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ABSTRACT

ENDERS, H., V. VON TSCHARNER, and B. M. NIGG. Neuromuscular Strategies during Cycling at Different Muscular Demands.

Med. Sci. Sports Exerc., Vol. 47, No. 7, pp. 1450–1459, 2015. Purpose: This study investigated muscle coordination while pedaling at

150 and 300 W with a cadence of 90 rpm. Changes in the variability of the electromyographic (EMG) signals were quantified in 14

subjects. Methods: Principal component analysis was used to find correlated EMG patterns among seven leg muscles that reflect

neuromuscular strategies while pedaling. Sample entropy was used to assess the regularity of the short-term fluctuations of the EMG.

Signal structure relates to the autocorrelation and to the information in the phase of the signal. This study used the information encrypted

in the phase to quantify neuromuscular control and compared the results to phase-randomized surrogate data. Results: Although the

pattern remained similar, the correlation between individual muscles showed effort-dependent differences. Increased workload altered the

overall neuromuscular strategy indicated by changes in the contribution of individual muscles to the movement. Additionally, the

executed strategy was characterized by increased structure. Regularity of the short-term fluctuations in the EMG increased significantly

with effort level. Both experimental conditions showed more structure in the phase of the EMG compared to the surrogate data.

Conclusions: This increased structure in the EMG signal may represent a less random and more orderly recruited firing pattern during the

pedaling task at higher effort levels. Key Words: PEDALING, EMG, SAMPLE ENTROPY, MUSCLE, COORDINATION

C
ycling has been widely studied by scientist as a
repetitive activity requiring coordinated muscle re-
cruitment to apply force to the pedals. Understanding

the neuromuscular mechanisms of pedaling requires quan-
tification of the timing and magnitude of lower limb muscle
activation. It allows quantifying the function of individual
muscles and their contribution to characteristic phases within
the repeating movement cycle. This was first accomplished
by Houtz and Fisher (15) and has been repeated by several
independent laboratories (for a review, see [16,28]).

The musculoskeletal system has typically more muscles
available than required to complete rhythmic movement
tasks. This leads to a variety of solutions, which we refer to
as solution space, to solve a specific task without changing
the result (20). Owing to the musculoskeletal redundancy,
the precise coordination between multiple muscles is an
important characteristic in addition to the magnitude and
timing of muscle activation, especially for high levels of
power output (37). The timing of activation refers to the on-
set and offset when a muscle is active during a movement.

Muscle coordination describes the contributions of indi-
vidual muscles and/or muscle groups to the movement of
interest (38) by analyzing the entire neuromuscular acti-
vation pattern instead of treating muscles as independent
units. Zajac et al. (38) have proposed a model of muscle
coordination with a synergistic behavior between knee and
hip extensors as well as ankle plantar flexors. Whereas knee
extensors are well suited to produce leg power, the ankle
plantar flexors are coactivated to stiffen the ankle joint,
keeping the foot stable to transfer the leg energy into a
tangential pedal force for propulsion (38).

This coordinated behavior for force production is load
dependent during pedaling, as lower limb joint power pro-
duction increases in a joint-specific manner with increased
mechanical demand (6). Such an altered challenge for the
musculoskeletal system may affect muscle coordination pat-
terns similarly as the relative power production for the task
changes (6). In fact, it was shown previously that changes
in power production are accompanied by changes in co-
activation of muscle pairs (21). Extending this work to study
muscle coordination of multiple muscles may prove useful
to understand how the musculoskeletal system solves the
same task with altered mechanical demands from a neuro-
muscular perspective.

A more conceptual rationale for studying muscle coor-
dination is the proposal that muscles do not work as inde-
pendent units. However, researchers have typically taken
a reductionist approach with the analysis focused on the
individual muscle. Although this approach has been suc-
cessfully used in the past, it fails to provide a comprehensive
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analysis of the complexity of the neuromuscular strategy
used by the musculoskeletal system during movement. Ad-
dressing the coordinative aspects of muscle activation may
offer advantages to understand neuromuscular strategies with-
out splitting it into individual anatomical units.

One tool that seems to be useful for studying muscle coor-
dination is principal component analysis (PCA). This analysis
method has been used in cycling to assess changes in muscle
activity with fatigue (31) and different workloads (35). It
was suggested that increasing the power output results not
only from increased magnitude of muscle activation but also
from changes in specific muscle coordination patterns (36).
Principal component analysis can be used as an efficient tool
to investigate if muscle specific contributions and temporal
muscle coordination are adjusted in a load-dependant fashion
similar to lower limb joint power production (6).

One aspect that has received little attention is the vari-
ability of muscle coordination and if this variability changes
with different muscular demands. Whereas variability of
waveforms (25) and of muscle coordination between cyclists
(17) has been assessed previously, nobody has investigated
the trial-to-trial variability of muscle coordination as well as
the short-term fluctuations in the EMG signal of one pedal
revolution. Analysis of variability in human movement is
important, as it reflects and allows for the quantification of
the neuromuscular control processes (12,13). Previously, we
have shown a structured trial-to-trial amplitude variability
of the EMG signal during cycling, which was interpreted as
a neuromuscular adjustment to the altered environmental
task constraints (7).

In addition to the amplitude variability, there are short-
term fluctuations within the EMG power (envelope of the
raw signal) during each pedal cycle that may provide valu-
able information. These fluctuations describe the adjustment
of muscle activation within each pedal revolution. A random
superposition of motor unit firing would result in random
short-term fluctuations without organized structure. How-
ever, similar to the structure within the amplitude compo-
nent of muscle activation strategies, an underlying structure
may be present in the short-term temporal fluctuations of the
EMG signal during cycling. If increased muscular demand
leads to different motor unit firing rates, which is commonly
the case (5), one may expect differences in the regularity
of the short-term fluctuations in the EMG signal during cy-
cling. Finding increased structure in the short-term fluctua-
tions may be an indicator of neuromuscular control processes.
In fact, it has been suggested previously that correlated firing
of motor units may be a mechanism by which the central
nervous system reduces the individual degrees of freedom to
be controlled (8,27).

To the best of our knowledge, nobody has quantified the
short-term fluctuations in the EMG signal during cycling.
Ordered structure in these short-term fluctuations may indi-
cate neuromuscular control and can be assessed using a
newly developed method (40) based on sample entropy cal-
culations (SampEn) (3,23). The obtained result, the entropic

half-life (EnHL), was shown to be able to sensitively de-
tect changes (1) and can be compared to a phase-randomized
surrogate signal. Using a phase-randomized surrogate signal
allows for the power spectrum of the measured signal to be
unchanged while randomizing the structure encoded in the
phase of the signal.

Therefore, the purpose of this study was twofold. The first
purpose was to identify muscle activation strategies at dif-
ferent power outputs using PCA to quantify muscle coor-
dination during cycling. The second purpose was to explore
the identified strategies with respect to variability and reg-
ularity of the principal component (PC) scores reflecting the
correlated muscle activation while pedaling. We hypothe-
sized (H1) that muscle coordination will change with in-
creased power output similar to the redistribution seen with
joint power production (6) and changes in muscle coacti-
vation (21). We further hypothesized (H2) that the regularity
of the short-term fluctuations of the correlatedmuscle activation
assessed with the EnHL increases with the increased mechan-
ical demand. Based on the second hypothesis, we further pro-
posed (H3) that the experimentalEMGsignal is characterized by
a higher regularity compared to phase-randomized surrogate
data for both load conditions.

Whereas the first hypothesis addresses our understanding
of how humans adapt muscle coordination to achieve high-
power output, the second two hypotheses deal with a novel
way to extract neuromuscular control strategies from the sur-
face EMG signal. Typically, frequent fluctuations in the
EMG signal are treated as random, thus not providing any
information. However, if our third hypothesis is confirmed,
one may conclude that the fluctuations in the EMG are a
result of a nonrandom neuromuscular control process in the
human body. To the best of our knowledge, this would be
the first measure of the regularity of neuromuscular control
based on the surface EMG during dynamic tasks in humans.

METHODS

Experimental protocol. Fourteen healthy, active male
participants (mean (SD), 27.7 (4.0) years, 77.1 (4.0) kg, and
181.1 (7.5) cm) were recruited. Participants had to be free
from injury for at least 6 months before data collection.
Participants were active-endurance-type athletes exercising
at least three times a week at the point of data collection.
Participants were not limited to cyclists but had also com-
petitive experience in soccer, cross country skiing, and run-
ning, to capture a variety of endurance-type athletes. Each
participant gave written informed consent in accordance with
the University of Calgary’s policy on research using hu-
man subjects and completed a Physical Activity Readiness
Questionnaire. The study was approved by the University of
Calgary Conjoint Health Research Ethics Board.

Electromyographic signals were recorded while subjects
were pedaling on a calibrated velotron dynafit pro cycle
ergometer (RacerMate Inc, Seattle, WA). The participants
were comfortably seated on the ergometer, allowing a knee
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flexion angle of approximately 5- at the bottom dead center.
After a standardized 10-min warm-up, data were collected
at 150- and 300-W power output in a randomized fashion
while participants were pedaling at a frequency of 90 revo-
lutions per minute (rpm). Participants were provided visual
feedback of their cadence and instructed to keep it as close
as possible to the target cadence of 90 rpm. Therefore, the
difference between both experimental conditions is the force
applied to the pedals by the lower limb muscles. Between
both conditions, a 5-min rest period was allowed to avoid
fatigue. The pedal position was determined using a magnetic
switch that sent a square wave pulse when the right pedal
crank passed 90- counterclockwise from the top dead center
(TDC). For each condition, 60 s of data were recorded and
the middle 70 pedal revolutions were used for further analysis.

EMG recordings. Surface EMG signals were recorded
from seven leg muscles. Bipolar Ag/AgCl electrodes (10-mm
diameter, 22-mm interelectrode distance) were placed after
removal of the hair, abrasion with sandpaper, and cleaning
with isopropyl wipes on the muscle bellies of the tibialis
anterior (TA), soleus (SOL), gastrocnemius medialis (GM),
biceps femoris long head (BF), vastus medialis (VM), rectus
femoris (RF), and vastus lateralis (VL) on the right leg according
to the recommendations of the Surface ElectroMyoGraphy for
the Non-Invasive Assessment of Muscles guidelines (14). A
ground electrode was placed on the tibial tuberosity; and all
electrodes, cables, and amplifiers were taped to the skin to
reduce movement artifacts. Electromyographic signals were
amplified (Biovision, Wehrheim, Germany) with an amplifi-
cation factor of 2500, band pass filtered (10–500 Hz) and re-
corded with a sampling frequency of 2400 Hz via a 12-bit A/D
converter (National Instruments, Austin, TX).

EMG processing and PCA. For each of the seven
muscles, the myoelectric signals were resolved into the
power extracted by nine frequency bands (19–330 Hz) using
a wavelet analysis (30). Individual trials corresponding to
one full crank revolution were selected based on the signal
from the magnetic pedal switch. For the PCA, each trial was
time normalized to 720 samples corresponding to the 360-
crank revolution. The total power summed across all
frequency bands (EMG power) of the myoelectric signal
was represented as a vector with seven components re-
presenting the EMG power of all seven muscles at each
position in the pedaling cycle. These column vectors were
appended forming a matrix of N = 705,600 (14 subjects �
70 pedal revolutions� 720 crank angles) EMG power vectors
that span a seven-dimensional vector space. The EMG power
for both conditions was normalized to the mean EMG power
obtained for each muscle during the 150-W condition across
all trials. For each condition, the mean of the vectors was
subtracted from the matrix. Applying PCA to the input matrix
results in a set of PC vectors and their corresponding eigen-
values of the matrix. The PC vectors were numbered (PC#-
vector) in decreasing order of the eigenvalues. The eigenvalues
represent the explained variance by each component
number and is expressed as a percentage of the sum across all

eigenvalues. Therefore, the first PC vector indicates which
muscles contribute most strongly to the overall EMG pattern
during the movement. The elements of the PC vectors are
called the PC loadings. The projections of any EMG power
vector on a PC vector are called a principal component (PC)
indexed with the component number; they are often called PC
weights or PC scores. Principal components were visualized
as a function of pedal revolutions (720 crank angles) and
formed a waveform for each component number. Coordination
and trial-to-trial variability of muscle activation were visualized
as trajectories in the plane spanned by the first two PCs.

Entropy calculation. Information theory defines entropy
and sample entropy (SampEn) as the rate of information gen-
eration within a signal and quantifies the regularity in the
signal (23). It can be conceived that points measured at short
time intervals (small scales) may show nonrandom amplitude
differences, and points measured at very large time intervals
(large scales) are uncorrelated or represent random amplitude
differences. Thus, with increasing time intervals between ad-
jacent measured values (increasing scale), a transition from
correlated to randomness between neighboring points occurs.
A freely available software package (11) was used to calcu-
late SampEn for each time series. A new reshape scale method
was used to compute a reshape scale transition of SampEn
(40). As an example, a reshape scale of three of the example
time series of [1 2 3 4 5 6 7 8 9 10 11 12] will result in a new
time series consisting of blocks [1 4 7 10 2 5 8 11 3 6 9 12];
in this example, the block size is four elements long. Thus,
increasing the reshape scale will result in an increasingly larger
time interval ($t) between adjacent points in the reshaped
time series (40). In this study, the reshaping procedure was
expanded by randomizing the blocks within the reshaped time
series, which represents a necessary addition to prevent the
reordering of the elements, which occurs at large scales. For
each individual signal, the SampEn was normalized to the
maximumSampEn that was obtained by averaging the SampEn
of four completely randomized signals.A reshape scale SampEn
transitionwas obtained by computing the SampEn for gradually
increasing scales. The EnHL was quantified as the scale at
which the normalized SampEn equals 0.5.

Application of reshape scale SampEn transitions.
The cycling movement induces an underlying basic repetitive
temporal structure to the PCs seen in the waveforms that is
caused by the pedaling rate. To analyze the structure of the
short-term fluctuations in the EMG power, the PCs were
filtered using a wavelet high-pass filter (3-dB cutoff frequency:
2.5 Hz) to remove the underlying base structure induced by
the pedal revolution (90 rpm = 1.5 Hz).

Entropic half-life was used to assess the regularity in
the high-pass–filtered PCs temporal structure. EnHL was
computed for the 150- and 300-W conditions for each sub-
ject using the high-pass–filtered PCs(t) in absolute time units
(not normalized to crank angle) of all 70 consecutive pedal
revolutions.

Phase-randomized surrogate data. One surrogate
signal was generated for the 150- and 300-W condition of
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each subject for comparisons with the original, high-pass–
filtered PCs. The original signal was Fourier transformed,
then the phase was randomized, and a surrogate signal was
obtained by applying an inverse Fourier transform. Thus, the
surrogate signal has the same power spectrum and auto-
correlation as the original signal; however, the structure en-
coded in the phase has disappeared.

Statistics. Analysis of variance (ANOVA) was used to
assess statistical differences of the EnHL between the four
conditions (150W, 300W, 150-W surrogate, 300-W surrogate).
A factorial design was used when assessing differences in the
EnHL for individual PCs. Inflation of type I error ratewas avoided
using a Bonferroni correction. A one-way ANOVA was used
when comparing the overall EnHL between the four tested
conditions. All tests were considered significant at > = 0.05.

RESULTS

Principle component analysis. The result of submit-
ting the EMG vectors (seven components each) to the PCA
showed that the PC of the first six and four PC vectors were
sufficient to explain more than 95% of the variance of the
dataset for the 150- and 300-W pedaling conditions, respec-
tively. This indicates a reduction of the dimensionality of the
solution space for the 300-W condition that was required to
explain 95% of the variance. In the 150-W condition, the first
two PC vectors explained 30.9% and 26.7% of the total var-
iance, respectively. The 300-W condition was strongly domi-
nated by PC1, which explained 71.3% of the total variance.
This is roughly equal to the cumulative variance explained by
the first three component numbers in the 150-W condition.

Visual inspection of the PC1-vector loadings of the 150-W
condition and the PC2-vector of the 300-W condition
showed largest loadings for BF, GM, and SOL (ankle and
knee flexor muscles) (Figs. 1A, H). The loadings of the PC2-
vector of the 150-W condition and the PC1-vector of the

300-W condition were largest for VM, RF, and VL (knee
extensor muscles) (Figs. 1B, G). This demonstrates that the
strategies (knee/ankle flexor and knee extensor) repre-
sented by the first two PC vectors are reversed for the 150-
and 300-W condition (Fig. 1). This inversion was considered
for the remainder of the analysis. Additionally, PC2-vector
of the 150-W condition is split into two different strategies
in the 300-W condition. The first strategy is represented by
the activation of the biarticular rectus femoris (PC1-vector),
and the second strategy groups the monoarticular VM and VL
(PC3-vector).

Although the loadings of PC1-vector and PC2-vector for
both conditions grouped similar muscles, a difference can be
observed in the distribution of the PC loadings between the
two conditions. In the 150-W condition, three muscles (BF,
GM, and SOL for PC1-vector and VL, RF, and VM for PC2-
vector) show approximately equal loadings on the first two
PC vectors. In the 300-W condition, the first two PC vectors
are dominated by loadings of the RF and BF, respectively.
Beyond the first two components, the PC loadings between
the two conditions diverge. The PC3-loadings in the 150-W
condition are strongly dominated by the activation of the
tibialis anterior, a muscle that plays almost no role in the
300-W condition, whereas the PC3-loadings indicate a cor-
related activation of the VL, VM, and SOL in the 300-W
condition. In the 150-W condition, all three knee extensor
muscles are grouped in PC2-vector, whereas a decoupling
between the RF (PC1-vector) and the VL and VM (PC3-
vector) can be observed in the 300-W condition (Fig. 1).

The PCs are visualized as waveforms (PCs for 720 crank
angles) in Figure 2. The waveforms change in a similar way
as the crank angle progresses in each of the pedal revo-
lutions. The average waveforms across all pedal revolutions
form an average waveform for each component number
(Fig. 2). The second and first waveforms in the 150- and
300-W conditions, respectively, are similar, with a clear peak

FIGURE 1—Principal component loadings (horizontal axis) of the seven muscles (vertical axis) on the first six PCs (from left to right) for the 150- (top)
and 300-W (bottom) conditions. All horizontal axes have the same scaling as indicated by the lower left example. The number on top of the boxes
indicates the explained variance in percent for each PC#-vector.
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activity during the power production phase after the crank
passes the TDC. The first and second components in the
150- and 300-W conditions, respectively, show a slightly
later peak during the downstroke of the pedaling movement.
The waveforms of the first two components are reversed for
the 150- and 300-W conditions, thus confirming the reversal
shown for the corresponding PC loadings.

Whereas the first waveform and the second waveform
for the two conditions, respectively, are very similar, the
explained variance corresponding to this waveform is much
higher in the 300-W condition. In contrast to the first two
waveforms, the higher-ordered waveforms showed no similarity.
The third waveform can be seen in Figure 2 to illustrate the
lack of similarity that was found for all higher waveforms.

Entropic half-life of the PCs. Visual inspection of the
waveforms showed that there were short time fluctuations
on top of the individual waveforms. The fluctuations reflect
the variation of the activation of the muscles during the
cycles of the pedal revolutions. The high-pass–filtered PCs(t)

that reflect these fluctuations over time showed a distinct
transition from an ordered, correlated relation between con-
secutive time points to a random relationship between neigh-
boring points when computing the SampEn for different
scales (Fig. 3).

The EnHL of this transition was computed for each of the
PC(t) for the 150 W, the 300 W, and their surrogates (Fig. 4).
A significant main effect of the EnHL of all PC vectors was
found when comparing all four tested conditions (F1,13 =
2856.4; P G 0.001). Significant differences in the EnHL for
the 150 W, the 300 W, and their surrogates were consistently
found for each individual component number (Fig. 4). All
individual PCs showed a significantly longer EnHL in the
300-W experimental condition compared to the 150-W

FIGURE 2—The first three average waveforms (solid black line) of 70 pedal revolutions for the 150-W condition (left) and 300-W condition (right). The
horizontal axis describes the crank angle where the dashed line indicates when the crank passes the TDC. The gray shaded area represents the 95%
confidence interval.

FIGURE 3—Transition curve of SampEn for different reshape scales
ranging from$t 1.7 ms to 40 s. The entropic EnHL is the reshape scale for
which the normalized sample entropy is 0.5 (gray dot). Reshape scales on
the horizontal axis are shown as a log plot for better visualization.

FIGURE 4—The EnHL for temporal PC fluctuation corresponding to
individual component numbers for the 150- and 300-W experimental
conditions (circles) as well as their corresponding surrogate con-
ditions (squares). The lines of the 150- and 300-W conditions are
shown in gray and black, respectively. Each data point represents the
mean across subjects (N = 14), with the error bars indicating the 95%
confidence interval.
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experimental condition (P G 0.001). Both the 150- and
300-W experimental conditions showed significantly
longer EnHL compared to each surrogate condition (P G
0.001). However, there was a significant difference (P G
0.001) in the EnHL of the respective surrogate data for
PC1, PC3, and PC6; whereas PC2, PC4, and PC5 did not
show statistically significant differences (P 9 0.05).

The ANOVA of the overall EnHL (EnHL averaged across
all PC weights of the 95% solution space) showed a sig-
nificant main effect of the tested conditions (F1,13 = 2582.72;
P G 0.001). Post hoc comparisons showed that across all
14 subjects, the overall EnHL was significantly longer in the
300-W condition compared to the 150-W (P G0.001). In de-
tail, the transition from being more regular to more random

with increasing scale occurred at EnHL = 16 ms in the 300-W
condition and at EnHL = 9ms in the 150-W condition (Fig. 5).
This represents an increase in the EnHL of 68.4% as power
output doubled.

The overall EnHL for the 150-W and 300-W surrogate
data were 4.1 and 4.7 ms, respectively. However, the mean
EnHL of the surrogates, although they are not very different
in absolute terms, are significantly different (P G 0.01). Both
the 150- and 300-W experimental conditions had a signifi-
cantly longer EnHL compared to the 150-W and 300-W sur-
rogate data (P G 0.001).

Muscle coordination. Muscle coordination was visu-
alized as trajectories of the PCs in the plane spanned by the
first two PC vectors of each condition (Fig. 6). This plane
represents the two dominant coordinated recruitment pat-
terns while performing the cycling task in each condition.
The zero crossover point represents the mean muscle ac-
tivity. As mentioned previously, the first two component
numbers were reversed in the 300-W condition compared to
the 150-W condition. It can be seen that the general activa-
tion pattern, represented by the loop trajectories, is similar
in both conditions, although there seem to be major differ-
ences in magnitude and variability of these trajectories.

In the 150-W condition, the initial activation as the crank
passes the TDC is a coordinated activation of knee extensor
(PC1) and knee flexor and ankle flexor (PC2) muscles
indicated by an angled positive slope (light blue to yellow).
Contrary to this behavior, the 300-W condition is initially
characterized by an almost vertical slope (light blue to green)
indicating a dominant muscle activation of the knee exten-
sors (PC1), primarily the RF muscle. After the upper turning
point in Figure 6 (green to yellow) in the 300-W condition,

FIGURE 5—Boxplots for the EnHL for the 150- and 300-W experimental
conditions and both corresponding surrogate conditions. The lines connect
the EnHL for each individual in both experimental conditions. Note that all
14 participants show an increase in the 300-W condition. Both surrogate
conditions are significantly lower compared to both the 150- and 300-W
experimental conditions.

FIGURE 6—Coordination plots visualized as loop trajectories in the solution space spanned by the first two principle components for 150 W (left) and
300W (right). The color code represents the crank angle at each time point and is visualized in the top right corner. The first and second PCs in the 150-W
condition represent the BF, GM, and SOL and the VL, VM, and RF, respectively. For the 300-W condition, the first and second PCs show activity of the
RF and BF, respectively. Whereas the other muscles also contribute to the first two components in the 300-W condition (see Fig. 1), their relative
contributions are negligible compared to the magnitudes of RF and BF.

NEUROMUSCULAR STRATEGIES DURING CYCLING Medicine & Science in Sports & Exercised 1455

A
PPLIED

SC
IEN

C
ES

Copyright © 2015 by the American College of Sports Medicine. Unauthorized reproduction of this article is prohibited.



the PCs show a negative slope (yellow to orange), indicating
a coordinated relaxation of the knee extensor and simul-
taneous activation of the knee flexor muscles. As the knee
extensors are fully relaxed, the knee flexors develop their
full activation around 120- past the TDC (orange). A similar
pattern is seen in the 150-W condition during the transition
from 90- (yellow/orange) to 180- (red). In the 300-W con-
dition, the knee flexor muscles relax, whereas activity of the
knee extensor muscles is unaffected until slightly before the
crank passes the TDC. This results in an almost horizontal
line (red to purple) for the 300-W condition in Figure 6,
indicating again a dominant pattern of the knee flexors (PC2)
with the knee extensors being relaxed. In contrast, during
the 150-W condition, the last half of the crank revolu-
tion (red to light blue) is characterized by a slope indicating
an activation of the knee extensor muscles (PC2) during
the relaxation phase of the knee flexor and ankle flexor
muscles (PC1).

DISCUSSION

This study investigated muscle activity during cycling
using a PCA approach that has previously been used for the
analysis of gait kinematics (4,10,18,32). Similar to these
studies, we were able to identify main activation patterns
reflected in the EMG power, thus showing the coordination
of muscle activity while cycling. The muscle coordination in
this study was visible in the loadings of the PC vectors (Fig.
1). This approach expanded on studies that reported the
onset and end of muscle activity and global waveforms of
muscle activity while cycling (2,25).

The results of this study showed that specific muscle ac-
tivation profiles (e.g., RF) take over a more dominant role as
power output increases and that the knee extensors and ankle
plantar flexors had more distinctly separated times of acti-
vation at higher effort levels. Increasing the power output
was also characterized by a reduction in the solution space
as seen by the lower number of PC vectors necessary to cap-
ture 95% of the variance of the data in the high-power
condition. We suggest that this result is primarily due to the
increased mechanical task constraints that decrease the num-
ber of options for the musculoskeletal system to solve the
pedaling task. This result confirms a basic physical principle
that completing a task in an unspecified manner allows for a
theoretically infinite number of solutions. However, an in-
crease in task constraints (e.g., completing a task as fast as
possible, approaching maximum-power output) results in a
decreased number of available solutions for the system to
complete the task successfully (20). Previous studies on
pedaling support this reduction in the solution space as the
task becomes more constrained when considering the
magnitude characteristics of an EMG signal (7).

Muscle function during pedaling. The reduced so-
lution space in the 300-W condition was strongly charac-
terized by an activation of knee extensors (RF), knee flexors
(BF), and ankle plantar flexors (SOL); however, the knee

muscles played a dominant role. It was previously shown
that lower limb joint power production increases substan-
tially as mechanical power production increases (6), with the
knee extensor and flexor muscles providing more relative
joint power compared to the ankle muscles (6) and the RF
muscle activation being strongly associated to the produced
power output (21). In fact, it was shown that muscular ef-
ficiency increases with higher levels of power output at a
given cadence (39). This suggests that the observed changes
in neuromuscular strategy during the 300-W condition may
be one of the mechanisms of how efficiency is optimized.
In support of this argument, Rouffet et al. (24) reported
changes in EMG activity and timing of the RF and BF
muscles (PC1 and PC2 in the 300-W condition) when subjects
pedaled at a low-power output (i.e., unloaded cycling ex-
ercise). This change in neuromuscular strategy was asso-
ciated with increased oxygen consumption (24). Combining
the results in this study and previously reported findings
suggests that power-induced changes in the neuromuscular
strategies during cycling seem to involve the RF and BF
muscles leading to different outcomes depending on the
power produced by the individual.

The coordination between muscles in the high-power out-
put condition also confirms a mechanical model that was
proposed for the pedaling movement (38), where the knee
and hip extensors contract during leg extension to produce
substantial leg power. However, the knee and hip extensors
do not deliver much of this energy to the crank. Instead, the
plantar flexor muscles that produce little leg power are active
to redistribute the power by reducing leg energy and concurrently
increasing energy delivered to the pedal to produce a tangential
pedal force (38). This synergistic behavior of the hip and knee
extensors and the ankle plantar flexors permits the foot to remain
nearly horizontal, allowing efficient energy redistribution from
the leg to the crank (38). This mechanical synergistic behavior
was confirmed based on the EMG results of this study.

The 300-W condition showed a main pattern that was
very close to the EMG profile of the RF. This biarticular
muscle acts as a hip flexor and knee extensor and is crucial
for power production during the propulsion phase and also
for power transfer between the hip and the knee joint (25).
This suggests that energy redistribution between the hip and
the knee joint seems to be an important characteristic in the
muscle activation strategy during high-power output. In fact,
it was proposed that power produced by monoarticular
muscles is transferred to adjacent joints by their biarticular
antagonists (29). Others have suggested a unique role for
biarticular muscles due to their capability of redistribut-
ing energy among different body segments rather than
transferring power between joints (38). A common core to
these concepts is the unique role of acting on multiple joints
and segments and thereby offering solutions different from a
single or even multiple monoarticular muscles. This sug-
gests that the RF muscle plays a key role for segment coor-
dination between pelvis and thigh and redistributing the
energy produced by knee and hip muscles.

http://www.acsm-msse.org1456 Official Journal of the American College of Sports Medicine

A
PP

LI
ED

SC
IE
N
C
ES

Copyright © 2015 by the American College of Sports Medicine. Unauthorized reproduction of this article is prohibited.



PCA reveals coordination strategies. Similar to the
studies done on kinematics (4,10), the PC loadings provided
a holistic picture on the correlated activation of different
muscles and the proportional contribution of individual mus-
cles to the overall EMG activity. In the 150-W condition, we
observed that ankle and knee flexors were grouped into PC1-
vector, indicating a correlated firing of the BF, GM, and
SOL. Similarly, the three quadriceps muscles were grouped
into PC2-vector, indicating a correlated firing of all three
muscles. Both PC vectors contributed almost equally to the
overall muscle activation strategy, indicating a balanced role
from the knee and ankle muscles. The 300-W condition was
characterized by two systematic changes in the loadings of
the first two PC vectors. First, the loadings on PC1-vector
and PC2-vector were clearly dominated by the RF and BF,
respectively, thereby reducing the role of the ankle flexors.
Second, the proportional contribution of PC1-vector was ap-
proximately five times higher than PC2-vector in the 300-W
condition, indicating a clear dominance of the knee extensor
muscles over the knee flexor muscles. In summary, the
changes from 150 W to 300 W can be described as a pro-
portional increase in knee muscle activation compared to
the ankle activation. With higher mechanical demand, knee
muscle activation increases substantially for leg power pro-
duction, whereas the demand for a stiff ankle joint necessary
for efficient energy transfer to the crank is similarly relevant
in the 150- and 300-W conditions. Lastly, the activation of
the biarticular RF and both monoarticular VL and VM were
decoupled in the 300-W condition, indicating different roles
during the movement cycle. This uncoupling supports the
idea for different roles of biarticular and monoarticular
muscles during cycling (29,38).

Variability of the neuromuscular strategy. Previous
studies have shown structured components in the amplitude
trial-to-trial fluctuations (7), indicating a nonrandom control
that may be involved during pedaling. However, only the
amplitude fluctuations were considered in the analysis ne-
glecting the information encoded in the phase. It is known
that the phase of the signal contains information (22), which
gave rationale to the analysis of the EMG signal in this study
to quantify the short-term fluctuations within a pedal revo-
lution using SampEn.

These short-term fluctuations in the overall EMG power
of one pedal revolution may be caused by muscle activity
that is responsible for the fine tuning of the movement. To
quantify numerically the properties of EMG power fluctu-
ations, we hypothesized that a new variable, the EnHL,
which is based on the reshape scale transition of SampEn
(40), would be able to reveal that the short-term fluctuations
of EMG power were nonrandom but had a structure. In our
case, structure may be interpreted as signal regularity where
EMG power might be more consistently regulated by
descending motor commands and/or other sensory inputs or
reflexes. The first major result of the SampEn analysis
showed that there was a significant increase in the EnHL for
all subjects and components, indicating a greater amount of

structure in the EMG power encoded in the phase of the
signal. Second, this study proved that a large amount of the
regularity is encoded in the phase of the EMG power and
changes with the power output during cycling. The com-
bination of these two results leads to two main interpre-
tations. First, we conclude that structure in the signal increases
with task difficulty most likely due to a more constrained
solution space that allows for less randomness in the exe-
cution of a movement task. Second, the structure encoded in
the phase of the short-term fluctuations of the EMG power
might indicate neuromuscular control mechanisms within
the human body. This is based on the observation that ran-
domizing the phase while keeping all other aspects of the
signal unaltered, particularly the autocorrelation, resulted in
a substantial drop of the EnHL. It shows that the observed
structure in the EMG power is significantly different from an
uncontrolled random process.

Entropy has been widely used as an analysis tool to assess
physiological signals such as the electrocardiogram (3,23).
SampleEn has not yet been used in the context of EMG
signals during rhythmic locomotion. Electromyographic signals
are a superposition of motor unit action potentials from nu-
merous motor units in the muscle. A random firing of motor
units located under the electrode will result in a random
EMG signal with no underlying structure and no regularity
in the short-term fluctuations of the EMG power. It was
previously shown that single motor unit discharge variability
continuously decreases with increasing force output (33). As
a result of increased motor unit discharge regularity, the
overall EMG signal and, thus, the short-term fluctuations
within the signal, may become more regular. Our results
suggest that motor unit firing during both low- and high-
power output cycling is nonrandom in support of previous
comparisons of the time-dependent EMG structure to sur-
rogate data during isometric force production (34). The fur-
ther increase in regularity in the 300-W condition suggests
increased neuromuscular control that may be a result of in-
creased synchrony in the firing of the motor units. However,
the recordings in this experiment were superficial and do
not allow measurement of specific motor unit populations.
Therefore, the translation of muscle tissue under the elec-
trode, which might be different in the two experimental con-
ditions owing to muscle gearing and fascicle mechanics,
should be considered as a limitation of surface EMG re-
cordings in this study.

It is well described that increased motor unit synchro-
nization is an important factor for muscle activation and force
development (26). It is further argued that a great benefit of
motor unit synchronization is the coordination of multiple
muscles (26) resulting in skilled muscle synergies. We might
speculate that our increased regularity is based on this al-
tered motor unit firing to improve muscle coordination for
increased force development. Some studies speculate that
increased motor unit synchronization may be a result of an
enhanced descending drive from cortical areas (19). If
motor unit synchronization is dependent on a functional
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descending corticospinal pathway, which is supported by
studies using neurologically impaired subjects (9), then it
might be speculated that the descending drive to the motor
units and muscles is enhanced in the 300-W condition com-
pared to the 150-W condition. However, this speculation
needs careful evaluation using measurements that combine
electrophysiological signals of muscles and cortical areas.

CONCLUSIONS

This study evaluated intertrial and intratrial variability of
myoelectric signals during pedaling at different power outputs.
Overall, the result suggests that the solution space becomes

more defined as task-difficulty increases, which leads to a
more regular signal with respect to the short-term fluctuations.
Additionally, alterations in muscle activation strategy were
apparent, as there was a redistribution of the importance of
muscles contributing to the movement.
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