbare

verandering in de spierrespons niet per definitie aan een nieuwe motor unit kan worden
toegeschreven. Omdat de stimulatiedrempels
van verschillende axonen overlappen en omdat
er alleen een kans is dat een motor unit actief
is bij een gegeven stimulatiesterkte, kunnen er
combinaties van motor units actief zijn. Deze
alternerend actieve motor units zorgen ervoor
dat het bepalen van een gemiddelde MUP
een subjectieve factor bevat. Veel alternatieve
technieken zijn voorgesteld om deze alternatie
te omzeilen of juist te gebruiken, waarbij het
vooral lastig is dat er geen gouden standaard
beschikbaar is waaraan nieuwe methoden en
technieken kunnen worden getoetst. Hierdoor
zijn we genoodzaakt om een techniek te beoordelen op basis van theoretische argumenten en
de waarde in de praktijk te testen.
Deel II: Een nieuwe methode voor het
schatten van het aantal motor units
In hoofdstuk 3 van dit proefschrift introduceren we een techniek voor het schatten van
het aantal motor units die gebruik maakt
van high-density EMG. High-density EMG
gebruikt een grid van meer dan honderd
kleine elektroden die dicht op elkaar in een
enkele houder op de huid boven de te onderzoeken spier worden geplaatst. De geïntroduceerde methode bevat elementen van de
door McComas voorgestelde incrementie
methode en de later gepubliceerde “multiple
point” stimulatie techniek. De voordelen van
deze schattingstechniek zijn: 1) individuele

151

12

Chapter 12

MUPs kunnen makkelijker worden herkend
aan de hand van hun spatio-temporele profiel
(vingerafdruk in tijd en plaats) waardoor het
fenomeen van alternatie deels kan worden
opgelost; 2) met deze techniek kan een relatief
grote steekproef van MUPs genomen worden;
3) kleine MUPs kunnen beter worden herkend
door de kleine elektroden en het grote oppervlak van de elektrodengrid; 4) per plaats van
stimuleren kunnen meerdere MUPs worden
verkregen. Hierdoor wordt het uitdovende
effect verwerkt dat ontstaat bij de sommatie
van de positieve en negatieve fasen van de
MUPs. Dit effect is immers ook aanwezig in
de maximale CMAP; 5) De vergelijking van
het spatio-temporele profiel van de CMAP en
de gemiddelde MUP geeft een indicatie voor
hoe representatief de steekproef van MUPs is.
Deel III: Methodologische aspecten
In hoofdstuk 4 is onderzocht of het signaal van
een grote elektrode hetzelfde is als het gemiddelde signaal van een aantal kleine elektroden
op hetzelfde deel van de spier. Hoewel altijd is
aangenomen dat dit middelingsprincipe geldig
is en dit in veel modellen wordt gebruikt, was
er tot op heden geen direct bewijs voor. Om
dit te onderzoeken hebben we een eenvoudig
theoretisch model beschreven en dit vervolgens
getest in een zogenaamd eindige elementen
volumegeleider model. Op basis van deze twee
modellen konden we concluderen dat onder
praktische omstandigheden het middelingsprincipe geldig is. Daarnaast hebben we met
behulp van high-density EMG laten zien dat
ook in de praktijk deze gemeten potentiaal
van een grote elektrode vrijwel gelijk is aan het
gemiddelde van een aantal kleine elektroden.
In hoofdstuk 5 wordt ingegaan op het
effect van kleine MUPs op de schatting van het
aantal motor units. Kleine MUPs zijn lastig te
meten en volgens de internationale consensus
criteria voor MUNE zouden kleine MUPs met
een negatieve piek amplitude van minder dan
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10 µV niet moeten worden meegenomen in de
berekening van gemiddelde MUP. De amplitude van een MUP hangt echter van een aantal
factoren af, waaronder de elektrodegrootte en
de afstand tot de motor unit. Het voordeel van
de high-density EMG elektroden is dat één
van de vele elektrode altijd optimaal gepositioneerd is boven een bepaalde motor unit, er
nauwelijks spatiële middeling plaatsvindt en
deze dus een maximale amplitude oplevert.
Aan de hand van MUPs gemeten met highdensity EMG bij gezonde controles en bij ALS
patiënten is een simulatiestudie gedaan naar het
effect van het weglaten van deze kleine MUPs
op de schatting van het aantal motor units.
Naast een bias door een onderschatting van
het aantal motor units was het ook duidelijk
dat de reproduceerbaarheid van de techniek,
uitgedrukt in de genormaliseerde standaarddeviatie, nauwelijks verbeterde. Daarbij komt
het feit dat het aantal kleine MUPs bij ALS
patiënten relatief veel kleiner is waardoor het
weglaten van kleine MUPs zal leiden tot een
onderschatting van het ziekteproces bij ALS.
Het advies is dan ook om kleine MUPs, indien
goed meetbaar, mee te nemen in een MUNE
analyse.
In hoofdstuk 6 hebben we gekeken naar
de invloed van de grootte van motor units
op de statistische MUNE technieken en deze
vergeleken met de in hoofdstuk 3 beschreven
high-density EMG techniek. Statistische technieken maken juist gebruik van het feit dat
motor units alternerend actief zijn en meten
de variabiliteit van de respons bij gelijkblijvende stimulatiesterkte. Per high-density elektrode is een schatting gemaakt van het aantal
motor units met behulp van twee statistische
technieken, de Poisson en de binomiaal gebaseerde technieken. Indien deze MUNE technieken ongevoelig zouden zijn voor de motor
unit grootte dan zou het aantal geschatte
motor units voor elke elektrode hetzelfde
moeten zijn. We vonden dat de schatting
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van het aantal motor units tot wel 60% kon
afwijken tussen elektroden die niet meer dan
8 mm uit elkaar lagen. De grote variatie wordt
vooral veroorzaakt door de variabiliteit in de
variantie bepaald over de respons bij gelijkblijvende stimulatie sterkte. Verassend was ook
dat de er tussen de high-density EMG techniek en de statistische technieken geen relatie
te vinden was. In principe zou dit aan één van
beide technieken kunnen liggen. Voor de highdensity methode is er echter enkel de aanname
dat een representatieve set MUPs verkregen
moet worden. Voor de statistische methode,
gebaseerd op Poisson statistiek, is het moeilijk
of zelfs onmogelijk te voldoen aan de aanname
dat alle geactiveerde motor units een gelijke
kans van vuren hebben en dat de kans van
vuren klein is in vergelijking met het aantal
motor units dat al actief is. Daarbij komt dat
de twee onderzochte statistische methoden
aannemen dat alle motor units even groot
zijn, een aanname die aantoonbaar onjuist is.
Doordat de statistische methode erg gevoelig
blijkt te zijn voor instabiele MUPs was al in een
eerder onderzoek gesuggereerd dat de methode
niet geschikt is voor het volgen van aandoeningen die invloed hebben op de stabiliteit
van MUPs. Onze studie voegt daaraan toe dat,
hoewel de statistische methoden elegant zijn,
de resultaten onbetrouwbaar lijken. Door het
gebrek aan een gouden standaard is het echter
niet mogelijk formeel vast te stellen hoe onjuist
de waarden uit de statistische technieken zijn.
Het gebrek aan een gouden standaard was
ook de motivatie voor de ontwikkeling van
een model om MUPs te simuleren tijdens
het proces van denervatie en reïnnervatie, een
proces van het lichaam om losgelaten spiervezels weer aan een nog levend axon te koppelen.
In hoofdstuk 7 is dit model beschreven en
geëvalueerd. Motor units werden één voor één
verwijderd en de bijbehoren spiervezels gekenmerkt als losgelaten. Deze losgelaten spiervezels konden vervolgens overgenomen worden

door nog intacte axonen. De simulaties zijn
gemaakt voor zowel een kleine spier met 200
motor units als voor een grote spier met 500
motor units. De gesimuleerde CMAP amplitude bleek tot een afname van ongeveer 50%
van alle motor units niet of nauwelijks te dalen
door het proces van reïnnervatie. De breedte
van de amplitudeverdeling van de MUPs bleek
bovendien vrijwel gelijk te blijven totdat een
groot deel van alle motor units verwijderd
was. Aangezien de reproduceerbaarheid van
een meting vooral afhangt van de breedte van
deze amplitudeverdeling, neemt ook de relatieve variabiliteit uitgedrukt als de “coefficient
of variation” van de techniek niet sterk af met
verlies aan motor units. Dit lijkt in tegenstelling tot de suggesties in de literatuur waarin
verondersteld wordt dat de techniek betrouwbaarder wordt naarmate het aantal motor units
afneemt. Vervolgens hebben we in aansluiting
op hoofdstuk 5 gekeken naar de invloed van
MUPs die te klein zouden zijn om opgepikt
te worden door oppervlakte EMG elektroden.
Door het weglaten van deze MUPs van voornamelijk klein motor units op relatief grote
afstand van de elektrode, ontstaat een grote
bias en een onderschatting van de mate van
de gemodelleerde ziekteprogressie. Omdat dit
vooral een probleem is bij grote spieren concluderen we dat MUNE resultaten van grote
spieren voorzichtig geïnterpreteerd moeten
worden aangezien de mate van progressie
onderschat kan worden. Hoewel elk model,
inclusief dit model, per definitie een vereenvoudigde weergave van de werkelijkheid is, laat
het zeker zien dat de daling van CMAP amplitudes pas relatief laat op gang komt wat het
belang van een goede schattingstechniek voor
het volgen van aantal motor units bij progressieve neurogene aandoeningen onderstreept.
Deel IV: Klinische toepassingen
Bij patiënten met amyotrofische laterale
sclerose (ALS) kan in een korte periode een
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progressief verlies van motor units indirect
worden waargenomen. Patiënten met ALS
verliezen hun spier functie en overlijden
gemiddeld twee tot drie jaar na het stellen
van de diagnose. Bij ALS is het afsterven van
de motorische voorhoorncel de oorzaak die
uiteindelijk leidt tot krachtverlies. Waardoor
de zenuwcellen dood gaan is niet bekend.
Om in een klinische trial aan te tonen dat een
therapeutisch middel effectief is, zijn variabelen nodig die het ziekteproces nauwkeurig
volgen. De meest direct methode om het ziekteproces te volgen is het bepalen van het aantal
motor units. Omdat patiënten sterk kunnen
verschillen in ziekteprogressie, zou de MUNE
techniek wellicht ook gebruikt kunnen
worden voor het onderscheiden van patiënten
met snelle en langzame progressie. In hoofdstuk 8 hebben we het aantal motor units in een
duimspier bij 18 patiënten met ALS gevolgd
gedurende een periode van 8 maanden. Na de
eerste meting werd binnen 2 weken een reproduceerbaarheidsmeting gedaan. De reproduceerbaarheid was goed en vergelijkbaar met
die van gezonde proefpersonen. Het aantal
motor units daalde bovendien sneller dan alle
andere uitkomstmaten zoals kracht, CMAP en
de “ALS functional rating scale”. Kanttekening
bij de gebruikte techniek is echter dat hiervoor
specifieke apparatuur nodig is en de analyse
nog relatief veel tijd in beslag neemt. Beide
aspecten staan een snelle toepassing in de
klinische praktijk nog in de weg en toekomstig onderzoek zou zich moeten richten op het
verder automatiseren van de techniek.
Hoewel de MUNE techniek vooral geassocieerd wordt met ALS, is het ook een techniek
die voor andere neurogene aandoeningen van
betekenis kan zijn. Bij de erfelijke ziekte van
Charcot-Marie-Tooth type 1A (CMT1A) is
er vooral sprake van spierzwakte in de handen
en voeten, terwijl de meer proximale spieren
grotendeels gespaard blijven. Er kunnen, zelfs
tussen tweelingen, grote verschillen zijn in het
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fenotype. CMT1A wordt gekenmerkt door
demyelinisatie van de motorische en sensibele zenuwen. In hoofdstuk 9 hebben we in
een cross-sectionele studie bij een grote groep
CMT1A patiënten gekeken naar de relatie
tussen leeftijd en het aantal en de grootte van
motor units. CMAP amplitudes en het aantal
motor units zijn bepaald bij 69 patiënten en
55 gezonde proefpersonen. Zowel de CMAP
amplitude als het aantal motor units was
lager bij patiënten in vergelijking tot gezonde
controles en beide maten correleerden bij patiënten met de knijpkracht van de handen. De
CMAP amplitude daalde met de leeftijd bij
de controles, maar niet bij de patiënten. Het
aantal motor units daalde in beide groepen.
We vonden geen verschil tussen patiënten en
controles wat betreft de daling in het aantal
motor units met leeftijd. Een onverwachte
bevinding was de positieve relatie van de geleidingssnelheid van de zenuwvezels (MNCV)
met het vorderen van de leeftijd. Omdat uit
eerder onderzoek is gebleken dat een lagere
MNCV correleert met ziekte ernst, moeten we
concluderen dat de door ons verkregen dataset
mogelijk een bias bevat waarbij de oudere patiënten relatief minder aangedaan zijn dan de
jonge patiënten. Zeer duidelijke conclusies zijn
dus aan dit onderzoek helaas niet te verbinden.
Omdat echter de resultaten in dezelfde richting wijzen als die van eerder onderzoek,
kunnen we voorzichtig stellen dat leeftijd gerelateerd axonaal verlies beperkt lijkt te zijn bij
deze patiëntengroep en niet sterker is dan bij
gezonde controles. Maar omdat patiënten met
een veel kleiner aantal motor units beginnen,
kan een additioneel verlies van axonen bij patiënten wel een grotere impact hebben dan bij
gezonde controles. Een behoorlijke handicap
kan het gevolg zijn.
In hoofdstuk 10 hebben we gekeken of
de handfunctie en handvaardigheid bij patiënten met CMT1A gerelateerd is aan verlies
van axonen. Handfunctie, handvaardigheid en
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axonaal verlies is onderzocht in een populatie
van 48 patiënten. Handfunctie was gerelateerd
aan de CMAP amplitude en het aantal motor
units. Hoewel bij patiënten met CMT1A
zowel sensibele als motorische functies zijn
aangedaan, werden afwijkingen van de sensibele functies slechts in een minderheid van de
patiënten gevonden en was de afwijking in de
meeste gevallen gering. De neurofysiologische
variabelen waren vooral gerelateerd aan de
fijne handmotoriek wat een aanwijzing is dat
het verlies van axonen de belangrijkste oorzaak
is van verminderde handvaardigheid bij deze
patiëntengroep. Klinisch gezien is het dus van
belang de intrinsieke handspieren te onderzoeken. Onverwacht bleek dat het geschatte
aantal motor units (MUNE) en de CMAP
amplitude even sterk correleerden met de klinische variabelen. Hoewel men zou verwachten

dat vooral grote motor units zichtbaar zouden
zijn in een langzaam progressieve ziekte, was
dit niet het geval. Dit komt wel overeen met
eerdere studies waarbij duidelijk was dat het
verlies aan motor units al ernstig kan zijn vroeg
in het ziekteproces. Het is dus mogelijk dat bij
CMT1A reïnnervatie het verlies van motor
units niet goed kan compenseren.
Samenvattend bevat dit proefschrift dus een
aantal experimentele en theoretische studies
om het effect van het uitvallen van motorische
axonen te kwantificeren en daarmee ziekteprocessen beter te begrijpen en te diagnosticeren.
De werking in theorie en praktijk van verschillende MUNE technieken komt aan bod.
High-density EMG bleek daarbij een belangrijk hulpmiddel. Toepassingen in de routine
liggen in het verschiet en vragen vooral om een
verdere vereenvoudiging van de methodieken.
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