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ABSTRACT

The presence of temporal rhythmicity in electromyographic (EMG) signals at
frequencies of 35-60 Hz was initially noted by Piper (1907). This modulation and
synchronization of motor unit activity is generally accepted to represent a centrally
generated coding of motor commands. The purpose of this study was to resolve and
quantify the Piper rhythm in the gastrocnemius medialis (GM) muscle during running.
EMG was recorded from the GM of 14 female runners during 1-hour treadmill runs. The
average wavelet transform was computed for EMG from series of steps taken at 2 minute
intervals throughout the run. The total intensity across three wavelets (center frequencies:
170, 218, 271 Hz) was computed and a histogram indicating the incidence peaks in this
signal was generated for each subject. In order to rule out effects of the analysis process,
the process was repeated using simulated EMG data. Autocorrelations of the histograms
were used to extract the frequency of the peaks resulting in rthythmicity at 25-55Hz. The
ability to measure superimposed rhythmicity in EMG signals during dynamic tasks
allows investigation of the role of aspects of central drive during movement. In particular,
the changes in central control during dynamic activities can be examined with this

approach.
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INTRODUCTION

The presence of temporal rhythmicity in muscle activity has long been described during
isokinetic tasks as well as during slow movements. In general, one can consider the EMG recorded
from movements to comprise of muscle events (ME) and pacing events (PE). Muscle events
represent a large portion of the energy in the signal and have envelopes containing low frequencies.
These events correspond to the central control of the muscle providing an activation burst from
onset to termination. Pacing events, on the other hand, have lower signal energy content, and
represent an underlying rhythmicity contained within the muscle control signal.

The characteristics of the rhythms that occur during motor tasks and mechanisms proposed to
explain them vary depending on the task. For example, a physiological tremor with a frequency of
8-10Hz can be measured during position holding. Similarly, a discontinuity in movement occurring
at a similar frequency is apparent during slow movements, although it is unclear that the
mechanisms are common. The role of the spinal stretch reflex in rhythmic muscle activity has long
been debated with data supporting [Hagbarth and Young, 1979; Sanes, 1985] and playing down
[Jacks et al., 1988; Wessberg and Vallbo, 1995] the importance of its role. Instead the 8-10Hz
rhythms were attributed to pulsatile descending signals [Wessberg and Vallbo, 1995] and the
corresponding frequency modulation of active motor units [Wessberg and Kakuda, 1999].

In addition, motor activity has been seen to synchronise at frequencies in the beta (15-30Hz),
and low gamma (30-60Hz) bands [Brown, 2000]. The specific case of modulated motor unit (MU)
activity in the low gamma band is termed the Piper rhythm [Piper, 1907].

Rhythmicity in the Piper band has been shown to be the product of central drive, seemingly
originating from the motor cortex [Brown et al., 1998]. For example, neural activity in the motor
cortex has been measured and shown to be coherent with activity in various muscles [Conway et al.,

1995; Salenius et al., 1996; Salenius et al., 1997; Tecchio et al., 2006]. Changes in central drive
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relating to fatigue have been shown to manifest as a decrease in the frequency of muscle
rhythmicity in the Piper band [von Tscharner et al., 2010]. In addition, the features of muscle
rhythmicity found in different pathologies may help to reveal the pathophysiology of the disorder
[Brown and Marsden, 1996; McAuley et al., 2001], or conversely, clarify the pathway of the Piper
rhythm [Brown, 1997]. For instance, in un-medicated Parkinson’s patients, the 40-50Hz frequency
associated with the Piper rhythm is replaced with a 10Hz signal indicating that the Piper pathway is
influenced by activity in the pallidal projections [Brown, 1997].

Piper oscillations in motor output can be extracted from groups of single MU recordings
[Hagbarth et al., 1983], or surface EMG signals [McAuley et al., 2001], or by measuring the
resulting muscle vibrations [Brown, 1997; Hill, 1921]. In our hands, the fine structure of the
rhythmic pacing events in EMG activity becomes apparent in the wavelet transformed EMG signal.
Our purpose was to test the hypothesis that during running, pacing events occur with a regular
timing with respect to heelstrike. In addition, the uniformity of the pacing frequency among
different individuals will be investigated. A simulation of muscle activity is used to evaluate the
contribution of intrinsic rhythmicity stemming from the random firing of multiple motor units and
to eliminate the possibility that the observed pacing events are the result of the wavelet transform

method implemented.

1. METHODS

Fifteen female recreational runners (age 32.4 + 8.7 years, mass 61.3 + 6.1 kg) participated in
this study. Subjects gave their written informed consent in accordance with the university’s policy
on research using human subjects. The protocol was approved by the Conjoint Heath Research

Ethics Board at the University of Calgary.

1.1. Measurement protocol
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Speed at ventilatory threshold (sVT) was determined during a preliminary session where
respiratory gas exchange was monitored (Cosmed K4b2, Rome Italy) during an incremental running
test on a motorized treadmill (Quinton Instrument Co., Seattle, WA, USA). Belt speed was
increased by 0.13 m/s every 2 minutes until the subjects reached ventilatory threshold [Fletcher et
al., 2009]. Ventilatory threshold was defined as the speed at which there was both a decrease in the
fraction of expired CO, and a non-linear increase in the Vg/VCO, slope [Reinhard et al., 1979;
Skinner and McLellan, 1980; Wasserman et al., 1973]. Two to four weeks later, each subject
returned to the lab for a 1-hr endurance running session during which they ran at approximately
95% of their speed at ventilatory threshold, sVT, while electromyographic (EMG) signals were
recorded from the gastrocnemius medialis (GM) muscle of the right leg.

The subjects were recreational athletes and were instructed to maintain their usual activity
levels, therefore, significant training adaptation was not expected to occur during the interval
between sessions [Gaesser and Poole, 1986]. At the selected speed of 95% of sVT the subjects were
expected to be able to complete 1-hr of running while experiencing substantial levels of fatigue. In
two cases 95% sV'T exceeded the subjects’ perceived 1-hr sustainable leg turnover (i.e., for subjects
with sVT > 3.75 m/s), so the belt speed was decreased to 90% of their speed at ventilatory
threshold.

In preparation for the run, the skin over the belly of the GM muscle was lightly abraded, cleaned
with alcohol. Bipolar silver/silver chloride (Ag/AgCl) surface electrodes (Norotrode dual
electrodes, Myotronics-Noromed, Inc., Kent, WA, US) were placed on the belly of the GM muscle
in alignment with the direction of the muscle fibres according to SENIAM recommendations
(Seniam.org). This placement ensured that the electrode remained over the surface of the muscle
throughout the range of lengths corresponding to running movements. All electrodes were placed by

a single experimenter to ensure consistency thorough the study. A single reference electrode was
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secured to the tibial tuberosity. The electrodes and preamplifiers (Biovision, Wehrheim Germany)
were secured to the skin using medical tape (Cover-Roll stretch, BSN medical GnbH, Hamburg,
Germany) to minimize movement artefact and to prevent the electrodes from losing surface contact
due to sweating. EMG signals were preamplified (1000x) and bandpass filtered (10-500 Hz) during
acquisition. Heel strike was detected using an accelerometer attached externally to the heel of the
right running shoe and recorded simultaneously with EMG at a sample rate of 2400 Hz. Thirty
seconds of EMG and accelerometer data were recorded at 2 minute intervals throughout the run.
Each 30 second data recording is referred to as a “lap”, during which approximately 40 steps

occurred.

1.2. Data Analysis

All occurrences of heel strike were determined by detecting the onset of the sharp deceleration
associated with floor contact. EMG representing individual steps comprised 600ms of data centered
on heel strike (1440 samples). This analysis window included all potential pre- and post-heelstrike
muscle activation associated with the step.

1.2.1. Simulation of EMG activity

A simulated version of the EMG was generated for every step. Simulated EMG was constructed

by convolving a frequency modulated pulse train with an estimated MUAP.

Generation of a modulated pulse train: The 1440 sample raw EMG for each step was lowpass

filtered (15Hz) to determine the rough envelop of the activity. Dividing all of the envelope’s values
by the peak value resulted in a normalized envelope function. The normalized envelope was binned
into 20 bins (72 samples each). The value of the bin provided a scaling factor between 0 and 1,
which was used to determine the number of random pulses that were inserted into the corresponding
bin in the pulse train. The maximum number of pulses per bin was set to 9 (corresponding to 300
pulse/sec). If fewer than 3 pulses were required in a bin they were omitted from the pulse train. The

resultant pulse train had the same length (1440 samples) as the original raw EMG signal.
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Estimation of MUAP shape: The bin containing the maximum amplitude in the envelope function

was identified for each step. The Fourier transform was used to calculate the power spectrum for the
raw EMG in the corresponding bin. The power spectra from each step recorded during one lap (i.e.,
30 second series of steps) were averaged. The square root of the average power spectrum was
multiplied by i (square root of -1) and was submitted to the inverse Fourier transform. This yielded
a symmetric waveform that mimicked the shape of the MUAP from the original data.
A single estimated MUAP was generated for each lap and convolved with the pulse train generated
for each individual step. This procedure resulted in unique simulated muscle activity for a given
step (referred to as an “EMG step”) corresponding to each real “EMG step”.

This method was used to generate five sets of simulated data for each set of real data. Each set
of resulting simulated data differed by the random pulse train used to generate any given EMG step.
1.2.2.  Quantification of Pacing Events

Wavelet transform: The wavelet transform of each real and simulated EMG step was performed

using a set of 13 non-linearly scaled wavelets [von Tscharner, 2000]. The centre frequencies of the
wavelets were: 7, 19, 38, 62, 92, 128, 170, 218, 271, 331, 395, 466 and 542 Hz. In general, the
wavelet transform produces an EMG intensity pattern where time and frequency (center frequencies
of the wavelet filters) are indicated on the abscissa and ordinate, respectively, and the greyscale
represents the power of the transformed EMG signal.

The EMG average wavelet pattern was found corresponding to each lap. The average patterns
from real EMG were visually inspected for movement artefact and noise content and all
unacceptable average patterns were rejected along with their simulated counterparts. The total
power in the band of the wavelets 7 to 9 (center frequencies 170 to 271 Hz) was found by summing

the corresponding wavelet intensities for each time point. Low frequency bands were omitted from
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the selected range due to the long time resolutions of the wavelets, and high frequency bands were
omitted because of the increased amounts of power reflecting signal noise.

Characterization of pacing events: All peaks in the summed wavelet intensity signal were identified.

Peaks occurring at less than 1% of the maximum value of the signal were neglected (i.e., small
oscillations around zero). A raster plot was generated for each subject where each row indicated the
indices of the peaks in the intensity data from a single lap. A histogram was generated for each
subject representing the number of occurrences of peaks at each sample time (1.67ms bins).
Separate raster plots and histograms were made for the real and 5 sets of simulated EMG data. Each
plot was normalized to contain a total of 100 counts distributed across all bins.

The autocorrelation was taken of the 6 histograms generated for each subject (1 real and 5
simulated EMG datasets). For each subject a net autocorrelation was calculated by subtracting the
mean of the autocorrelations found from the 5 simulated datasets, from the autocorrelation found
from the real data. The net autocorrelation was smoothed (low-pass 60Hz) and the timing of the first
three extrema (T1, T2, T3) of the net autocorrelation were identified. The amplitude (i.e. range) of
the oscillations in the net autocorrelation was determined by subtracting the mean values at the
minima T1 and T3 from the value of the maximum at T2. Rhythmicity in the autocorrelation was
deemed to be present if the resulting amplitude was above a threshold value.

The threshold value was selected to represent the minimum random oscillations expected in the
autocorrelation and was determined using the autocorrelations of the 5 simulations for each
individual subject. One of the 5 simulations was selected to represent the “test” data. The remaining
4 simulations were used to create the average autocorrelation of the simulated data. The net
autocorrelation consisted of the autocorrelation of the new “test” data minus the new average
autocorrelation of the simulated data. The amplitude of the resulting net autocorrelation was found.

This process was repeated 5 times for each subject, each iteration using a different simulation as the
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“test” data. The threshold amplitude was calculated for each subject using the average of the
amplitudes of the 5 resulting net autocorrelations. The corresponding threshold value was compared
to each true net autocorrelation for each subject.

The pacing frequency for each subject with a net autocorrelation amplitude that was found to be
above threshold was calculated using the equation: 2 / (T2 + (T3-T1)). A linear regression was used

to find the relationship between pacing frequency and amplitude. The R* value was determined.

2. RESULTS

The average maximum aerobic speed of the 14 subjects included in this study was 3.3 + 0.4 m/s.
For the test sessions the subjects ran at an average speed of 3.1 m/s (+ 0.3 m/s), representing
approximately 94% (93.6 = 3.0%) of their speed at ventilatory threshold.

The wavelet patterns from the simulated data had a strong resemblance to those of the
corresponding real data (figure 1C,D). In general, the traces of the simulated intensity bands were
characterized by smaller, and more frequent oscillations (figure 1E,F). This was more apparent in
the raster plot and histogram representation of the peaks in the intensity trace (figure 2).

[insert figure 1]
[insert figure 2]

For real EMG data, the peaks within a subject tended to have consistent timing across all laps.
This resulted in a vertical alignment of dots in the raster plots, and clusters of bins with high counts
in the histograms. The peaks in the simulated data were more randomly distributed. This was
characterized by less structure in the raster plots, and a corresponding broad distribution of counts
across all bins in the histogram. Examples of the histograms of real (top row) and simulated (middle
row) data for 5 subjects are shown in figure 3, along with the corresponding autocorrelations
(bottom row).

[insert figure 3]
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Of the 14 subjects, all were found to have net autocorrelations with amplitudes above threshold.
The mean (£std) of the threshold amplitude for significant autocorrelations was 0.157 + 0.102. The
detection of local extrema in the net autocorrelations resulted in pacing frequencies that varied from
subject to subject within the range from 23.1 to 54.5 Hz (table 1). The mean (£std) of the pacing
frequencies was 40.6+10.7 Hz. The relationship between pacing frequency and amplitude showed a
trend towards larger amplitudes for lower frequencies. The linear regression had an R value of
0.27.

[insert table 1]

3. DISCUSSION

There was a detectible rhythmicity within the bursts of EMG recorded from the gastrocnemius
medialis during running. This pacing rhythm overlay the primary burst of muscle activity occurring
after heelstrike corresponding to the generation of force required for forward propulsion during the
stance phase. The frequency of the pacing rhythm was determined to range from approximately 25
to 55 Hz. This band of frequencies corresponds with Piper rhythms previously measured in EMG
[Brown, 2000; Piper, 1907]. It is also consistent with previous results from our group using the
same method to measure rhythmicity during isometric contractions of the abductor pollicis brevis
(submitted for publication).

Some rhythmicity was observed in the autocorrelations derived from the simulated data. In
some cases this thythmicity was consistent across all simulations for a given subject and contained
peaks in the autocorrelations that were shared with those from the real data (figure 3, s9). This
suggested that aspects of the general shape of the primary muscle burst were conserved in the
envelop used to generate the simulated data. In other cases the rhythmicity in the simulated data was
not consistent between simulations (figure 3, s1). These fluctuations in the autocorrelation represent

occurrences of synchronicity arising from the random positive and negative interference of the
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superimposed MUAPs used to generate the simulation. In both cases, subtracting the
autocorrelation of the simulated data from that of the real data resulted in a net autocorrelation
containing only aspects of the signal that represented the overlying pacing rhythm. This pacing
rhythm was determined to be significant in all of the measured subjects.

Rhythms within the beta and low gamma (Piper) bands have been shown to be correlated to
central descending drive [Brown, 2000]. This suggests that the rhythms that were measured from
the gastrocnemius muscle during running reflect aspects of central control generated within the
brain. The fact that the pacing events aligned with respect to heelstrike for all measurements taken
throughout a given run (evident in rasterplots — figure 2) suggests that the heelstrike event is
transmitted to higher control centers and influences the phase of the rhythmicity. Not surprisingly,
the pacing varied from subject to subject both in frequency and in amplitude. This reflects varying
conditions, possibly including the shoe condition, effort level or state of fatigue being experienced
by the individual. Data shown in the figures of a previous study [von Tscharner et al., 2003] seemed
to indicate similar pacing events occurring in the tibialis anterior. In that study, the changes seemed
to be related to the footwear condition. Fatigue has specifically been shown to influence the
rhythmicity at the muscle, and with respect to the brain through measurements of corticomusclular
coherence [Tecchio et al., 2006; Yang et al., 2009]. The effect of these factors on the EMG pacing
frequency during running will be investigated in future studies.

This study has some limitations, including the selection of the cut-off frequency of the lowpass
filter used to extract the envelop of the real EMG signal for use in the generation of the simulated
data. Despite the use of a 15Hz cut-off, it is possible that a portion of the low frequency component
of the original pacing events were conserved within the envelop. However, all net autocorrelations
were found to have a significant amplitude, suggesting that the selected cut-off did allow the greater

portion of the pacing signal to be omitted from the simulated dataset.
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4. CONCLUSION

The ability to measure superimposed rhythmicity in EMG signals during dynamic tasks allows
for the investigation of the role of aspects of central drive during movement. In particular, with this
method, differences in fine pacing structures overlaying the muscle events during dynamic activity
can be used to investigate changes of central control in the presence external or internal influences

(e.g. fatigue or footwear conditions).
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FIGURE/TABLE CAPTIONS

Figure 1: Example of real (left) and simulated (right) EMG data from subject 4. Data is centered
around heel-strike (HS) with 300ms before and after. Raw signals (A, B), wavelet intensity patterns
(C, D) and the summed total intensities across the wavelet bands 7-9 (E, F) are illustrated. The

white lines in the wavelet intensity patterns indicate the bottom and top of wavelet bands 7-9.

Figure 2: Example of real (left) and simulated (right) EMG data from subject 8. The raster plots (A,
B) indicate the timing of peaks (x-axis) in the total intensity traces from each trial (y-axis). The
histograms (C, D) indicate the number of peaks across all trials per time bin. The threshold level for

peak detection is indicated by the horizontal gray line in the histograms.

Figure 3: Examples of histograms from real (top row) and simulated (middle row) EMG data from 5
subjects. Resultant autocorrelations are indicated in the bottom row (upper gray — simulated data,
upper black — real data, lower gray — net autocorrelation, lower black — smoothed net
autocorrelation, black circles — first 2 minima (T1 and T3) and first maxima (T2) in the filtered net

autocorrelation).

Table 1: Pacing frequencies (F) and amplitudes (A) extracted from the net autocorrelations of each
subject. Pacing amplitude is listed in units of the autocorrelation exceeding the threshold for each

individual.



"able 1

TABLES
subject # F [Hz] A
12 23.1 0.13
8 27.9 0.28
2 28.6 0.40
1 31.6 0.24
10 32.4 0.13
5 36.4 0.05
9 37.5 0.13
11 46.2 0.26
4 46.2 0.09
3 50.0 0.11
7 50.0 0.07
6 52.2 0.14
14 52.2 0.11
13 54.5 0.03

Table 1: Pacing frequencies (F) and amplitudes (A) extracted from the net autocorrelations of each
subject. Subjects are ordered from lowest to highest pacing amplitude. Pacing amplitude is listed in

units of the autocorrelation exceeding the threshold for each individual.
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