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a b s t r a c t
Motor units discharge at variable rates and thereby produce spike trains that are inherently nonstationary.
For signal analysis techniques that assume data stationarity, such as those for detecting and quantifying
coherence and short-term synchronization (STS), nonstationarity presents a potential source of inaccuracy. If coherence and STS indices are sensitive to the level of nonstationarity, broad application of these
techniques to nonstationary spike trains could diminish the validity of previous and future motor unit
synchronization studies. To address this concern, spike trains taken from intramuscular EMG recorded in
two hand muscles during a 2-min, submaximal isometric task were checked for signiﬁcant nonstationarity using the Mann–Kendall test. Linear regressions were then performed for coherence and STS indices
against the mean spike train nonstationarity strength for all physiological spike train pairs (n = 92). Peak
coherence, coherence index, k − 1, and CIS were used to quantify synchronization, whereas two indices
(StIn and StatAv) were used to quantify nonstationarity. To extend the scope and power of this study, an
integrate-to-ﬁre model was used to create a much larger pool of simulated spike train pairs (n = 2520)
with predetermined synchronization and stationarity strengths and discharge properties that closely
approximated those of the physiological pool. Regressions for both physiological and simulated pairs
revealed that coherence, STS, and their indices were insensitive to stationarity. Therefore, motor unit
spike train coherence and STS measurements should be robust across all synchronization and nonstationarity levels typical for steady submaximal tasks. Additionally, this ﬁnding should hold for all spike
trains with similar levels of synchronization and nonstationarity, regardless of origin.
© 2009 Elsevier B.V. All rights reserved.

1. Introduction
There are two popular methods for detecting and quantifying
the synchronized ﬁring of two motor units. In the time domain,
cross-correlation of the motor unit ﬁring times (spike trains) can
reveal short-term synchronization (STS), a metric that expresses
the incidence of near-simultaneous (<10 ms) motor unit discharges
(Sears and Stagg, 1976). Alternately, coherence of two spike trains
quantiﬁes the frequency and strength of one or more common
neural inputs (Rosenberg et al., 1989). However, there are some
limitations to the effectiveness of each measurement. STS relies on
the proper selection of a peak region, which can be somewhat subjective, and is quantiﬁed by a number of indices that are sensitive
to ﬁring rate and its variability (Nordstrom et al., 1992; Farmer et
al., 1997). For coherence measurements, ﬁring rate variability and,
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more signiﬁcantly, common input variability cause irregular ﬁring
patterns that broaden the dispersion of signal power, making it less
likely that coherence measurements will detect a common input
(Terry and Grifﬁn, 2008). This study showed that as variabilities of
a ﬁxed-amplitude common input increased from 0.15 to 0.50, the
probability that a known input would be detected by coherence
measurements decreased by more than 50%. In addition to these
concerns, both coherence and STS may be limited in their application due to the fact that they were designed for use on stationary
signals.
Strictly speaking, a signal is stationary if all of its statistical properties are constant for the entire data record. More precisely, a
random signal is said to be stationary if the probability distribution function (pdf) of all signal segments are invariant with time. A
broader classiﬁcation, commonly referred to as ‘weak stationarity’,
can be applied if the signal’s mean and variance are constant. For
most purposes, this less restrictive form of stationarity is sufﬁcient
to justify the use of cross-correlation and cross-spectral computations, such as STS and coherence (Bendat and Peirsol, 2000) and
is therefore the deﬁnition used for this study. However, because
of changing task demands and metabolic effects, spike trains, like
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most biosignals, still do not meet the less stringent requirements
of weak stationarity.
In the case of motor unit spike trains, signal nonstationarity
is a prominent characteristic of experiments involving isometric
and dynamic contractions at both high and low forces. Firing rate
variability was found to increase during prolonged isometric contractions (Nordstrom and Miles, 1991; Johnson et al., 2004). Also,
spike trains recorded during low, steady isometric forces exhibit
ﬁring rates that slowly decrease as twitch force potentiates and
twitch force duration increases (De Luca, 1979). This same study
also found that nonstationarity of motor unit spike trains could
result in a false indication of interdependence of interspike intervals (ISIs) that would create inaccurate assessment of spike train
autocorrelations. Most signiﬁcantly, Englehart and Parker (1994)
used both physiological and simulated motor unit spike trains to
show that increases in nonstationarity positively skewed the spike
train pdfs and attenuated the power spectral density (PSD) peaks.
Because STS calculations rely on cross-correlations and coherence
depends on auto- and cross-PSDs, stationarity effects could also
signiﬁcantly affect the accuracy and reliability of experimental STS
and coherence values.
The goal of this study was to determine if spike train nonstationarity strength was correlated to STS and coherence measurements.
To do so, spike trains were tested for signiﬁcant nonstationarity,
nonstationarity was quantiﬁed, and then STS and coherence indices
were calculated for each spike train pair. This process was initially
performed for physiological motor units during a low-force isometric task. To increase the statistical power of this study and take
advantage of a priori knowledge of common input strength, a pool of
simulated spike trains was produced with ﬁring rates, coefﬁcients
of variation, and nonstationarity similar to those of the physiological pool. These spike trains were produced in pairs, with common
input strengths that increased from nonexistent to a level slightly
greater than that found in physiological motor pairs. By examining the effects of nonstationarity on each pool, two different but
related issues would be addressed. First, if physiological STS or
coherence indices were correlated to stationarity indices, that correlation would indicate either a dependency of synchronization—or
the indices used to quantify it—on spike train stationarity. The
second issue would be to delineate between the effects of spike
train nonstationarity on actual synchronization levels and those
effects that are related only to the calculation of the indices. If
dependencies are found for simulated trains with the same synchronization strength, then the indices for which dependencies
were found would be suspect. Conversely, if these dependencies
did not exist within a prescribed synchronization level, but did
exist across all synchronization levels, then the there would be
evidence that nonstationarity inﬂuences synchronization itself. If
either type of dependency existed, this knowledge could then be
used to correct or prevent misleading ﬁndings based on synchronization analyses skewed by spike train nonstationarity. Otherwise,
these synchronization indices could be used with conﬁdence for
spike trains with similar discharge characteristics.

2.2. Experimental set-up and design
Participants were seated with their left forearm, wrist, and hand
stabilized in a splint to prevent postural changes during the experiment. The hand was secured in the pronated (palm-down) position
and the thumb and index ﬁnger were each placed against opposite
sides of independent cantilevered force transducers that measured
force from each digit (Fig. 1). An additional restraint immobilized
the other digits to minimize their inﬂuence on recorded forces. The
assigned task was simultaneous thumb adduction and index ﬁnger
abduction.
Applied forces were standardized as a percentage of maximal
voluntary contraction (MVC) and each digit’s MVC force was measured during the task. However, it should be noted that due to the
nature of a multi-digit task involving opposing digit forces, MVC
values for this study may differ from those found in single-digit
studies. To measure each MVC force, each person was instructed to
relax their arm and shoulder while applying maximal force through
the proximal interphalangeal joint of each digit for 3 s three times in
succession with 5-s rest intervals. When the MVC force was consistent (±5% of the mean) for three consecutive attempts, the average
of the two highest independent digit forces was established as the
MVC force for each digit.
Actual and target forces were displayed on an LCD monitor
approximately 24 in. from the subject. Target forces were indicated by a cursor that moved from the monitor’s extreme lower
left corner, representing zero force, toward the extreme upper
right corner, which represented their 12% MVC force. This scaling
resulted in a customized gain for each subject and digit. A second
cursor represented actual digit forces that covered the same force
range. Both cursors moved to the right with increasing thumb force
and up with increasing ﬁnger force. Before each trial, the subject
was asked to relax their hand so the cursor could be placed at the
origin by removing the voltage offset for each force channel. For the
ramp (up)–hold-ramp (down) task, the target cursor would move
linearly from the origin (zero force) to the ﬁnal position (target
force) at a rate of 1.5 s for each 1% MVC increase, hold at the target
force for a prescribed period, and then return to the origin by the
same linear path and at the same rate. The assigned task was to
apply the correct force with each digit so that the actual and target
force cursors overlapped throughout each task.
Following MVC force measurements, each person was given
time to become familiar with the apparatus and protocol by practicing ramp–hold-ramp contractions at 2%, 4%, 8%, and 12% MVC
for 60-s hold periods. Progressively longer rest periods at higher
forces (15, 15, 30, and 60 s, respectively) were used between tri-

2. Materials and methods
2.1. Participants
Nine right-handed people (ﬁve men/four women) between the
ages of 20 and 45 (28.2 ± 9.5) years participated in this study.
They were free of neuromuscular disorder and fully informed of
the experimental procedures during an orientation session before
signing a consent form. All procedures were approved by the Institutional Review Board at The University of Texas at Austin. Each
person participated in two experimental sessions separated by
approximately four weeks.

Fig. 1. Experimental set-up showing restrained left hand and electrode placement
with index ﬁnger and thumb placed against force transducers
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als to prevent fatigue. The practice session consisted of a series of
two ramp–hold-ramp tasks at each force. This set of eight tasks
was repeated during the ﬁrst session to ensure familiarity with the
set-up, but was performed only once during the second session.
After the practice session, the dorsal surface of the hand was prepared before inserting two monopolar needle electrodes (25 mm
long, 0.010 in. diameter tungsten coated with Formvar, FHC) into
the adductor pollicis (AdP) and two electrodes into the ﬁrst dorsal
interosseous (FDI). A disposable silver chloride surface ground electrode was placed at the ulnar styloid process of the wrist and the
reference electrode was placed over the proximal FDI tendon. The
location of the electrodes was conﬁrmed by viewing the EMG channels on a separate monitor to ensure that activity was seen on the
FDI channels for small isolated index ﬁnger abductions and on AdP
channels during small isolated thumb adductions. Before starting a
trial at each force, each person performed brief contractions at the
target force as EMG signals from each electrode were monitored.
If motor units were not clearly distinguishable, the corresponding electrode was carefully repositioned until at least one clearly
deﬁned motor unit action potential (spike) was consistently visible
when the target force was maintained. This process continued until
clearly deﬁned spikes could be seen on each EMG channel.
For the experimental protocol, the ramp rate was the same as
that for practice trials, but the hold period was increased to 2 min
(versus 60 s) with longer rest periods of 30, 30, 60 and 90 s for 2%,
4%, 8%, and 12% MVC, respectively. As in the practice sessions, two
ramp–hold-ramp trials were performed at each force, however, to
ensure that performance was not correlated to the order of force
progression, ﬁve participants performed the trials in reverse order
(12% → 8% → 4% → 2%). The experiment concluded after acceptable
data had been collected for at least two trials at each force.
2.3. Data collection and analysis
A PC (Pentium® IV with Windows® XP OS) with dual 19 in.
LCD monitors was used to record all force and EMG data. One
monitor provided real-time displays of target and actual forces,
whereas the second monitor displayed force voltages from each
transducer and EMG voltages from each intramuscular electrode.
Thumb and index ﬁnger forces were independently recorded using
separate custom strain gage transducers, each driven by a World
Precision Instruments Bridge8 ampliﬁer set to a gain of 500. Force
signals were digitized at a sampling rate of 1000 Hz and EMG signals were digitized at a rate of 25 kHz (Micro 1401 Mk II ADC,
Cambridge Electronic Design (CED)). Intramuscular EMG recordings were ampliﬁed at a gain of 1000 and high-pass ﬁltered at 13 Hz
(Coulbourn Instruments V75-04 Bioampliﬁer). Each EMG recording was examined for spurious noise by using a PSD to detect noise
components and then low-pass ﬁltered below the frequency of the
lowest noise peak. After removing high-frequency noise, the EMG
signal was then linearly detrended to remove signal offset. Action
potentials from each ﬁltered EMG record were identiﬁed ofﬂine
using Spike2 for Windows (version 5) software package (CED).
All computer code for spike train simulation, data processing, and
statistical analyses was written in Matlab® version 7.1 with the
Signal Processing and Statistics toolboxes and run on a Pentium®
D 3.0 GHz PC with a Windows® XP OS.
2.3.1. Spike identiﬁcation
The Spike2 software automatically detected and classiﬁed each
motor unit action potential (MUAP) using a template matching algorithm. After automated matching, MUAPs were manually
scanned to ensure that they were not misclassiﬁed. When two or
more trains were recorded on a single channel, clearly superpositioned MUAPs were classiﬁed as belonging to each train. Otherwise,
the MUAP was discarded, which was a rare occurrence. A peak
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threshold was then used to convert each MUAP into an event (time)
marker to create a set of event times that comprise a spike train.
Finally, spike train intermittencies and doublets were eliminated by
removing ISIs that were outside of the 99% ISI conﬁdence interval
(CI). After those ISIs were removed, the remaining ISIs were used
to recalculate the CI and identify any remaining outliers. This process continued until all ISIs were within the 99% CI. If this process
reduced the number of ISIs by more than 15%, the spike train was
discarded. To provide additional consistency, only trains that were
90 s or longer were used for measuring physiological spike train
nonstationarity. For a spike train with NISI ISIs, the ﬁring rate mean,
standard deviation, and coefﬁcient of variation were calculated as:

NISI

fr =

i=1

(1/ISIi )

(1)

NISI





SDfr =


1
NISI − 1
NISI

i=1

CVfr =

 1
ISIi

SDfr
fr



− fr

2

(2)

(3)

2.3.2. Stationarity indices
Nonstationarity was initially quantiﬁed by the change in fr (fr)
and CVfr (CVfr ) over the duration of the spike train, normalized
by the initial corresponding value to produce a percent change for
each quantity. Data segments for calculating the fr and CVfr of the
trains were 2.048 s long and overlapped by 50% for better continuity versus non-overlapped segments. The initial and ﬁnal ﬁring
rates (frinit and frﬁnal ) and CVs (CVfrinit and CVfrﬁnal ) were the mean
rates for the ﬁrst and last four segments (∼5 s of data), respectively,
to reduce start and stop transient effects expected for the physiological trains. The fr index (Eq. (4)) was simply the difference of
frinit and frﬁnal divided by frinit . A similar process was used to ﬁnd
the change in CVfr , as shown in Eq. (5).
Although simple, these metrics relied solely on ﬁring rate measurements at the beginning and end of spike trains, disregarding
interim spike train data. To ensure that the measure of nonstationarity strength was stable and provided the best sensitivity and
correlation to actual nonstationarity over the entire train, two alternate indices were used: StIn (Srinivas and Yeragani, 2002) and
StatAv (Pincus et al., 1993). StIn was found by calculating the standard deviation of the ratios of mean ﬁring rates for each nth of Nseg
spike train segments (fr(n) ) and the overall mean ﬁring rate (fr),
as shown in Eq. (6). Changes in ﬁring rate variability were tracked
by StatAv, which was the mean of all segment ﬁring rate standard
deviations (SDfr(n) ) divided by the overall standard deviation (SDfr ),
as shown in Eq. (7).
For stationary data, StIn would be 0 and StatAv would be 1 and
as nonstationarity increased, these two indices would be negatively
correlated. StIn is easier to understand conceptually, because it represents the standard deviation of the ratios of segmental and overall
ﬁring rates, which is 1 for perfectly stationary trains and increases
as the train becomes less stationary. The StatAv index is a comparison of the mean of all SDfr(n) values to the train’s overall SDfr . As
the train becomes less stationary, both the segmental and overall
deviations increase, but because the segment deviations are measured over shorter time spans, they increase less rapidly than does
the overall SDfr , causing this ratio to decrease.
fr =

(frﬁnal − frinit )
frinit

CVfr =

(CVfrﬁnal − CVfrinit )
CVfrinit

(4)

(5)
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StIn = SD

frn (1 : Nseg )
fr

StatAv = mean

SDfr (1 : Nseg )
SDfr

(6)

quantiﬁed as the total counts in the peak region below the mean.
The CIS and k − 1 indices were computed as:

(7)

nextra
t
nextra

k −1=
−1
nexp
CIS =

Signiﬁcant nonstationarity was established using the
Mann–Kendall test (Gourevitch and Eggermont, 2007), which
checked for monotonic trends in ISI using the statistic TMK ,
TMK =

NISI i−1



sign(ISIi − ISIj )

(8)

i=2 j=1

for ISIs that are numbered sequentially from the beginning of the
train. The function sign(ISIi − ISIj ) is 1, −1, or 0 when (ISIi − ISIj ) is
positive, negative, or zero, respectively. Note that TMK is dependent
on cumulative sign changes only, so the result will be the same
magnitude, regardless of whether ISI or ﬁring rate is used. For a
stationary train, TMK should be 0 and the standard deviation should
be:
T =

(NISI − 1)(NISI − 2)(2NISI + 3)
18

(9)

A z-test was then used to determine if the ISI mean and standard
deviation signiﬁcantly differed from the distribution established by
TMK = 0 and  T .
2.3.3. Short-term synchronization
Temporal motor unit synchronization for a spike train pair was
measured using a cross-correlation of spike times (Sears and Stagg,
1976). A cross-correlation histogram was constructed with a bin
size of 1.0 ms and a time-window of ±100 ms from the reference
spike event time. A peak region was established for those motor
unit pairs using the cumulative sum (CUSUM) of counts below or
above the mean (Ellaway, 1978; Wiegner and Wierzbicka, 1987,
Nordstrom et al., 1992). Deﬂection points were visually identiﬁed
as an abrupt increase or decrease of the CUSUM slope (Fig. 2) within
±10 ms of zero lag time. For simulated spike train pairs, there was
no lag in spike train synchrony, so the peak region was always taken
as the nine bins closest to and including a zero lag (−4.5 to +4.5 ms).
Within the peak region, two event quantities are important to
the calculation of the synchronization indices used in this study:
extra and expected events. Extra events are those within the peak
region above the mean event count, whereas expected events are

(10)
(11)

where nextra and nexp are the number of extra and expected events,
respectively, and t is the trial duration in seconds (Ellaway and
Murthy, 1985; Nordstrom et al., 1992).
2.3.4. Coherence analysis
Before calculating coherence, event times for each spike train
were sampled at 1 kHz (1-ms bins) and each sampling bin was set
to “1” if it bounded a spike event time or “0” if not (Rosenberg et
al., 1989). Coherence for each motor unit pair was then found using
the Matlab function mscohere with a segment size of 2048 samples (2.048 s) either without segment overlap or taper or with a
50% overlap and a Hann taper, to reduce variability and minimize
spectral leakage. Each segment of the spike train was detrended
(mean removed), to reduce bias prior to calculating coherence. Due
to the reduced reliability of coherence measurements as trial duration gets shorter (Terry and Grifﬁn, 2008); spike train pairings were
discarded if they ﬁred concurrently for less than 60 s.
Nonsigniﬁcant coherence was eliminated by establishing a
coherence conﬁdence level using Eq. (12),
Z = 1 − ˛(1/wL∗−1)

(12)

where ˛ was the desired type 1 error level (Brillinger, 1978) and
L* was the total number of segments of length T in a spike train of
duration d overlapped by the ratio ovlp, and found using Eqs. (13a)
and (13b),
L∗ = ﬂoor
L = ﬂoor

 (L − 1) 
(1 − ovlp)

+1

(13a)

d

(13b)

T

Coherence values exceeding Z for ˛ = 0.05 were regarded as significant. When segments are overlapped by 50%, note that L* is equal
to the variable Nseg , as deﬁned previously.
The variable w was a weighting factor that was dependent on the
amount of segment overlap and taper type. For tapered segments
with window W and nfft segment elements, w was found using Eqs.
(14a) and (14b).
w=

w =

1
1 + 2w

(14a)

⎧
⎫2
nfft(1−N(1−ovlp))
⎪
⎪

⎪
⎪
⎪
⎪[
⎪
W (k)W (k + (1 − ovlp)nfft)] ⎪
⎪
⎪
K
⎨
⎬

k=1

⎪
N=1 ⎪
⎪
⎪
⎪
⎩

nfft


W (k)2

k=1

⎪
⎪
⎪
⎪
⎪
⎭

(14b)

where K was the number of other segments that overlap the segment of interest. K is 1 for an overlap of 0 to 50%, as was used
in this study. The number of segment elements, nfft, was set at
2048 (T/), which produced a frequency resolution of 0.49 Hz at
the 1 kHz sampling rate. W(k) = 1 for all values of k when using a
rectangular window. For a Hann taper,



W (k + 1) = 0.5 1 − cos

Fig. 2. Sample cross-correlation histogram with plot showing CUSUM deﬂection
points and deﬁnition of peak region, extra events, and expected events.

 2k 
nfft − 1

(15)

for k = 0,. . ., nfft − 1. Because these calculations are only valid for a
single data segment, W(k) = 0 for k ≥ nfft. For non-overlapped segments, w = 0, w = 1, and L* = L.
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Coherence was quantiﬁed using two indices: coherence index
and peak coherence. The coherence index represents the sum of
the coherence values above the signiﬁcance level from 5 to 50 Hz,
which is the typical spectrum of interest with regard to spike train
coherence and the bandwidth associated volitional cortical input.
Therefore, this value quantiﬁes the coherence for this bandwidth
and represents the overall strength of coherence for a single spike
train pair. Because two physiological spike train pairs with similar
coherence indices could have markedly different spectral coherence distributions, peak coherence was also found within this same
bandwidth.
2.3.5. Spike train simulation
The technique for producing simulated spike trains has been
discussed in detail for an earlier study that examined the effect
of motor unit ﬁring properties on coherence detection (Terry and
Grifﬁn, 2008). Therefore, an abbreviated description is presented
here. For each simulated train, a leaky integrator model used an
integrate-to-threshold ﬁring mechanism that summed all input
voltages until a threshold voltage (vth ) was reached. The independent voltage input for each spike train at each time step (xt ) was
found using Eq. (16), where  was the mean voltage input at each
time step.
xt =  + nrand (t)

(16)

The input voltage variance for a given time step was the product
of the variance ( = CVfr ) and nrand (t), selected from an array of
normally distributed random numbers (zero mean, unity variance).
Membrane voltage at each successive time step (vt+1 ) was then
found using Eqs. (17a) and (17b), which include a common input
voltage, represented as yt+1 , modeled as a rectangular pulse train
with a speciﬁed pulse width and amplitude (Ap ).

vt+1 =


t
(xt+1 + yt+1 )
vt +
t + 
t + 

yt+1 = Ap kp

(17a)
(17b)

A time constant () of 12.5 ms produced stable results for a time
step size (t) of 0.5 ms. If the pulse was active during the t + 1
time step, kp = 1 and a voltage of Ap was added to the independent input (yt+1 = Ap ). Otherwise, kp = 0 and the membrane voltage
would increase as though no common input existed. For this model,
the pulse width was 2 ms, which approximated the duration of an
action potential. The pulse was produced with a mean frequency
of 30 pulses per second (pps) with a pulse coefﬁcient of variation
(CVcom ) of 0.20, which produced pairs with a consistent common
input frequency and ensured that all trains were subjected to the
same common input characteristics. A common input frequency of
30 pps was chosen so that there would be no interaction effects
between the common input and a spike train with a similar ﬁring
rate. The effects of using 10, 20, and 30 pps common inputs for a
similar set of spike train ﬁring rate parings have been previously
published (Terry and Grifﬁn, 2008).
With the initial membrane voltage (v0 ) assigned at a random
value such that 0 ≤ v0 ≤ vth = 1.0, each time vt+1 exceeded the threshold, a spike ﬁring time was recorded and vt+1 was reset to vt+1 − vth
for the next time step. If both motor units were close to threshold
(vth = 1) when the common input pulse was active, the additional
input caused both membrane voltages to cross the threshold at or
near the same time, producing a synchronous ﬁring time for both
motor units. The process continued until t was equal to the desired
trial duration (d), which produced a simulated spike train. Another
spike train that had the same common input was produced using
the same pattern of common input pulses to produce a unique
synchronized pair.
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A computational synchronization index, SIcomp , was used to
establish synchronization strength of each simulated spike train
pair. Cross-correlograms like those used to measure STS were used,
however, the peak region was ﬁxed at −4.5 ms ≤ lag time ≤ +4.5 ms
(the nine central bins) and SIcomp was established as the ratio of the
mean bin population within (binpoppk ) and outside (binpopnpk ) the
peak region, as shown in Eq. (18).
SIcomp =

mean(binpoppk )
mean(binpopnpk )

(18)

Synchronization strength varied from SIcomp = 1.05, which corresponds to a weakly synchronized motor unit pair (CIS and
k − 1 < 0.1), to an SIcomp of 1.5, which represents very strong synchronization (CIS ∼
= 1.2 and k − 1 ∼
= 0.5) with an average peak region
bin population that was 150% of the mean bin population outside
the peak region. Although Ap would have been a simpler and more
direct measurement of the common input strength, its correlation
to coherence and STS varies with spike train ﬁring rate and variability, which would have made it a less reliable indicator of true
synchronization strength.
To induce nonstationarity in each spike strain, a ﬁring rate nonstationarity factor, kfr , was applied to the targeted mean motor unit
ﬁring rate (frtarg ) using Eqs. (19a) and (19b), which produced the
initial (fr1 ) and ﬁnal (fr2 ) ﬁring rates for each simulated trial.
fr1 = frtarg (1 + kfr )

(19a)

fr2 = frtarg (1 − kfr )

(19b)

kfr was initially set to 0.0 (stationary) and then increased in 0.025
increments to a maximum of 0.15 to produce a pool of simulated
spike trains that covered the range of ﬁring rate changes recorded
for physiological units.
A linear scaling of the targeted CVfr (CVtarg ) was also used in simulations so that the physiological CVfr nonstationarity could also be
matched:
CV1 = CVtarg (1 − kCV )

(20a)

CV2 = CVtarg (1 + kCV )

(20b)

Like kfr , kCV was initially set to 0.0 for stationary trains and then
increased in 0.05 increments to a maximum of 0.30 so that CVfr
changes for the simulated trains exceeded the largest change for the
physiological units. Magnitudes of fr and CVfr were assumed to
be correlated, so each kfr value was paired with a corresponding
kCV value and both of these variables increased together. Once the
desired initial and ﬁnal fr and CV values were selected, a lookup
table that correlated fr and CVfr to  and  was used to ﬁnd these
values for each data segment. The  and  values for each time
step were then found using a 2nd-degree polynomial interpolation
of the segment values and then applied to Eqs. (16) and (17a) to
create a spike train with inherent nonstationarity.
As shown in Table 1, the simulated pool of motor unit pairs had
7 levels of nonstationarity, 9 ﬁring rate combinations of 6 different
ﬁring rates, 4 ﬁring rate coefﬁcients of variation (CVfr ) values, one
common input frequency, one common input frequency variability
(CVcom ), 10 synchronization levels, and a single trial duration. For a
given spike train pair, the CVfr was the same for both trains. Using
all possible spike train property combinations produced a pool of
2520 synchronized spike train pairs from 5040 unique spike trains.
2.3.6. Statistics
To validate the theoretical coherence signiﬁcance level and verify that it was insensitive to nonstationarity, bootstrap coherence
signiﬁcance levels were calculated by randomly and independently
sorting spike train segments of each train 100 times with replacement, averaging the computed coherence across the 0–50 Hz
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Table 1
Summary of digit force statistics at each force of the physiological experiment.
Force (MVC, %)

Thumb

2
4
8
12

Finger

Mean force (N)

SDF (N)

CVF

Mean force (N)

SDF (N)

CVF

1.2281
2.3012
4.7459
7.0827

0.1023
0.1302
0.2017
0.2321

0.0823
0.0554
0.0423
0.0329

1.2140
2.2044
4.2382
6.3472

0.1052
0.1287
0.1789
0.1993

0.0843
0.0591
0.0427
0.0320

bandwidth for each resorted train, and then averaging the 100
coherence values. The coherence that was greater than 95% of the
randomized coherence values was then established as the bootstrap coherence signiﬁcance level.
As described previously, a z-test was used to determine if
the mean ISI and its standard deviation were signiﬁcantly different than the expected values for a stationary train. To establish
the accuracy and sensitivity of the stationarity indices (StIn and
StatAv), linear regressions were performed with the indices as
dependent variables and the stationarity factor (kfr ) as the independent variable. Comparisons across the physiological and simulated
pools were made using t-tests, whereas comparisons of mean fr
and CVfr by force/nonstationarity were performed using a oneway ANOVA with a Tukey–Kramer post-hoc analysis to determine
which between-group differences caused the signiﬁcant ANOVA
p-value, if present. Linear regressions were also used to determine
the sensitivity of synchronization and its indices to nonstationarity.
STS and coherence indices (coherence index, peak coherence, k − 1,
and CIS) were dependent variables regressed against the mean StIn
and StatAv for physiological or simulated spike train pairs. All ﬁndings were considered signiﬁcant if the p-value fell below a value
of 0.05 and all coherence signiﬁcance levels were also established
for a 5% type 1 error level. Stated ranges are the standard deviation
(±SD), whereas those shown in ﬁgures are the 95% CI.
3. Results
3.1. Spike train properties
Across nine subjects, the mean MVC forces for the thumb and
index ﬁnger were 70.2 ± 19.5 N and 62.5 ± 18.5 N, respectively. The
Table 2
Distributions of physiological motor units used to quantify nonstationarity and
motor unit pairs used for synchronization analyses.

Motor units
AdP
FDI
Total
Motor unit pairs
Within-AdP
Within-FDI
Across
Total

2% MPF

4% MPF

8% MPF

12% MPF

Total

10
12

23
7

12
4

13
11

58
34

22

30

16

24

92

5
11
12

11
10
16

11
2
10

9
10
19

36
33
57

28

37

23

38

126

mean, standard deviation, and CV for each digit at each experimental force are shown in Table 1. A total of 159 FDI and AdP spike
trains were identiﬁed, however, 17 were discarded for insufﬁcient
stability, established as a >15% reduction in the number of ISIs after
recursive removal of ISIs not within the 99% CI. Additionally, 50
spike trains were discarded because they were less than 90 s long.
The 92 remaining spike trains were distributed across muscles and
forces as shown in Table 2. This table also shows the distribution
of the 126 spike train pairs, which were generally well distributed
across pairings and force, except for AdP pairs at 2% MVC (n = 5) and
FDI pairs at 8% MVC (n = 2).
Combined and individual muscle motor unit ﬁring rate statistics for each force are shown in Table 3. Linear regressions for each
physiological spike train were performed to examine the temporal changes in ﬁring rate and CVfr and histograms were produced
to show how these regressions were distributed (Fig. 3). For the
66 trains with signiﬁcant regressions (nsig ), ﬁring rates were predominantly negative (60/66) with a mean R2 of 0.285. The mean ˇ
was −0.0176 sps/s, which translates to a mean decrease of 1.58 sps
for train duration of 90 s. Signiﬁcant changes for CVfr were all
positive, however the percentage of signiﬁcant regressions was
much lower than that for ﬁring rate (nsig = 17, 18.5%), the mean
ˇ was 0.000427 s−1 , and the mean R2 value was 0.089. The mean ˇ
for this regression equated to a CVfr increase of 0.038 over 90 s.
There were no signiﬁcant differences for either variable across
forces.
Firing rate and CVfr over the duration of each train were normalized to the maximum for that train so that nonstationarities could
be presented as percentage changes. Normalized values were then
averaged for each %MVC force for physiological trains or kfr :kCV
combination for simulated trains. The temporal changes for normalized fr and CVfr trends for the physiological spike trains are
shown for each force on the left side of Fig. 4. In terms of normalized ﬁring rates, the mean decrease was −9.72 ± 7.58% over 90 s,
based on regression slope. Signiﬁcant CVfr regressions yielded a
mean increase of 13.8 ± 8.54%. For physiological trains, values for
ﬁring rate and CVfr at >110 s were omitted because the number of
trains long enough to have a sufﬁcient spike train population in
the segment from 110 to 120 s was very small (n = 4), creating large
variabilities at that time interval.
Using the changes in physiological trains as a guideline, nonstationarity was applied to simulated trains at seven levels. These
levels of nonstationarity and the parameter described earlier and
listed in Table 4 were then used to produce trains with fr and CVfr
trends as shown on the right-hand side of Fig. 4. fr changed progressively from negligible for the kfr = 0.0:kCV = 0.0 combination to

Table 3
Summary of motor unit ﬁring rate statistics for the physiological pool as classiﬁed by muscle and force level.
Force (MVC, %)

2
4
8
12

Overall

AdP

FDI

fr (sps)

SDfr (sps)

CVfr

fr (sps)

SDfr (sps)

CVfr

fr (sps)

SDfr (sps)

CVfr

11.7
13.0
13.4
13.2

1.88
2.56
2.46
2.62

0.161
0.192
0.182
0.197

12.1
12.9
13.7
13.3

2.18
2.55
2.43
2.74

0.179
0.194
0.175
0.204

11.3
13.4
12.2
13.2

1.63
2.57
2.53
2.49

0.145
0.187
0.203
0.186
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Fig. 3. Distribution of ˇ and R2 values for the regressions of ﬁring rate (fr) and CVfr against time. Regressions are primarily positive for the fr regression and was signiﬁcant
for the majority (66/92) of physiological spike trains. A much smaller number of CVfr regressions (17/92) were signiﬁcant and for those regressions CVfr increased with time.

a maximum of −16.5% for kfr = 0.15:kCV = 0.30 at 90 s (Fig. 3, right).
CVfr for this combination at the same time was 33.2%.
The Mann–Kendall (M–K) test revealed that the percentage of
signiﬁcantly nonstationary simulated spike trains for a kfr of 0.0
was 5.7%, closely approximating the type 1 error for the M–K test
(Fig. 5). For kfr of 0.05 or greater, more than 90% of the trains
were signiﬁcantly nonstationary, indicating that even the smallest nonstationary input produced measurable nonstationarity in a
large majority of trains. Furthermore, this nonstationarity prevalence was greater than 95% for kfr ≥0.075 and more than 99% for
kfr = 0.15. Overall prevalence of signiﬁcantly nonstationary physiological spike trains was 85.7%, whereas prevalence by force was
96.3%, 81.1%, 92.0%, and 76.7% for the 2%, 4%, 8%, and 12% MVC
groups, respectively.
Histograms show that the overall physiological ﬁring rates were
primarily between 7 and 18 sps and CVfr values were primarily
between 0.1 and 0.3 (Fig. 6, top). Simulated trains (Fig. 6, bottom) also had ﬁring rates also between 7 and 18 sps, with CVfr
values between 0.07 and 0.3, similar to those for the physiological
trains. Mean ﬁring rates of the physiological (12.82 ± 2.09 sps)
and simulated (13.03 ± 2.00 sps) trains differed by 1.63%, whereas
physiological (0.184 ± 0.067) and simulated (0.172 ± 0.054) CVfr
differed by 6.5%. However, the larger CVfr difference was largely

driven by the outliers in the physiological pool. Distributions of fr
for CVfr values for each pool were not signiﬁcantly different, with
t-test p-values of 0.590 and 0.716, respectively.
3.2. Validation of coherence and stationarity indices
Bootstrap calculations of the 5% coherence noise level produced
a signiﬁcance level that closely matched the theoretical values for
coherence calculation technique and were not signiﬁcantly different across nonstationarity levels. For the coherence calculated
without overlap or taper, the theoretical signiﬁcance level was
0.0512 for a 120-s trial. The corresponding bootstrap value was
0.0520 (±0.00027) across all stationarity and synchrony levels. The
theoretical signiﬁcance level for coherence found with tapered and
overlapped segments was 0.0271, which was also closely approximated by the bootstrap calculation of 0.0278 (±0.00015) for all
levels of synchrony and stationarity. Bootstrap values were signiﬁcantly higher than theoretical conﬁdence limits, however, because
these differences were less than 3% and because theoretical values
were almost exclusively used in previous studies, the theoretical
values were used for both coherence indices.
Before assessing the inﬂuence of nonstationarity on motor
unit synchronization, both stationarity indices were evaluated

Table 4
Parameters used to create the simulated spike trains and synchronized spike train pairs.
Parameter

Units

Range

Increment

Tolerance

Firing rate

(sps)

Ref: 11, 12, 15
Resp: 8, 9, 13

–

0.05

Firing rate CV (CVfr )
Common input frequency
Common input frequency CV (CVcom )
Synchrony (SIcomp )
Trial length
Firing rate nonstationarity (kfr )
CVfr nonstationarity (kCV )

–
(Hz)
–
–
(s)
–
–

0.15–0.30
30
0.20
1.05–1.50
120
0.0–0.15
0.0–0.30

0.05
–
–
0.05
–
0.025
0.05

0.005
–
0.005
0.005
–
–
–
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Fig. 4. Normalized fr and CVfr for physiological (left) and simulated (right) motor units during a 2-min isometric task. Physiological motor units are grouped according to
applied digit force in %MVC, whereas simulated motor units are grouped according to ﬁring rate nonstationarity inputs (kfr and kCV ).

for sensitivity and regression strength (kfr ) for simulated trains.
Both regressions were highly linear, with a ˇ = −0.38 (R2 = 0.935,
p < 0.001) for the StatAv index and a ˇ = 0.23 for StIn (R2 = 0.968,
p < 0.001). In addition to having a slightly more linear ﬁt, StIn was
also better correlated to changes in physiological ﬁring rates than
StatAv (Table 5). However, both indices had similar correlations to
fr for CVfr and were well correlated to each other. Note that the
fr and CVfr indices were well correlated to StIn and StatAv for
simulated trains, but not for physiological trains, conﬁrming their
inadequacy for quantifying physiological spike train nonstationarity.
Table 5
Correlation coefﬁcients of stationarity indices across all simulated spike trains and
for physiological spike trains longer than 90 s. Note that all indices are well correlated (r > 0.5) for simulated trains, but StatAv and StIn are the only nonstationarity
indices that are well correlated for physiological trains.

Fig. 5. Prevalence of spike trains with signiﬁcant nonstationarity for each kfr value
as detected by the Mann–Kendall test. The dashed line represents a 95% prevalence
of nonstationary trains.

Correlation pairing

rsim

rphys

StatAv–StIn
fr–StIn
fr–StatAv
CVfr –StIn
CVfr –StatAv
fr–CVfr

−0.644
−0.781
0.787
0.690
−0.627
−0.794

−0.565
−0.350
0.309
0.051*
−0.075*
0.182*

*

p > 0.05
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Fig. 6. Histograms of spike train ﬁring rate and CVfr for physiological (upper) and simulated (lower) motor units. Both types of spike trains have similar ﬁring rate statistics
and distributions across the same range of values.

3.3. Synchronization and stationarity correlations
Regressions against the mean StIn for the physiological spike
trains in each pair showed no signiﬁcant effect of nonstationarity
on indices of either coherence (Fig. 7, top) or STS (Fig. 7, bottom). If
a number of cross-correlograms do not produce a signiﬁcant peak
region, they could mask correlations due to a zero bias, therefore,

regressions were repeated for only nonzero k − 1 and CIS values
(shown). However, these regressions also failed to reveal a signiﬁcant correlation.
To verify the adequacy of the simulated spike train model, common input amplitude (Ap ) and all six synchronization indices were
plotted against the SIcomp and kfr variables used to establish common synchronization and nonstationarity levels for simulated spike

Fig. 7. Coherence and STS for physiological spike train pairs were not sensitive to nonstationarity as shown by correlations of peak coherence and coherence index (upper
row) and k − 1 and CIS (lower row). Coherence indices were calculated with tapered and overlapped segments. For STS indices, zero values were removed to prevent bias
effects (n = 19).
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Fig. 8. Common input amplitude (Ap ), coherence indices, and STS indices for the simulated spike train pool classiﬁed by SIcomp (left) and kfr (right). Common input strength
and all indices were well correlated to SIcomp . Of the indices, CIS and coherence index found using tapered and overlapped segments (indicated by *) were the most sensitive
to synchronization strength. In contrast, none of these indices were sensitive to nonstationarity.

train pairs (Fig. 8). As expected, there was good correlation between
SIcomp and Ap . However, at higher SIcomp values, the conﬁdence
intervals increase and overlap for consecutive values, indicating
that the differences between mean Ap values were not signiﬁcant. CIS and k − 1 were also both well correlated to SIcomp , but
CIS had a higher sensitivity. Coherence index also had higher sensitivity than peak coherence. Additionally, the use of overlapped
and tapered segments produced even better sensitivity as compared to coherence indices calculated without segment overlap or
taper.
The plots on the right-hand side of Fig. 8 show that common
input amplitude and all six synchronization indices were insensitive to nonstationarity, as indicated by the CI overlap for each
variable. Similarly, none of the coherence and STS indices were
signiﬁcantly correlated to mean StIn or StatAv. To assure that
nonstationarity did not affect the index itself, regressions were
performed for all synchronization indices at each SIcomp value
(Figs. 9 and 10). Although there were some cases for which regressions were statistically signiﬁcant, none of the R2 values exceeded
0.1

4. Discussion
There were two key ﬁndings for this study regarding spike
train nonstationarity and synchronization measures. First, this
study showed that physiological spike train synchronization, as
measured by coherence and STS indices, was insensitive to the
amount of spike train nonstationarity. However, because there is
no independent, unbiased measure of synchronization strength,
it was possible that changes in synchronization could have been
masked by the inﬂuence of nonstationarity on the synchronization indices. In other words, nonstationarity could affect actual
synchronization levels or the indices, or both. The inclusion of
simulated spike trains with synchronization strengths established
with a separate measure of synchronization strength allowed for
the separation of nonstationarity effects on actual synchronization
level and the indices used to measure it. Still, for simulated spike
trains with discharge characteristics, synchronization strengths,
and nonstationarity levels similar to those of the physiological
trains, there was also no evidence of a correlation between nonstationarity and synchronization or its indices. Considering that
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Fig. 9. STS indices for simulated trains plotted versus mean StIn reveal no signiﬁcant correlation at synchronization strengths (SIcomp ) of 1.1–1.5. These plots show that STS
indices are insensitive to nonstationarity regardless of synchronization strength.

PSD and cross-correlation computations are intended for application to stationary data and more than 85% of the physiological
spike trains for this study were signiﬁcantly nonstationary, the
insensitivity of spike train synchronization and its indices to

the inherent nonstationarity of physiological spike trains or the
imposed nonstationarity in simulated trains with similar properties is signiﬁcant for most, if not all, spike train synchronization
studies.

Fig. 10. Peak coherence and coherence index values for simulated trains plotted versus mean StIn reveal no signiﬁcant correlation at synchronization strengths (SIcomp ) of
1.1–1.5. Coherence values shown here were found with a 50% overlap and Hann taper.
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4.1. Spike train properties
Regression of physiological spike train discharge properties
against trial duration showed that ﬁring rate typically decreased
with time, but CVfr changes were far more erratic. This contrast
shows that mean ﬁring rates change with some predictability, but
the ﬂuctuations about the mean ﬁring rate were highly variable,
making CVfr a potentially more dominant source of nonstationarity
and indicating that fr and CVfr values can be treated as independent sources of nonstationarity. The weak correlation between fr
and CVfr for the physiological trains (Table 3) was another indicator of their independence, wherein trains can have either stable
ﬁring rates with a variable CVfr , a stable CVfr with variable ﬁring
rates, or both variable CVfr and ﬁring rates. Because measuring
fr and CVfr relies on selecting values at spike train endpoints,
these metrics were unreliable for quantifying the overall train nonstationarity, which is why they were not suitable for regression
analyses. For instance, the normalized CVfr for 2% MVC increased
from 87.1% at 80 s to 93.6% at 90 s and then decreased to 82.7% at
100 s. Because of the large and unpredictable changes based solely
on the choice of minimum train length, these metrics were unreliable for quantifying spike train nonstationarity.
The basic elements of spike train nonstationarity, decreasing ﬁring rates and increasing CVfr , have been the subject of investigation
in a number of motor unit studies. For example, the gradual ﬁring
rate decrease (or ISI increase) during submaximal isometric contractions has been reported for short duration (8–15 s) submaximal
isometric FDI contractions (De Luca et al., 1996) and with respect
to fatigue (Christova and Kossev, 1998) and age (Tracy et al., 2005;
Laidlaw et al., 2000). A study of FDI motor units during an abduction
task showed that CVfr increased from 0.15 to 0.49 for 15-s steady
force contractions of ∼10% of maximum that were repeated until
exhaustion (Enoka et al., 1989). Similarly, Nordstrom and Miles
(1991) examined masseter motor units ﬁring at a steady rate of
∼10 sps for ∼15 min and found that CVfr , measured at the beginning and end of each trial increased an average of 81%. FDI motor
units, also ﬁring at ∼10 sps, had CVfr values that increased on average from 0.182 to 0.234 for trials that lasted approximately 8 min
(448 ± 227 s), using an initial and ﬁnal CVfr measured over the ﬁrst
and last 30 s of each trial, respectively. In addition to the previously
discussed problems with assessing synchrony for short-duration
trials, the ﬁndings of this study with regard to fr and CVfr
demonstrate that using only initial and ﬁnal fr and CVfr values may
lead to inaccurate results and misleading ﬁndings, as previously
discussed.

(1967), one of its purposes was to reduce the effect of nonstationarity on Fourier transforms of continuous signals. By dividing the
signal into a series of small segments, ﬁnding transforms for each of
those segments, and averaging the results, the stationarity assumption was closely approximated for the span of each segment (local
stationarity) and thereby reduced the variance of the transform for
that segment. Because coherence is based on the transform of each
spike train, this principle holds for that measurement as well. Motor
unit studies generally use segment lengths of 0.5–2.0 s, depending
on the desired balance between reduced variance and increased frequency resolution. Shorter segments will provide more samples for
averaging, reducing variance, and increase the likelihood for local
stationarity within each segment. This study used a longer segment
of 2.048 s for better frequency resolution and still revealed no noteworthy correlations between nonstationarity and coherence. What
this study showed was that even though a spike train is a point
process, as opposed to a continuous signal, the stabilizing effect of
this technique still produces reliable coherence measurements for
a broad range of nonstationarity.
The explanation for the insensitivity of the STS indices to nonstationarity is more difﬁcult to explain. STS indices calculated using
a histogram produced one spike at a time have all been found to
be sensitive to ﬁring rate variability (Nordstrom et al., 1992). This
same study showed that the CIS index, based on trial duration, was
less sensitive to ﬁring rate, but that the other indices based on ﬁring rate or baseline counts (such as k − 1) increased as ﬁring rates
decreased. Conversely, a study of in vivo and simulated cortical neurons used a covariance-based index (not based on a histogram peak
region) and found that STS increased with ﬁring rate (de la Rocha
et al., 2007). However, the relevance of those ﬁndings to this study
is somewhat questionable because only trains with similar ﬁring
rates were paired for STS measurements.
One possibility is that, as the CVfr increased with time, increased
spike timing randomness decreased the chance for concurrent
spikes that were not truly synchronized. In other words, because
these STS indices are based on the above-chance occurrence of
simultaneous spikes in two different trains, higher discharge variability increases the range of possible times at which a spike might
appear and reduces the incidence of simultaneous ﬁrings by chance.
Had the CVfr decreased, creating a more regular pattern of spike
train ﬁring times in each train, the effect of nonstationarity may
have been detectable and signiﬁcant. However, CVfr values less
than those recorded and simulated in this study are not common
in human motor units (Nordstrom and Miles, 1991; Enoka et al.,
1989).

4.2. Nonstationarity effects on synchronization

4.3. Alternatives to coherence and STS

The insensitivity of the bootstrap coherence signiﬁcance level to
nonstationarity was a useful ﬁnding because it validated the theoretical coherence signiﬁcance levels used in previous studies. It
also revealed a quick test for acceptable nonstationarity. Had the
bootstrap signiﬁcance levels been sensitive to nonstationarity or
signiﬁcantly different than theoretical values, this sensitivity would
have been an early indicator of nonstationarity effects and questionable reliability of coherence measurements for nonstationary
spike train pairs. Another discovery was that the higher magnitudes
and better accuracy of coherence calculated with overlapped and
tapered data segments (Terry and Grifﬁn, 2008) most likely resulted
in indices that were more sensitive to imposed synchronization for
simulated pairs. However, there was no evidence that this process
reduced nonstationarity effects, since none were present for either
segmentation technique.
The lack of correlation between nonstationarity and coherence
may be a product of the coherence calculation technique. When the
technique of modiﬁed periodograms was ﬁrst introduced by Welch

Data records that are much shorter or that exhibit greater ﬂuctuations than those in this study may require analysis by nonlinear
methods investigated for analysis of other types of nonstationary
signals. For example, quicker and larger changes in ﬁring rates may
occur for brief maximal tasks and for those with variable forces, but
coherence measurements for trials shorter than 60 s are likely to be
unreliable (Terry and Grifﬁn, 2008). Additionally, tasks that require
low but variable forces may produce STS and coherence values that
vary because of actual physiological changes that are unrelated to
nonstationarity (Lowery and Erim, 2005). Several attempts to ﬁnd
better methods for analyzing more transient nonstationary data
have produced mixed results.
White and Boashash (1990) created a time–frequency coherence method to study signals with ﬁnite energy components and
found that time–frequency methods and wavelet transforms were
more effective than short-term Fourier transforms in providing
enough time and frequency resolution to identify events in short
data records (<30 s). Additionally, chaotic analysis (Salisbury and
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Sun, 2004) of EKG data and EEG/MEG wavelet transform analysis
(Makinen et al., 2005) have also been effective in revealing oscillatory activity in transient data not detectable using linear power
spectral techniques. Thonet and Vesin (1997) used a time-varying
autoregression procedure to quantify nonstationarity in both physiological and simulated heart rate signals, but did not demonstrate
that this method was superior to the much simpler and more common methods presented here. Therefore, there are alternatives to
coherence and STS when examining short-term and/or transient
spike train behavior. However, the ﬁndings of this study show that
they are not necessary for cases where ﬁring rate and CVfr changes
fall within the ranges typically recorded for submaximal, isometric
tasks with data records longer than 60 s.
4.4. Study limitations
As with any study that relies on computational modeling, there
were some limitations that need to be addressed. First, the model
used a single pulsed common input that had a ﬁxed frequency
(30 pps) and variability (CVcom = 0.20). However, for physiological motor unit pairs, coherence spectra are typically broadband
in nature, with signiﬁcant coherence extending from 5 to 50 Hz.
Because the intent of this study was to test the reliability of coherence and STS measurements in the presence of varying amounts
of spike train nonstationarity, a more complicated model with
more common inputs, frequencies, and variabilities would introduce additional variables that could obscure the effects of different
spike train nonstationarities.
As mentioned previously, this model simulates only steady
or linearly decreasing ﬁring rates along with steady or linearly
increasing CVfr values, which are not always the case for motor
units. Whereas linear changes in ﬁring rate were a reasonable
approximation for physiological spike trains, linear changes in CVfr
were not. Modeling the erratic behavior of CVfr of the physiological
units would have required a much more sophisticated modeling
approach that, based on the absence of signiﬁcant correlations for
either motor unit pool, would probably not have produced different results. Had there been evidence of a nonstationarity effect
for the physiological trains, then that would have precipitated a
requirement for more accurate representation of CVfr trends.
Finally, in establishing a level of synchronization for simulated
pairs, it was necessary to create an independent measure of synchronization strength SIcomp , which is similar to the dependent STS
indices. Although this is not a preferable design, there were no clear
alternatives in that synchronization strength must be expressed in
terms of temporal spike alignment (STS) or common spectral components (coherence). Model nonlinearity prevented the use of the
common input pulse amplitude (Ap ), because the synchronization
level produced by a given Ap varied with spike train ﬁring rate and
variability (which may be another topic for investigation) and this
issue became more prevalent at higher synchronization levels, as
indicated by the growth in CIs at higher values of SIcomp (Fig. 8). All
of these limitations appear to be rendered somewhat superﬂuous
by the fact that all synchronization indices were uncorrelated to
nonstationarity across a wide range of synchronization strength.
Had the physiological and simulated pools produced conﬂicting
correlations that even approached signiﬁcance, a better indicator
of synchronization strength would have been needed, along with
more reﬁnement of the simulation model.
4.5. Summary
This study demonstrated that coherence and STS and their
indices were not signiﬁcantly affected by the presence of spike
train nonstationarity. Therefore, experiments that examine coherence and STS of motor unit spike trains produced during steady,
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submaximal isometric forces should not be affected by the inherent nonstationarity of the spike train data. Moreover, because of the
generic structure of the simulated spike train model, this ﬁnding is
relevant not only for motor unit studies, but for all studies that
examine the synchrony of spike trains of any type that have ﬁring characteristics similar to those measured and produced in this
study. In addition to the primary ﬁnding, this study also revealed
some secondary considerations. First, the ﬁring rate and variability
trends described in this study should alert investigators to the need
to examine continuous temporal trends in addition to quantifying
overall means and initial and ﬁnal values, especially when trying
to establish correlations for these parameters. Also, care should be
taken in applying these ﬁndings to experiments with greater ﬁring rate and variability ﬂuctuations. For experiments with shorter
durations and more transient behavior, alternative methods such
as wavelet transform, time–frequency methods, and chaotic analyses should be considered. Had this investigation revealed that
coherence and STS indices were sensitive to nonstationarity, previous experiments that assessed coherence and STS of nonstationary
spike trains would have to be re-evaluated. Fortunately, this review
and revision is not necessary.
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