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Abstract 

Groups of muscles are recruited in various combinations to perform smooth, controlled 

limb movements. Within these muscle groups, the excitation of a single muscle is 

commonly the focus of manipulation when attempting to influence limb movement, but it 

is the coordinated excitation of multiple muscles (muscle coordination) that ultimately 

determines the limb movement and mechanics. Despite successes with single muscles, 

the capabilities of manipulating muscle coordination are unknown. Therefore the goal of 

this research was to develop a tool to purposefully manipulate muscle coordination. 

This research is comprised of four studies that collectively facilitated the development of 

a biofeedback tool to purposefully manipulate muscle coordination in real-time during 

movement. The first study established a physiologically relevant outcome to be used by 

the biofeedback tool. The study showed that muscle excitation provides good predictions 

of changes in metabolic power and could therefore be used to determine the relative 

mechanical efficiency of different muscle coordination strategies. The second and third 

studies established a muscle coordination reference frame, specific to the efficiency 

outcome ascertained in the first study, used to characterize the current and desired end 

states of muscle coordination. Specifically, muscle coordination patterns, and their 

associated relative efficiencies, were determined across a range of mechanical demands 

to distinguish the key features responsible for differences in efficiency that were 

subsequently used to guide the biofeedback tool. 

In the final study, a novel biofeedback tool for manipulating muscle coordination was 

developed and validated. The underlying algorithm used principal component 

decomposition of muscle excitation to characterize the changes in muscle coordination at 

different mechanical demands. The algorithm was modified to be implemented in real-time 

and the tool was validated by having subjects cycle while receiving feedback comparing 

their muscle coordination to the reference frame. The results showed that the subjects 

were successfully able to change muscle coordination to improve the relative efficiency of 

the movement. Collectively, this research provides a valuable tool for research into motor 

learning and could be applied to improve rehabilitation and sport performance. 
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Chapter 1.  
 
Introduction 

Muscles often work in groups to produce movement. Within these muscle groups, 

multiple muscles cross the same joint and can be recruited in numerous combinations 

making it possible to perform a range of smooth controlled limb movements. The manner 

in which muscle recruitment is coordinated to produce limb movements is reflected in 

outcome variables such as limb kinematics, energy consumption and mechanical power 

(Wakeling et al., 2010). For example, we recently demonstrated that the coordination of 

muscle excitation (muscle coordination) limits both the limb mechanics used to produce 

power and the efficiency of limb movement (Wakeling et al., 2010). Muscle coordination 

is therefore an important factor when attempting to manipulate limb movement, such as 

during rehabilitation and sport performance. However, it is currently unknown whether 

muscle coordination can be purposefully manipulated. 

Muscle excitation refers to the depolarization of the muscle cells by action 

potentials that results in muscular contractions. Manipulation of muscle excitation using 

real-time sensory feedback (biofeedback) has been successfully used in areas such as 

post stroke rehabilitation (Moreland et al., 1998), headache disorders (Nestoriuc et al., 

2008) and re-education of pelvic floor musculature (Koh et al., 2008). These manipulation 

methods predominantly focus on the amplitude and timing of muscle excitation in a single 

muscle. Although individual muscles are important for movement, it is the amplitude and 

timing of muscle excitation across multiple muscles that determines the outcome. 

Furthermore, manipulating a single muscle is unrealistic because other muscles and the 

coordination amongst muscles are also affected. Therefore a key objective of this 

research was to develop and show proof of concept of a biofeedback tool that could 

evaluate and facilitate the manipulation of muscle coordination. 
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Cycling on a stationary ergometer is an appropriate mode to investigate the 

manipulation of muscle coordination because it provides constrained limb movement in a 

controlled environment. In addition, during cycling, mechanical demands such as workload 

and velocity can be decoupled (Wakeling and Horn, 2009; Wakeling et al., 2006), which 

makes it a good model to examine and account for the effects of mechanical demands on 

muscle excitation and muscle coordination. Therefore, a series of studies using cycling 

were designed and conducted to evaluate and manipulate muscle coordination patterns.  

1.1. Establishing an Biofeedback Outcome 

Efficiency (Blake et al., 2012; Wakeling et al., 2010) and power production (Dorel 

et al., 2012; Samozino et al., 2007; Wakeling et al., 2010) are two fundamental outcomes 

of human movement that are influenced by muscle coordination. Mechanical efficiency 

during movement is a measure of the ability to utilize energy, or metabolic power, to 

produce mechanical power. Thus mechanical efficiency during movement is dependent 

on the energy required by the contracting muscles, such that it is reasonable to 

hypothesize that muscle contractions contain meaningful information about metabolic 

power. Hence, the first part of this study aimed to characterize the relationship 

between muscle excitation and metabolic power in order to use muscle excitation 

as a measureable outcome of the energetics and relative efficiency of the 

movement. 

Aerobic metabolism during dynamic activities is commonly estimated using oxygen 

and carbon dioxide gas exchange, but its temporal resolution is limited by the relatively 

slow respiration rate. Consequently, information about muscular contractions that 

influence metabolic power is neglected as these contractions can occur more frequently 

than the respiration rate. Information about muscular contractions can be detected using 

surface electromyography (EMG) and therefore EMG must contain information about 

metabolic power at a higher temporal resolution than gas exchange measures, yet it is 

unknown if EMG is an appropriate method to estimate changes in metabolic power during 

non steady-state dynamic activities.  
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Investigations of the relationship between oxygen uptake (V̇O2) and EMG provide 

evidence of linear (Arnaud et al., 1997; Bigland-Ritchie and Woods, 1976; Jammes et al., 

1998) and non-linear (Hug et al., 2004a) relationships below and above the anaerobic 

threshold, respectively. The non-linear relationship is partially explained by a 

proportionally larger increase in EMG than V̇O2 due to a greater reliance on anaerobic 

metabolism. EMG does not discriminate the energy source and therefore contains 

information about metabolic power from both aerobic and anaerobic sources. We recently 

showed that a monotonic increase in metabolic power (r = 0.86) is associated with 

increased EMG intensity from mean values of V̇O2 and EMG calculated at constant 

workloads (Wakeling et al., 2011). This relationship only indicates that metabolic power is 

related to EMG intensity during steady-state activities averaged over an extended time. 

The workload transitions were not investigated and the higher temporal resolution of the 

EMG was ignored. The purpose of the study in chapter two was therefore to define 

metabolic changes based on EMG, in non steady-state conditions, by establishing a 

scientifically meaningful relationship between metabolic power and EMG. It was 

hypothesized that a scientifically meaningful relationship exists at a greater 

temporal resolution than previously determined such that estimates of changes in 

metabolic power can be determined from the EMG signal and muscle excitation can 

be used as an energetics outcome by the biofeedback system. 

1.2. Establishing a Biofeedback Reference 

Comprehensive understanding of muscle coordination, and changes in muscle 

excitation of the individual muscles that comprise muscle coordination patterns, is 

essential to establish a physiologically acceptable reference for the biofeedback system. 

It is also important to understand the relationships between muscle coordination and 

mechanical demands, such as cycle frequency and workload, and how these relationships 

influence desired outcomes such as mechanical efficiency and power production. The 

second part of this study, therefore, aimed to determine the responses of muscle 

excitation and coordination to a wide range of mechanical demands and the 

subsequent influence on relative mechanical efficiency and power production. 
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During multi-muscle contractions, the spatiotemporal characteristics of muscle 

excitation describe the primary features of muscle coordination. Understanding the effects 

of workload and cycle frequency on muscle coordination is important to the development 

of a biofeedback system that aims to facilitate the manipulation of muscle coordination 

towards outcome measures such as relative mechanical efficiency and power output. 

Understanding the effects of workload and cycle frequency is important because muscle 

coordination affects mechanical efficiency (Blake et al., 2012; Wakeling et al., 2010) and 

power output (Dorel et al., 2012; Samozino et al., 2007; Wakeling et al., 2010), yet few 

studies have looked at the muscle coordination-workload-cycle frequency relationships 

across multiple muscles.  

Changes in excitation of the muscles that comprise muscle coordination in 

response to mechanical demands, such as workload and cycle frequency (cadence), 

differs for each muscle (Ericson et al., 1985; Hug et al., 2004b; Jorge and Hull, 1986; 

Wakeling and Horn, 2009; Wakeling et al., 2006) and have been reviewed (Hug and Dorel, 

2009). Briefly, relative muscle excitation is workload dependent and differs for each 

muscle (Blake and Wakeling, 2012; Blake et al., 2012; Ericson, 1986; Ericson et al., 1985; 

Hug et al., 2004b; Jorge and Hull, 1986; Sarre et al., 2003; Wakeling and Horn, 2009; 

Wakeling et al., 2010). The excitation response of individual muscles to different cadences 

also varies, with many inconsistencies among the collective research (Ericson, 1986; 

Ericson et al., 1985; Lucia et al., 2004; Neptune et al., 1997; Neptune et al., 1997; Sarre 

and Lepers, 2005; Sarre and Lepers, 2007; Sarre et al., 2003; Takaishi et al., 1996; 

Takaishi et al., 1998; Wakeling and Horn, 2009; Wakeling et al., 2006). Evidence suggests 

that the relationships between muscle excitation and cadence are workload dependent 

(MacIntosh et al., 2000), which may explain these inconsistencies since a broad range of 

workloads were employed. Therefore, in chapter four we hypothesized that there exists 

an interactive influence of cadence and workload on muscle excitation that would 

explain previous inconsistencies reported in the literature with respect to the 

responses of muscle excitation to changes in cadence. The timing of muscle 

excitation is also affected by cadence (Baum and Li, 2003; Dorel et al., 2012; Marsh and 

Martin, 1995; Neptune et al., 1997; Samozino et al., 2007; Sarre and Lepers, 2005; Sarre 

and Lepers, 2007; Wakeling and Horn, 2009), and both influenced (Sarre and Lepers, 
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2007) and not influenced (Jorge and Hull, 1986) by workload, but relatively little research 

has been completed in this area. 

Just as the workload-cadence relationships are important to understand muscle 

coordination, the influence these relationships have on efficiency is important when 

attempting to manipulate muscle coordination towards such an outcome. Efficiency in 

cycling has been reviewed (Ettema and Loras, 2009) and is dependent largely on 

workload, and to a lesser extent on cadence, and is maximized at increasing cadences 

for increasing power outputs (Böning et al., 1984; Coast and Welch, 1985; Foss and 

Hallén, 2004; Hagberg et al., 1981; Seabury et al., 1977). Increasing cadence with 

workload to obtain greater efficiency may reduce the required muscle excitation, and 

therefore energy, used by the working muscles, since minimum muscle excitation also 

occurs at increasing cadences with increasing submaximal workloads (MacIntosh et al., 

2000).  

Increased relative efficiencies resulting from reductions in muscle excitation may 

occur due to changes in muscle fibre recruitment. Maximum efficiency has been predicted 

to occur in cycling at approximately 50 and 150 revolutions per minute (r.p.m.) in slow and 

fast muscle fibres, respectively (Sargeant, 2007). Maximum efficiency would therefore 

result from a combination of slow and fast muscle fibres, in a mixed fibre type muscle, at 

an intermediate cadence (professional endurance cyclists typically cycle at approximately 

90-105 r.p.m. (Foss and Hallén, 2004; Lucia et al., 2001; Sargeant, 1994)). Maximizing 

efficiency by increasing cadence with power output may minimize the inefficient fast 

muscle fibres required, assuming all slow fibres are active, and operate at a more 

favorable intermediate velocity for both fibres (Sargeant and Beelen, 1993). Greater 

relative recruitment of fast muscle fibres at 50 r.p.m. compared to 100 r.p.m. (Ahlquist et 

al., 1992) lends support to this idea as more fast fibres would be necessary at 50 r.p.m. to 

compensate for their inability to produce power at low velocities. It has also been 

suggested that 25% maximum power output could be achieved with only slow muscle 

fibres at 60 r.p.m., whereas fast fibres would be needed for the same power output at 120 

r.p.m. due to the inability of slow fibres to produce power at high velocities (Sargeant, 

1994; Sargeant and Beelen, 1993). Indeed, faster muscle fibres are recruited at high cycle 

frequencies, such as 120 r.p.m., at high and low workloads before slow fibres are fatigued 
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(Farina et al., 2004). Given these changes in muscle fibre recruitment, in chapter four we 

hypothesized that a distinct shift in muscle fibre type recruitment will coincide with 

maximum relative efficiency and this will be demonstrated by a shift in the 

frequency content of the EMG signal.   

Muscle and muscle fibre recruitment, and therefore muscle coordination, also 

influence maximum power output, which is another desirable outcome of the biofeedback 

system. Maximum power output depends on fibre type composition (Hautier et al., 1996) 

and in cycling occurs at 110-120 r.p.m. (Beelen and Sargeant, 1991; Dorel et al., 2010; 

Hautier et al., 1996; Samozino et al., 2007; Sargeant et al., 1981). It has been predicted 

that these cadences optimize fast and slow muscle fibre recruitment, where each fibre 

type has distinct maximum power outputs at different velocities (Sargeant and Beelen, 

1993). Also, faster muscle fibres contribute more to maximum power output at higher 

cadences such as those found at 120 r.p.m. (Beelen and Sargeant, 1991). When the 

whole limb is producing maximum power output it is improbable that all muscles are 

working at optimal velocities for power production (Van Soest and Casius, 2000) since 

they have different fibre type distributions and structural properties. Indeed, when cycling 

at maximum power output the ankle plantar flexor muscles shorten at velocities too slow 

to produce maximum power (Wakeling et al., 2010), yet the soleus (Sol) is at or near 

maximum excitation (Dorel et al., 2012) during sprint cycling. The Sol, medial (MG) and 

lateral (LG) gastrocnemii perform the same joint action at the ankle, yet it is doubtful they 

share a common optimal contraction velocity for maximum power output since Sol has a 

higher proportion of slow muscle fibres and different muscle fibre arrangement compared 

to MG and LG. Further, muscle and muscle fibre recruitment changes at extreme 

shortening velocities with evidence of preferential fast muscle or fast fibre recruitment at 

high shortening velocities (Citterio and Agostoni, 1984; Gillespie et al., 1974; Gollnick et 

al., 1974; Grimby and Hannerz, 1977; Hodson-Tole and Wakeling, 2008a; Hoffer et al., 

1981; Jayne and Lauder, 1994; Nardone et al., 1989; Smith et al., 1980; Wakeling et al., 

2006). 

Restrictions on maximum power production may be the result of muscle fibre 

activation-deactivation limits despite the existence of preferential fast muscle fibre 

recruitment. It has been suggested that during fast muscle contractions complete inhibition 



 

7 

of slow fibres, within a mixed fibre type muscle, would be detrimental to power production 

as they would provide resistance to whole muscle shortening (Josephson and Edman, 

1988). Therefore, it is speculated that slow fibres are activated, but deactivated before 

faster fibres to account for their longer deactivation times (Hodson-Tole and Wakeling, 

2008a; Lee et al., 2013; Roberts and Gabaldón, 2008). This is because the time between 

the end of muscle excitation and subsequent shortening represents an increasing portion 

of the muscle contraction-relaxation cycle at increasing cycle frequencies. Qualitative 

graphical evidence of this has been shown (Hodson-Tole and Wakeling, 2008a; Wakeling, 

2004), but never quantitatively and statistically. In the current research the muscles were 

subject to an extreme range of mechanical demands to push the recruitment strategies to 

their limits, in order to quantitatively and statistically test whether shifts in muscle fibre 

recruitment occur with derecruitment of slow fibres before fast fibres at the highest cycle 

frequencies. In chapter three we hypothesized that early derecruitment of slower 

muscle fibres during muscle relaxation would occur at the highest cycle 

frequencies, which would be demonstrated by a relative reduction in the low-

frequency component of the EMG intensity at the end of the burst of EMG excitation 

(Wakeling and Horn, 2009; Wakeling et al., 2001). Showing early derecruitment of slower 

muscle fibres would provide further insight into the limitations of muscle coordination on 

maximum power output. 

1.3. Goals & Specific Aims 

Recently we demonstrated that limb mechanics, the energy required for limb 

movement (Wakeling et al., 2010) and the trade-off between efficiency and power 

production (Kohler and Boutellier, 2005) are linked to limitations and differences in muscle 

coordination (Blake et al., 2012), yet it is unknown if muscle coordination can be 

manipulated and altered towards a predetermined resultant pattern.  

Therefore the specific aims of this research were:  

Aim (1) In chapter two we aimed to determine how metabolic power is related to 

muscle excitation across a range of cycling conditions to establish an outcome for the 

biofeedback system.  
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Aim (2) In chapters three and four we aimed to establish a comprehensive 

understanding of muscle excitation and coordination across a wide range of muscles and 

mechanical demands during cycling to create a muscle coordination reference frame for 

the biofeedback system. 

Aim (3) In chapter five we aimed to develop and show proof of concept of a working 

system able to evaluate muscle coordination against a predetermined reference (Aim 2), 

based on a measurable outcome (Aim 1), and provide real-time biofeedback in order to 

elicit changes in coordination used for locomotion. 

Portions of this thesis have previously been published elsewhere. Portions of 

chapter 2 previously appeared as: (Blake and Wakeling, 2013), portions of chapter 3 

previously appeared as: (Blake and Wakeling, 2014) and portions of chapter 4 previously 

appeared as: (Blake and Wakeling, 2015). 



 

Portions of this chapter previously appeared as: (Blake and Wakeling, 2013) 
9 

Chapter 2.  
 
Establish a biofeedback outcome: estimating 
changes in metabolic power from EMG 

2.1. Introduction 

The first aim of this research was to establish a scientifically meaningful 

relationship between metabolic power and muscle excitation across a range of mechanical 

demands. The establishment of a scientifically meaningful relationship was essential in 

order to use muscle excitation as a measureable outcome of the energetics and relative 

efficiency of the movement for the biofeedback system described in chapter five. 

Contracting muscles require energy and more energy is needed as muscular force 

production increases. For example, metabolic rates can increase 21 times above resting 

levels in trained cyclists (Astrand and Rodahl, 1986), which is primarily attributed to the 

energy supplied to the contracting leg muscles by aerobic and anaerobic sources. Muscle 

contractions during dynamic activities must therefore contain considerable information 

about metabolic power.  

Aerobic metabolism during dynamic activities is often estimated using oxygen and 

carbon dioxide gas exchange where the energy utilized by the working muscles reflects 

the changes in pulmonary oxygen uptake (Poole et al., 1992). Unfortunately measures of 

metabolic power based on gas exchange are unable to resolve metabolic costs to a 

resolution greater than the respiration rate. Consequently, information about muscular 

contractions that influence metabolic power is neglected since these contractions can 

occur more frequently than the respiration rate.  
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Alterations in muscle excitation, namely altered motor unit recruitment and firing 

rates, are primarily responsible for changes in force during muscular contractions. The 

alterations in muscle excitation can be detected using surface electromyography (EMG), 

which provides information about the active muscle by measuring the electrical signals of 

the motor unit action potentials. Muscle excitation during high speed gait cycles and 

cycling movements can take less than a second and EMG fluctuates considerably within 

this time. Muscle excitation measured through EMG must therefore contain information 

about metabolic power at a higher temporal resolution than gas exchange measures, yet 

it is unknown if EMG can be used to estimate metabolic power changes during non steady-

state dynamic activities.  

Previous studies looking at the relationship between oxygen uptake (V̇O2) and 

EMG have shown evidence of a linear relationship below the anaerobic threshold (Arnaud 

et al., 1997; Bigland-Ritchie and Woods, 1976; Jammes et al., 1998) and a non-linear 

relationship above the anaerobic threshold (Hug et al., 2004a). The non-linearity of this 

relationship is partially explained by a greater increase in EMG than V̇O2 above the 

anaerobic threshold due to a larger reliance on anaerobic metabolism. More recently we 

found a significant monotonic increase in metabolic power (r = 0.86), estimated from V̇O2 

that was associated with increased EMG intensity (Wakeling et al., 2011). Mean values of 

V̇O2 and EMG intensity were calculated while cycling at or near steady-state at a range of 

workloads. This relationship only indicates that metabolic power is related to EMG 

intensity during steady-state activity when averaged over an extended time. The 

relationships at the workload transitions were not investigated and the higher temporal 

resolution of the EMG was ignored. Dynamic activities are rarely performed at constant 

workloads except during controlled experiments. It is therefore important to assess the 

relationship between metabolic power and EMG in non steady-state conditions.  

Oxygen uptake kinetics in response to a stepwise change in workload can be 

modeled as exponential processes distinguished by changes in arterial and venous blood 

oxygen content (Jones and Poole, 2005). Oxygen uptake kinetics modeled this way 

provides good predictions of the oxygen uptake kinetics underlying the breath-by-breath 

fluctuations. Oxygen demands of the working muscles, in response to the change in 
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workload, require adequate changes in cardiac output and V̇O2, yet these changes are 

delayed compared to the EMG signal since the altered venous blood oxygen content takes 

time to reach the lungs. For example, there exists a time delay of approximately 20 

seconds accounting for approximately 20% of the total increase in V̇O2, in response to a 

stepwise increase in workload, before the primary exponential rise towards steady-state 

(Whipp et al., 1982). 

The purpose of this study was to further define metabolic changes based on EMG 

by establishing a significant and scientifically meaningful relationship between metabolic 

power and EMG on a breath-by-breath basis in non steady-state conditions. It was 

hypothesized that a significant relationship exists at a greater temporal resolution than 

previously determined and good estimates of changes in metabolic power would be 

established from the EMG signal. The objectives therefore were: 

Objective 1) Establish a significant and scientifically meaningful relationship 

between metabolic power and EMG on a breath-by-breath basis in non steady-state 

conditions.  

Objective 2) Determine if a reduced set of muscles can provide as accurate an 

estimate metabolic power as the entire set of muscles. 

2.2. Methods 

Nine competitive male cyclists (age = 41.8 ± 2.7 yr, mass = 77.2 ±  2.2 kg, height 

= 1.81 ±  0.01 m, V̇O2max = 64.65 mL kg-1 min-1 , yearly mileage = 9428 ±  1913 km; mean 

± S.E.M.) participated in the study. The participants gave their informed written consent, 

and the ethics committee in accordance with the Office of Research Ethics at Simon 

Fraser University approved all procedures. 

The cycling protocol was completed as described previously (Blake et al., 2012). 

Briefly, participants cycled continuously for 18 minutes in three minute intervals at 25, 40 

and 55% of the power output at V̇O2max in random order followed by 60, 75 and 90% 

V̇O2max, also in random order, while oxygen and carbon dioxide gas exchange and EMG 
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from 10 leg muscles were recorded. The EMG was resolved into intensities (von 

Tscharner, 2000) and normalized to the mean intensity for each participant for each 

muscle across all conditions. Total EMG intensity was calculated as the sum of the EMG 

intensities from each muscle for each pedal cycle and thus was termed the cycle-by-cycle 

value.  

Breath-by-breath total EMG intensities were determined by taking the mean total 

EMG intensity of those pedal cycles between each breath. Pedal cycles containing breath 

measurements were included in the following breath. Metabolic power was calculated from 

the gas exchange parameters using caloric equivalents of oxygen (Foss et al., 1998). For 

each subject Pearson correlation coefficients were calculated between the breath-by-

breath measures of EMG intensity and metabolic power. Also cross-correlation was used 

to account for the time delay (tdelay) between the onset of EMG and subsequent gas 

exchange measure of metabolic power. Metabolic power (P in Eq. 1) was also estimated 

from the EMG intensity using a bilinear differential equation (Zajac, 1989) that has been 

used previously to determine the active state of a muscle from its EMG excitation (Lee et 

al., 2011). The transfer functions accounted for and were defined by the tdelay, time 

constant of rise in metabolic power () and ratio of rise and decay of metabolic power (). 

These constants were determined such that they maximized the correlation between 

estimations of metabolic power from gas exchange and EMG intensity subject to the 

following constraints: 0 ≤  ≤ 100 breaths, 0 ≤  ≤ 2 and 0 ≤ tdelay ≤ 100 breaths. 

𝑑

𝑑𝑡
(𝑃(𝑡)) + [

1

𝜏
(𝛽 + [1 − 𝛽]𝐸𝑀𝐺(𝑡 − 𝑡delay))]𝑃(𝑡) = (

1

𝜏
)𝐸𝑀𝐺(𝑡 − 𝑡delay) 

  (1) 

In a subsequent analysis, different weighting coefficients were applied to the EMG 

intensity from each muscle to analyze the effect of muscle weighting on the correlation 

between the estimations of metabolic power from the EMG and gas exchange. Random 

weightings were assigned to the individual muscles in 5000 different combinations for 

each subject. These were then used in the transfer function, re-optimizing for the 

coefficients (,  and tdelay), to predict metabolic power and re-calculate the estimated 

metabolic power correlations. Mean weighting coefficients for the 100 highest (Hcor) and 

100 lowest (Lcor) correlated muscle combinations were compared to evaluate the 
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differences in weightings for each muscle. Two-sided t-tests were conducted between Hcor 

and Lcor weighting coefficients for each muscle to determine if the mean values were 

significantly different. Statistical tests were considered significant at p ≤ 0.05 and results 

are reported as mean ± S.E.M..  

2.3. Results 

The correlation between breath-by-breath temporal resolutions of EMG intensity 

and metabolic power was r = 0.80 ± 0.02, which improved to r = 0.85 ± 0.02 when 

accounting for the tdelay through cross-correlation. There was a significant correlation (r = 

0.91 ± 0.01) between metabolic power determined from the EMG intensity using the 

transfer functions (Eq. 1) and the metabolic power estimated from V̇O2 (Table 1; Figure 

2.1). From the transfer function, the mean tdelay between the EMG signal and the 

subsequent metabolic power was 28.33 ± 4.31 s with a mean  of 0.28 ± 0.07 and  of 

96.11 ± 2.57 breaths (Table 1).  

Table 1. Transfer function constants optimized for each subject. 

Subject Time Delay   Correlation 

1 34.56 100 0.30 0.88 

2 16.90 100 0.10 0.88 

3 13.20 99 0.20 0.87 

4 17.32 79 0.10 0.87 

5 48.12 100 0.35 0.93 

6 23.65 87 0.25 0.94 

7 20.55 100 0.70 0.92 

8 34.93 100 0.45 0.94 

9 45.72 100 0.05 0.95 

          

Mean 28.33 96.11 0.28 0.91 

S.E.M. 4.31 2.57 0.07 0.01 

Time delay, transfer function coefficients ( and ) and correlations for each subject to estimate metabolic 
power from EMG. The time delay is the time adjustment from the measurement of the EMG signal to the 
subsequent change in gas exchange parameters. 
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Figure 2-1. Metabolic power calculated from oxygen uptake and EMG.  
Metabolic power calculated from oxygen uptake (blue) and estimated metabolic power, calculated 
from the EMG signal (red) using the transfer function (Eq. 1), for one participant (subject 6). The 

transfer function was optimized with a time delay of 23.65 s,  of 0.25 and  of 87 breaths 
resulting in a correlation of r = 0.94. 

Applying different weights to each muscle in the model had a significant effect on 

the determination of metabolic power as seen by the significantly different mean 

correlations for Hcor and Lcor (r = 0.93 ± 0.01 and r = 0.77 ± 0.04 respectively; Figure 2.2B). 

Hcor had the highest mean weightings for vastus medialis (VM, 0.55 ± 0.08; Figure 2.2A), 

vastus lateralis (VL, 0.49 ± 0.04), semitendinosus (ST, 0.54 ± 0.04), biceps femoris (BF, 

0.60 ± 0.07) and gluteus maximus (GM, 0.62 ± 0.07), while Lcor had the highest mean 

weightings for tibialis anterior (TA, 0.72 ± 0.04; Figure 2.2A), medial gastrocnemius (MG, 

0.63 ± 0.03) and lateral gastrocnemius (LG, 0.63 ± 0.03). Significantly greater weightings 

were placed on VM, VL, ST, BF and GM for Hcor than for Lcor and significantly greater 

weightings were placed on TA, MG, LG and soleus (Sol) for Lcor compared to Hcor. The 

weighting for rectus femoris (RF) was not significantly different between Hcor and Lcor. 
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Figure 2-2. Muscle weighting coefficients and resultant metabolic estimates 

correlated with the metabolic estimates from �̇�O2.  
(A) Mean ± S.E.M. weighting coefficients for each muscle for the highest (Hcor; blue) and lowest 
(Lcor; white) 100 correlated estimates of metabolic power. (B) Mean ± S.E.M. correlations between 

metabolic estimates from �̇�O2 and both Hcor (r = 0.93 ± 0.01) and Lcor (r = 0.77 ± 0.04). The 
correlation and weighting coefficients for Hcor and Lcor for each muscle were significantly different 
except for rectus femoris (RF) as indicated (NS). 

The muscles with muscle bellies distal to the knee (TA, MG, LG and Sol) displayed 

less range in EMG intensity across workloads than those proximal to the knee (VM, RF, 

VL, ST, BF and GM; Figure 2.3). The muscles proximal to the knee showed little change 

in EMG intensity below 60% V̇O2max and large increases above 60% V̇O2max. In most 

muscles EMG intensity for the 60% V̇O2max condition did not follow the best-fit curve and 

was significantly higher than the 55% V̇O2max condition. 
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Figure 2-3. Mean EMG intensity for each workload between 25 and 90% �̇�O2max. 
Muscles distal to the knee (TA, MG, LG, Sol; red lines) show relatively little change in EMG 
intensity across workloads and muscles proximal to the knee (VM, RF, VL, ST, BF and GM; blue 

lines) show relatively large increases in EMG intensity at workloads above 55% �̇�O2max. 

2.4. Discussion 

The primary finding of this study was the significant correlation (r = 0.91) between 

estimates of metabolic power from gas exchange and EMG intensity at a higher temporal 

resolution than the previously established relationship between metabolic power and EMG 

intensity (r = 0.86; Wakeling et al. 2011). This relationship was important as it included 

workload transitions as found in non steady-state conditions and indicates that breath-by-

breath EMG intensities provide a good estimate of changes in metabolic power.  



 

17 

 



 

18 

Figure 2-4. Cycle-by-cycle and breath-by-breath temporal resolutions of the 
EMG and volume of oxygen uptake signals.  

(A) Visual representation of 30 seconds of data during a change in workload (power output; solid 

black line) and the total EMG intensity (EMG; red line) and volume of oxygen uptake (�̇�O2; blue 
line) responses. The cycle-by-cycle figure shows the individual pedal cycles (vertical lines) and 
the cycle-by-cycle variation in the EMG that is matched well with variation in power output at this 
temporal resolution. Moving from cycle-by-cycle to the breath-by-breath temporal resolution 
(mean EMG and power output between breaths) the EMG and power output curves are 
smoothed since there were 3.19 ± 0.27 pedal cycles per breath across all workloads. Also shown 
is the time delay (dashed lines) of 28.33 ± 4.31 seconds between a change in the EMG signal 

and power output and the subsequent change in �̇�O2. (B) A global perspective over 110 seconds 
moving from raw EMG sampled at 2000 Hz to cycle-by-cycle temporal resolution at approximately 
1.58 Hz at 95 pedal revolutions per minute (r.p.m.) to breath-by-breath temporal resolution at 
approximately 0.50 Hz at 30 breaths per minute (bpm). This clearly shows the cycle-by-cycle 
variation of the EMG and power output that is reduced moving to breath-by-breath resolution, 
while the primary features of the underlying kinetics are preserved. The EMG, power output and 

�̇�O2 values have been normalized to the mean across the 110 seconds of data 

The time-shifted correlation between metabolic power and EMG intensity (r = 0.85) 

revealed an improved relationship over the initial breath-by-breath correlation (r = 0.80). 

The tdelay from the measured EMG signal to the subsequent V̇O2 realized at the mouth was 

approximately 12 breaths or 26.20 ± 3.70 seconds. This delay is reasonable given the 

time delay of approximately 20 seconds attributed to the delay in the transport of blood 

from the working muscles to the lungs (Whipp et al., 1982). The EMG signal therefore 

contains metabolic information closer in time to the actual energy use than gas exchange 

since the tdelay is only apparent because the estimated metabolic power was measured at 

the mouth. 

Due to the breath-by-breath fluctuations in both V̇O2 and EMG (Figure 2.4), the 

activation constants of the transfer functions do not possess significant physiological 

information. Instead these optimized values smooth the metabolic estimate and highlight 

the underlying kinetics in order to maximize the correlation. This has a similar effect to 

previous methods for modeling oxygen uptake using exponential functions that highlight 

the underlying kinetics of the breath-by-breath fluctuations (Jones and Poole, 2005). There 

is no physiological explanation to indicate that these fluctuations are directly related to the 

contractions of the individual muscles, and therefore evident in the EMG signal, since they 

represent ‘white noise’ and are not important to the overall gas exchange kinetics 

(Lamarra et al., 1987) and metabolic estimations. Therefore the fundamental information 
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about metabolic power is contained in the EMG signal and the transfer function (Eq. 1) 

operates to emphasize the essential features despite the unrelated noise.     

The maximum allowable value of  in the transfer function (Eq. 1) was 100 breaths, 

yet six subjects had optimized values at this maximum (Table 1). Values greater than 100 

breaths were also tested to ensure the resultant correlations were maximized. No subjects 

displayed appreciable gains in correlation (no difference in r values to the four significant 

digits reported) with values of  above 100 breaths. The aim of this study was not to identify 

specific transfer function constants, but to show a significant relationship between 

metabolic power estimated from gas exchange and EMG. This aim was accomplished 

within the constraints imposed on the constants.    

There were 3.19 ± 0.27 pedal cycles per breath, which provides a small measure 

of smoothing, similar to a moving average, for the breath-by-breath EMG intensities when 

compared to the cycle-by-cycle values. This level of data reduction maintains the 

important information of the EMG signal while reducing the amount of noise. 

Determination of an instantaneous measure of metabolic cost remains elusive, but these 

data and the small number of pedal cycles between breathes suggests that cycle-by-cycle 

EMG intensity with a time resolution of approximately 0.70 seconds would also provide a 

reasonable estimate of the V̇O2 kinetics and therefore the metabolic power.  

Similar to the findings by Lawrence and De Luca (1983), some muscles displayed 

non-linear relationships between the EMG signal and force or workload (Figure 2.3). This 

non-linearity shows that the importance of each muscle is workload dependent. Different 

weightings were applied to each muscle in order to evaluate its significance to the 

estimation of metabolic power. Inappropriate weighting resulted in reduced estimations of 

metabolic power and combinations of all muscles resulted in the best estimates (Figure 

2.2). These results provide insight into the most important muscles for accurate metabolic 

predictions and imply that each muscle has a different role in metabolic power depending 

on the relative workload intensity. Therefore, when cycling involves a range of workloads, 

as is the case in this study, it is particularly important to include EMG from many muscles 

to attain an accurate account of metabolic power. 
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Muscles proximal to the knee, which include the muscles considered to be the 

primary power producers in cycling (VL and VM, Ericson 1986), were more heavily 

weighted in Hcor. Eliminating muscles distal to the knee with the lowest weights (TA and 

Sol) did not improve the metabolic estimations as these muscles had high relative EMG 

intensities at lower workloads (Figure 2.3). The EMG intensities for the 60% V̇O2max 

condition are inflated for all muscles (Figure 2.3) since they occurred after the 75% or 90% 

conditions for some participants. The 75% and 90% conditions occurred with respiration 

exchange ratios greater than one (Blake et al., 2012) indicating a greater contribution of 

anaerobic energy sources. With the 60% condition taking place after these workloads and 

no rest between conditions, there was likely increased fatigue, which is associated with 

higher levels of EMG intensity (Edwards and Lippold, 1956; Petrofsky, 1979). These 

inflated values decrease the curvature of the best-fit relationship of EMG intensity across 

all workloads, especially for those muscles proximal to the knee (Figure 2.3). Despite 

these limitations the EMG signals contained substantial information about the metabolic 

power as evidenced by the significant correlation between the metabolic power 

estimations (r = 0.91).  

Normalization techniques used to process EMG signals present a limitation to the 

interpretation of the EMG-metabolic cost relationship. EMG signals are commonly 

normalized to the trial mean or maximum, or to voluntary isometric or isokinetic 

contractions (See Burden (2010) for review). Normalization to the trial mean or maximum 

does not give any indication of the absolute level of muscle contraction and does not 

permit comparisons between muscles. Alternatively, normalization to the maximal 

isometric or isokinetic contractions requires an additional test and assumes the maximal 

neural drive and muscle contraction has been achieved for each muscle. If a maximal 

contraction is reached, absolute levels of activity as opposed to relative comparisons 

between muscles could be achieved. Interestingly, imposing 5000 different weighting 

combinations to the muscle EMG signals only increased the metabolic power estimation 

correlation from r = 0.91 to r = 0.93. Changing the weightings is equivalent to using 

different normalization values for each muscle, and so the 5000 weighting combinations 

represented 5000 ways to normalize the muscles. The normalization method chosen for 

this study resulted in close to the best possible normalization for predicting metabolic 

power from EMG for this cycling task. However, an inappropriate set of normalization 



 

21 

could result in poor results as shown by the significantly reduced correlation of Lcor (r = 

0.77; Figure 2.2). 

This study shows that breath-by-breath changes in EMG across ten leg muscles 

can be used as a good estimate of changes in metabolic power in non steady-state 

conditions. Estimations of metabolic changes on a cycle-by-cycle basis may also be 

reasonable given that breath-by-breath resolution acts as a moving average of 

approximately three pedal cycles, thereby maintaining the important features of the data. 

This result has implications for future studies, including those found in the following 

chapters, and applications involving EMG from large muscle groups during dynamic 

activities as it provides higher temporal resolution and more real-time predictions of 

changes in metabolic power than gas exchange measures. Also, metabolic power 

estimated from gas exchange is used in calculations of mechanical efficiency, which 

implies that breath-by-breath changes in EMG can also be used to investigate the 

relationship of mechanical work and metabolic power. Therefore, muscle excitation was 

utilized by the biofeedback system in chapter five to monitor the impact of different muscle 

coordination strategies on relative mechanical efficiency.
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Chapter 3.  
 
Establishing a muscle coordination reference frame 
for the biofeedback system: How slower muscle 
fibres participate at high movement frequencies. 

3.1. Introduction 

The second aim of this research was to establish a comprehensive understanding 

of muscle excitation and coordination across a wide range of muscles and mechanical 

demands during cycling to create a muscle coordination reference frame for the 

biofeedback system. A comprehensive understanding of muscle coordination across a 

wide range of mechanical demands is important since the manipulation of muscle 

coordination facilitated by the biofeedback system relies on knowledge of the current and 

desired end state of muscle coordination as well as the factors that influence muscle 

coordination. Therefore, understanding muscle excitation and muscle coordination 

necessitates the exploration and determination of the way muscle and muscle fibre 

recruitment, and therefore muscle coordination, responds to changing mechanical 

demands of the movement.   

As one of the extreme mechanical demands, high cycle frequencies require rapid 

muscle activation-deactivation times and faster muscles and faster muscle fibres are 

better suited to reach these high cycle frequencies. Maximal cycle frequencies of muscle 

contraction may be limited by muscle deactivation, particularly in slow muscle fibres, since 

deactivation is longer than activation (Buchthal et al., 1973; Burke et al., 1973; Lee et al., 

2011). However, the size principle of motor unit recruitment (Henneman et al., 1965a; 

Henneman et al., 1965b) dictates that slower fibres, with longer relaxation times, are 

deactivated last. While the size principle adequately describes many recruitment 
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strategies, alternative strategies may also exist (Citterio and Agostoni, 1984; Gillespie et 

al., 1974; Gollnick et al., 1974; Grimby and Hannerz, 1977; Hodson-Tole and Wakeling, 

2008a; Hoffer et al., 1981; Jayne and Lauder, 1994; Nardone et al., 1989; Smith et al., 

1980; Wakeling et al., 2006) when the demands exceed the abilities of the slowest muscle 

fibres. 

The cat paw shake provided an early example of preferential recruitment of fast 

muscle during high frequency contractions (Smith et al., 1980). The predominantly slow 

fibred soleus muscle was inactive while the predominantly fast-fibred lateral 

gastrocnemius was active during the paw shake, which was identified using EMG. The 

lateral gastrocnemius is a muscle with mixed fibre types, yet, at the time, it was not 

possible to distinguish the contribution of slow muscle fibres in the muscle. However, it 

was suggested that recruitment of the slower fibres in the lateral gastrocnemius would be 

counterproductive to the cyclical action (Smith et al., 1980). In contrast, complete inhibition 

of slow fibres may be detrimental to the power production for very fast contractions since 

slow fibres may provide resistance to whole muscle shortening (Josephson and Edman, 

1988). Indeed, evidence from a rat study suggests that slow fibres within mixed muscle 

help the muscle reach higher shortening velocities (Holt et al., 2014). 

Techniques to distinguish the activity of different motor unit types from the EMG 

signal have recently been developed (von Tscharner, 2000; Wakeling and Rozitis, 2004; 

Wakeling et al., 2002). Wakeling and colleagues (2002) qualitatively showed the presence 

of preferential recruitment of faster muscle fibres during the cat paw shake in a single 

muscle, medial gastrocnemius, but was unable to provide quantitative evidence through 

statistical methods. In addition, a statistically significant shift towards preferential 

recruitment of faster muscle fibres was displayed in the human medial gastrocnemius at 

high cycle frequencies independent of the muscle fascicle strain (Wakeling et al., 2006); 

however, this shift was identified in the middle of the bursts of muscle excitation and was 

correlated with the muscle fibre strain-rate. Similar findings have subsequently been 

repeated in the rat (Hodson-Tole and Wakeling, 2008b) and the goat (Lee et al., 2013).  

With the inclusion of force measurements, Roberts and Gabaldón (2008) showed 

shorter muscle relaxation times during running compared to walking in the lateral 
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gastrocnemius of the turkey independent of strain rate. It was speculated that alterations 

in muscle fibre recruitment during running, such that faster fibres remain active after 

deactivation of slow fibres, might explain the shorter relaxation times since the relaxation 

times should not decrease if dominated by slow fibres as dictated by the size principle 

(Henneman et al., 1965a; Henneman et al., 1965b). Studies have qualitatively indicated 

such a recruitment pattern in humans (Wakeling, 2004) and rats (Hodson-Tole and 

Wakeling, 2008a) running at various speeds, while Lee and co-workers (2013) were 

unable to confirm a relationship between relaxation rates and muscle fibre recruitment in 

goats. Despite having been repeatedly suggested, an early derecruitment of slower fibres 

during muscle relaxation at high cycle frequencies has not yet been demonstrated. The 

purpose of this study was to investigate if slow muscle fibres are derecruited before fast 

fibres at the end of muscle excitation during high frequency contractions. 

3.2. Methods 

3.2.1. Protocol and Data Collection 

Eleven males volunteered to participate in the study. All participants gave their 

informed written consent to participate prior to their participation. All procedures were 

approved by the ethics committee in accordance with the Office of Research Ethics at 

Simon Fraser University. Due to the extreme cycle frequencies required, the participants 

were trained competitive cyclists (mean ± S.E.M.: age = 33.9 ± 3.1 years, mass = 72.8 ± 

2.1 kg, height = 179.1 ± 1.9 cm, cycling distance per year = 10773 ± 1575 km). 

After a 10-minute warm-up consisting of 5-minutes at 100 W followed by 5-minutes 

increasing 20 W every minute, the participants cycled at 40, 60, 80, 100, 120, 140, 160 

and 180 r.p.m. at each of 100, 200, 300 and 400 Watts. Each trial was 30 seconds in 

duration followed by 90 seconds rest and the trials were completed in a randomized block 

design. The conditions were first randomized into blocks by cadence and power output 

was then randomized within each block. Completing all four power outputs at a single 

cadence helped facilitate better compliance of the desired cadence. The participants rode 

an indoor cycle trainer (SRM, Julich, Germany) that was configured as closely as possible 

to their own racing bicycle, and used their own clipless pedals and shoes.  
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Muscle excitation of the medial gastrocnemius was monitored continuously using 

bipolar Ag/AgCl surface EMG electrodes (10mm diameter and 21 mm spacing; Norotrode; 

Myotronics, Kent, WA) and sampled at 2000 Hz through a 16-bit analog to digital converter 

(USB-6210; National Instruments, Austin, TX). This muscle was selected as it has 

previously been used to identify preferential recruitment of faster muscle fibres in response 

to increasing muscle fascicle strain rates, independent of the level of muscle excitation 

and muscle fascicle strain (Wakeling et al., 2006). The electrode sites were cleaned with 

isopropyl and shaved prior to application and the electrodes were secured using 

stretchable adhesive bandages and tubular net bandages to help reduce movement 

artifacts. Normal and tangential forces applied to each crank arm, at the pedal-crank arm 

interface, as well as cycle frequency were measured (Powerforce, Radlabor, Freiburg, 

Germany) and recorded at 2000 Hz through the same 16-bit analog to digital converter, 

and subsequently used to calculate power output.  

3.2.2. Data Analysis 

The EMG signals were resolved into intensities in both time and frequency space 

using wavelets (j = 0 to 10: von Tscharner, 2000) and divided into individual pedal cycles. 

If the intensity of the first wavelet (center frequency 6.90 Hz) was the greatest of all 

wavelets for a particular pedal cycle it was considered to have too much noise from 

movement artifact and was not analyzed further. For all subsequent analyses wavelet j = 

0 was excluded leaving 10 wavelets acting as a band-pass filter between approximately 

11 and 432 Hz. Of these “clean” pedal cycles, for each subject and each condition, all 

cycles within five r.p.m. of the desired cadence were selected and the middle five steady-

state cycles were retained. Total EMG intensity per pedal cycle was calculated as the sum 

of intensities across all wavelets. 

In order to evaluate the frequency components during the primary portion of 

muscle excitation an onset/offset threshold of 5% of the difference between the minimum 

and maximum EMG intensity was selected. The EMG intensities between the onset and 

offset were used to determine muscle excitation duration and subsequently interpolated 

to 100 points per wavelet per pedal cycle for all further analyses. The EMG intensities for 

each pedal cycle were normalized to unit intensity across the entire spectra and the mean 
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was subtracted (100 points per wavelet per pedal cycle) in order to maximize the variance 

from the mean frequency spectra (Ramsay and Silverman, 2005) and analyze the impact 

of this frequency shift.   

PC analysis was used to identify the primary sources of variability within the 

frequency spectra across all subjects (Wakeling and Rozitis, 2004). A p x N matrix A was 

constructed with p = 1000 (100 points per wavelet * 10 wavelets) and N = number of pedal 

cycles. The eigenvector-eigenvalue pairs of the covariance matrix of A were calculated 

where the eigenvectors represented the PC weightings and the eigenvalues represented 

the amount of the frequency spectra explained by each PC. The product of the transpose 

of the matrix composed of the PC weightings (eigenvectors) and the original matrix A 

produced the loading scores of each pedal cycle on each PC.  

The first two PCs explained a significant portion of the variance from the mean and 

contained polarized positive and negative aspects that displayed shifts in the time and 

frequency content of the EMG intensity (Figure 3.1A). To visualize the impact of these 

PCs on each condition the variance from the mean was reconstructed using the vector 

product of these PC weightings and loading scores (Figure 3.3). It was expected that at 

the highest cycle frequencies and lowest power outputs there would be an increase in high 

frequency and decrease in low frequency components at the end of the burst of muscle 

excitation, signifying earlier offset of low frequencies relative to high frequencies.  

3.2.3. Statistics 

General linear model analysis of variance (ANOVA) was used to identify the effect 

of power output and cadence as well as the level of interaction between power output and 

cadence on EMG intensity with subject as a random factor. A post-hoc Tukey test was 

performed to determine significant differences between power outputs for a given cadence 

with respect to EMG intensity. Also, a one-way ANOVA was used to evaluate the effect of 

condition (cadence-power combination) on EMG intensity with a post-hoc Tukey test to 

compare EMG intensities across all conditions. Pearson correlation coefficients were 

determined between all combinations of total EMG intensity, power output, cadence and 

the first 20 PC loading scores.  
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General linear model ANOVAs were also used to determine the effects of cadence 

and power output on the loading scores for each of the first 20 PCs as well as the muscle 

excitation duration. Post-hoc Tukey tests were performed to identify differences between 

these durations across all cadences for a given power output and across each power 

output for a given cadence. In order to test the effects of cadence and power output on 

the PCs, loading scores for each PC were tested individually as a dependent variable with 

subject as a random factor and cadence and power output as fixed factors using subject, 

cadence and power output in a full factorial design.  

3.3. Results 

The experimental subjects were able complete all cycling conditions (pedal 

cadences between 40 to 180 r.p.m. at power outputs of 100 to 400 W) and EMG signals 

were recorded and frequency and timing data were identified. Principal components (PCs) 

determined from wavelet analysis displayed distinct features in both frequency and timing 

of the EMG intensities during muscle excitation (Figure 3.1A). In order to identify the 

influence of alterations in frequency, the data were normalized to unit intensity for each 

pedal cycle, and the mean across all subjects was subtracted prior to the principal 

component (PC) analysis with the resulting PCs describing the variance from the mean. 

The first 20 PCs accounted for almost 70% of the variance with the first two components 

explaining over 24%. The first and second PCs displayed distinct shifts in both frequency 

and timing of the peak EMG intensity within each burst of muscle excitation (Figure 3.1A) 

and loading scores for these components identified the relative amounts of these shifts. 

The first PC showed a decrease in EMG intensity at high frequencies (peak approximately 

170 Hz) earlier in the muscle excitation (approximately 29% of the duration) and an 

increase in EMG intensity at low frequencies (peak approximately 92 Hz) later in the 

muscle excitation (approximately 55% of the duration). Conversely, the second PC 

displayed decreased EMG intensity at low frequency (peak approximately 62 Hz) earlier 

(35% muscle excitation duration) in the muscle excitation and increased EMG intensity at 

high frequency later (56% muscle excitation duration). 
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Figure 3-1. Principal component (PC) representations of the time-frequency 
patterns of the EMG intensity and PC loading scores for each 
cadence-power output condition. 

(A) PC weightings for PC1 and PC2 showing the variance from the mean EMG frequency spectra 
for medial gastrocnemius during muscle excitation. The EMG intensities are shown relative to the 
time within each muscle burst (% excitation duration), and their frequency content. Intensities 
have been normalized to the absolute maximum for each PC and show both increases (positive 
values - red with solid contour lines) and decreases (negative values - blue with dashed contour 
lines) in frequency at specific times during excitation. (B) Mean ± S.E.M. loading scores for PC1 
and PC2 at each cadence-power output combination. (C) Mean ± S.E.M. loading scores PC2 
versus PC1 at each cadence-power output combination. This shows the general pattern of 
increasing vector angles with increasing cadence at the lowest workloads and negative PC2 and 
positive PC1 loading scores at low cadences and the opposite at high cadences at the highest 
workloads. 

There was a significant effect of pedalling cadence and no significant effect of 

crank power output on the EMG intensity. Also, there was a significant correlation between 

EMG intensity and cadence (r = 0.85) and decreasing differences in EMG intensity for a 

given cadence at increasing power outputs (Figure 3.2). For example, EMG intensity was 

significantly different at 40 r.p.m. and not significantly different at 180 r.p.m. for all power 

outputs (Figure 3.2). EMG intensity for each cadence-power combination showed a 

monotonic increase from 60 to 120 r.p.m., while the cadences above 120 r.p.m. also 

displayed a linear increase at a steeper slope (Figure 3.2).  



 

30 

 

Figure 3-2. EMG intensity for each cadence-power output combination and an 
example of two principal component representations showing 
different recruitment patterns.  

Mean ± S.E.M. EMG intensity at each cadence-power output combination. The contour plots 
show reconstructions of the variance from the mean EMG frequency spectra across the muscle 
excitation duration and have been normalized to the absolute maximum. The 140 r.p.m. at 100 W 
(right contour plot) condition shows an example of preferential recruitment of faster muscle fibres 
when compared to the 40 r.p.m. at 400 W condition (left contour plot) due to its increased high 
frequencies (red with solid contour lines), decreased low frequencies (blue with dashed contour 
lines) and no significant difference in EMG intensity (bar graph). 

There was a significant effect of pedalling cadence on the loading scores for the 

first two PCs (PC1 and PC2; Figure 3.1B) and 13 of the first 20 PCs, and a significant 

effect of power output on the loading scores for PC2, but not PC1, and 6 of the first 20 

PCs. Vectors created between the first two PC loading scores revealed a circular pattern 

with increasing cadence at the lowest workloads (Figure 3.1C). In general low cadences 

had positive PC1 and negative PC2 loading scores, which were reversed at high cadences 

(Figure 3.1C). Reconstructions of the signal variance of the EMG intensity using the first 

two PCs for each cadence-power combination can be seen in Figure 3.3 and showed 

changes in frequency across the burst of muscle excitation. Across all workloads at 40 
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and 60 r.p.m. the reconstructions showed an increase in EMG intensity at low frequencies 

(centered around 62-92 Hz) and a decrease in the EMG intensity at high frequencies 

(centered around 170 Hz). At 80, 100, 120 and 140 r.p.m. there was a distinct shift of the 

EMG intensity earlier in the burst duration. At 140, 160 and 180 r.p.m. there was an 

increase in the high frequency and subsequent decrease in the low frequency component 

of the EMG intensity with the increased high frequency occurring later in the muscle burst 

at 180 r.p.m.. Additional low frequency components (>62 Hz) appeared at 180 r.p.m. at 

the same time of muscle excitation (approximately 60-65%) as the increased high 

frequencies.  
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Figure 3-3. Principal component reconstructions of the variance from the mean 
EMG frequency spectra across the muscle excitation duration.  

(A) Each time-frequency plot was constructed from the first two PCs at each cadence-power 
output combination. Values have been normalized to the absolute maximum across all 
reconstructions and show both increases (positive values - red with solid contour lines) and 
decreases (negative values - blue with dashed contour lines) in EMG intensity at specific 
frequencies and at specific times during excitation. This shows the shift in frequency emphasis 
from low frequencies at the lowest cadences to high frequencies at the highest cadences and 
finally the addition of low frequencies at 180 r.p.m.. This also shows how the frequency emphasis 
moves with respect to the time within the burst of muscle excitation. (B) Reconstruction using the 
first 20 PCs at 180 r.p.m. at 100 W showing the additional low frequency in a distinct band 
centered at approximately 92 Hz with both the high and low frequencies later in the muscle 
excitation duration. 

The absolute duration of the bursts of muscle excitation decreased from 753.35 

+/- 50.39 ms at 40 r.p.m. and 400 W to 151.68 +/- 5.31 ms at 180 r.p.m. and 300 W (Figure 

3.4). At all power outputs there was no significant difference in burst duration between 

140, 160 and 180 r.p.m., while pedal cycle duration decreased. Also, there was no 

significant difference in burst duration between power outputs for a given cadence from 

100-180 r.p.m.. 



 

34 

 

Figure 3-4. Muscle excitation duration at each cadence-power output 
combination.  

Values show mean ± S.E.M. as well as the cycle duration (striped bars). There was no significant 
difference in muscle excitation duration between 140, 160 and 180 r.p.m., which may represent 
the minimum duration of the medial gastrocnemius. Therefore, muscle excitation duration was an 
increasing proportion of the cycle duration at faster cadences. 

3.4. Discussion 

Preferential recruitment of faster muscle fibres during rapid contractions has been 

shown in various animal studies, including humans (Citterio and Agostoni, 1984; Gillespie 

et al., 1974; Gollnick et al., 1974; Grimby and Hannerz, 1977; Hodson-Tole and Wakeling, 

2008a; Hoffer et al., 1981; Jayne and Lauder, 1994; Lee et al., 2013; Nardone et al., 1989; 

Smith et al., 1980; Wakeling et al., 2006). It has been suggested that complete inhibition 

of slow muscle fibres in a muscle with mixed fibre types would provide resistance to whole 

muscle shortening and therefore be detrimental to power production for very fast 

contractions (Josephson and Edman, 1988). Therefore, it has been speculated that slow 

muscle fibres are activated, but deactivated before faster muscle fibres (Hodson-Tole and 

Wakeling, 2008a; Lee et al., 2013; Roberts and Gabaldón, 2008). This is to account for 

their longer deactivation times, since the time between the end of excitation and the end 
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of muscle shortening represents an increasing portion of the muscle contraction-relaxation 

cycle at increasing cycle frequencies. Qualitative evidence of this has been shown in 

humans (Wakeling, 2004) and rats (Hodson-Tole and Wakeling, 2008a), but never 

quantitatively and statistically. These previous studies indicated graphical evidence for an 

increase in faster fibre and decrease in slower fibre excitation at the end of a running 

stride, in contrast to predictions made by the size principle (Henneman et al., 1965a; 

Henneman et al., 1965b). In this current study we put the muscle through an extreme 

range of conditions to push the recruitment strategies to their limits, in order to 

quantitatively and statistically test whether shifts in muscle fibre recruitment occur with 

derecruitment of slow fibres before fast fibres at the highest cycle frequencies. 

Recent developments in EMG decomposition have made it possible to distinguish 

faster and slower muscle fibres based on the signal frequency with fast and slow muscle 

fibres producing high and low frequencies, respectively (Elert et al., 1992; Gerdle et al., 

1988; Kupa et al., 1995; Solomonow et al., 1990; Wakeling and Horn, 2009; Wakeling and 

Rozitis, 2004). In addition, by using wavelet analysis it is possible to retain both time and 

frequency information of the EMG signal to evaluate the changes in frequency with respect 

to muscle excitation duration (von Tscharner, 2000; Wakeling and Rozitis, 2004; Wakeling 

et al., 2002). In this study we hypothesized that the early derecruitment of slower muscle 

fibres during muscle relaxation would occur at the highest cycle frequencies, and this 

would be demonstrated by a relative reduction in the low-frequency component (60-90 Hz) 

of the EMG intensity at the end of the burst of EMG excitation (Wakeling and Horn, 2009; 

Wakeling et al., 2001).  

The data revealed a shift of the EMG intensity from low to high frequencies similar 

to previous findings (Wakeling et al., 2006), a shift of these frequencies relative to the 

duration of muscle excitation (Figures 3.1A, 3.3), and the addition of low frequency 

components at the highest pedalling rates (Figures 3.3, 3.5). Changes in EMG frequency 

between different conditions can be attributed to shifts in muscle fibre recruitment when 

there is no significant difference in EMG intensity between conditions (Wakeling et al., 

2006). For example, this can be seen between the following conditions: 40 r.p.m. at 400 

W and 140 r.p.m. at 100 W (Figure 3.2).  
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Figure 3-5. EMG intensity across the frequency spectra at 65, 75 and 85% 
muscle excitation duration for each cadence at each power output. 

This figure shows evidence of early derecruitment of slower muscle fibres at the end of muscle 
excitation at the highest cycle frequencies. Early derecruitment is shown by the decrease in 
intensity for lower frequencies and increase in intensity for higher frequencies at the highest 
cadences (lighter lines), which is in contrast to the increase in intensity for the lower frequencies 
and decrease in intensity for the higher frequencies at the lowest cadences (darker lines). At 180 
r.p.m. (solid line) there is also an increase in lower frequencies when compared to 140 and 160 
r.p.m., which is particularly evident at 75% duration. Values shown are mean ± S.E.M.. 

The first and second PCs represented a large portion of the signal variance and 

displayed both a shift in frequency and timing (Figure 3.1A) and were significantly affected 

by cadence (Figure 3.1B). When the first PC loading scores were negative and the second 

PC loading scores were positive there was a decrease and increase in low and high 

frequency components of the EMG signal, indicating both a decrease and increase in the 

contributions of slower and faster muscle fibres, respectively, at the end of muscle 

excitation (Figure 3.1A). This occurred at 140, 160 and 180 r.p.m. at most workloads 

(Figure 3.1C), providing evidence of an early derecruitment of slower muscle fibres at the 

end of muscle excitation, thereby supporting the hypothesis. This increase in high 

frequency and decrease in low frequency components of the EMG could clearly be seen 

at 65, 75 and 85% of muscle excitation duration at the highest cycle frequencies (lighter 

lines in Figure 3.5). This is in contrast to the increase in intensity for the lower frequencies 

and decrease in intensity for the higher frequencies at the lowest cadences (darker lines 

in Figure 3.5). 

The excitation duration reached a plateau beyond 140 r.p.m. with the shortest 

duration of 151.68 +/- 20.60 ms (Figure 3.4). This duration plateau may indicate that these 

cycle frequencies reached or were approaching the minimum muscle excitation duration 

for the medial gastrocnemius. It has been speculated that pedalling cadences greater than 

165 r.p.m. would surpass the maximum shortening velocity of the slow muscle fibres 

(Sargeant and Beelen, 1993) and since deactivation is longer than activation, during the 

activation-deactivation cycle of muscle contraction (Buchthal et al., 1973; Burke et al., 

1973; Lee et al., 2011), the highest cycle frequencies in this study may exceed the 

relaxation capabilities of the slowest muscle fibres. The short excitation durations can 

partially be explained by the ability of the muscle to reach higher cycle frequencies 

because active shortening accelerates the relaxation dynamics expected from isometric 
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twitches (Askew and Marsh, 1998; Caiozzo and Baldwin, 1997). As noted, the results 

indicate that there was also some manipulation of the timing of muscle fibre recruitment 

relative to muscle excitation that may have helped enable the slow fibres to participate at 

such high cycle frequencies. As speculated (Hodson-Tole and Wakeling, 2008a; 

Wakeling, 2004) this could be accomplished through inhibition of the slower fibres by 

Renshaw cells since the fastest motoneurons have been shown to provide the most 

stimulus to the Renshaw cells, which in turn inhibit motoneuron activity with the greatest 

inhibitory influence on the slowest motoneurons (Friedman et al., 1981). 

With positive loading scores for the first PC (Figure 3.1B), the 180 r.p.m. conditions 

at 100 and 200 W displayed an increase in low frequency components of the EMG 

intensity (Figures 3.3A, 3.5) contrary to the pattern found at 140 and 160 r.p.m. (evident 

at 75% muscle excitation duration in Figure 3.5). The inclusion of the first 20 PCs, to 

account for a greater proportion of the signal variance, in a further reconstruction, provided 

added clarity and showed that the increase in frequency later in the muscle excitation 

duration was in two distinct bands (centered at approximately 92 and 170 Hz; Figure 3.3B). 

The addition of lower frequency components, the plateau in excitation duration and the 

non-linear increase in EMG intensity at 180 r.p.m. indicate that there was greater 

excitation of the muscle, including slow muscle fibres, to achieve the highest cycle 

frequency. Previous research has shown that mixed muscles can reach higher maximal 

shortening velocities than those predicted from extrapolation from a Hill-type (Hill, 1938) 

model (Close and Luff, 1974; Josephson and Edman, 1988). Indeed, recent evidence in 

rats suggests that the involvement of slow fibres during contractions of mixed fibre-type 

muscles helps the muscle reach higher shortening velocities (Holt et al., 2014), which is 

supported here.  

This study provides new evidence to support previous research (Hodson-Tole and 

Wakeling, 2008a; Wakeling, 2004) showing early derecruitment of slower muscle fibres 

during high frequency cyclical contractions. In addition, the study provides new evidence 

in humans, to support findings in rats (Holt et al., 2014), of the contribution of slow muscle 

fibres in order to achieve the highest cycle frequencies. In summary, changes to the EMG 

signal, in both frequency and time, provide evidence of modifications of muscle fibre 

recruitment strategies depending upon the mechanical demands of a movement. Also, the 
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muscle and muscle fibre responses to the demands imposed by the high cycle frequencies 

suggest that cadences at and above 140 r.p.m. are approaching the limitations of muscle 

excitation and therefore may not be appropriate for use by the biofeedback system to 

manipulate muscle coordination as outlined in chapter five. 



 

Portions of this chapter previously appeared as: (Blake and Wakeling, 2015) 
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Chapter 4.  
 
Establishing a muscle coordination reference frame 
for the biofeedback system: Muscle Coordination of 
Human Limb Movement under a Wide Range of 
Mechanical Demands. 

4.1. Introduction 

As stipulated in chapter three, the second aim of this research was to establish a 

comprehensive understanding of muscle excitation and coordination across a wide range 

of muscles and mechanical demands during cycling to create a muscle coordination 

reference frame for the biofeedback system. A better understanding of muscle 

coordination was necessary for the biofeedback system in order to link the current and 

desired end states of muscle coordination. In particular, with a better understanding of 

responses of muscle coordination to different mechanical demands, the purposeful 

manipulation of muscle coordination during human limb movement could be endeavoured.  

Human limb movement is achieved through interactions between the 

neuromuscular and skeletal systems. Movement performance is commonly measured by 

the resultant mechanical efficiency (ratio of mechanical power output to metabolic power) 

and power output, both of which are significantly influenced by the coordinated excitation, 

or muscle coordination, of the muscles involved (Blake et al., 2012; Dorel et al., 2012; 

Samozino et al., 2007; Wakeling et al., 2010). Therefore, investigating movement 

performance requires a knowledge of muscle coordination and the muscle coordination 

responses to a range of mechanical demands. 
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The relative excitation of each muscle is both workload (Blake and Wakeling, 2012; 

Blake and Wakeling, 2013; Blake et al., 2012; Ericson, 1986; Ericson et al., 1985; Hug et 

al., 2004b; Jorge and Hull, 1986; Sarre et al., 2003; Wakeling and Horn, 2009; Wakeling 

et al., 2010) and cadence dependent, with many discrepancies in the collective research 

(Ericson, 1986; Ericson et al., 1985; Lucia et al., 2004; Neptune et al., 1997; Neptune et 

al., 1997; Sarre and Lepers, 2005; Sarre and Lepers, 2007; Sarre et al., 2003; Takaishi et 

al., 1996; Takaishi et al., 1998; Wakeling and Horn, 2009; Wakeling et al., 2006). Evidence 

suggests that individual muscles exhibit workload dependent relationships between 

muscle excitation and cadence (MacIntosh et al., 2000), which may explain the 

discrepancies as a wide range of workloads were employed. The timing of muscle 

excitation has also been shown to be affected by cadence, with several muscles exhibiting 

a phase advance and/or larger duty cycle with increasing cadence (Baum and Li, 2003; 

Dorel et al., 2012; Marsh and Martin, 1995; Neptune et al., 1997; Samozino et al., 2007; 

Sarre and Lepers, 2005; Sarre and Lepers, 2007; Wakeling and Horn, 2009), and both 

influenced (Sarre and Lepers, 2007) and not influenced (Jorge and Hull, 1986) by 

workload, but relatively little research has been completed in this area.  

The influence of workload and cadence on muscle coordination is important as 

muscle coordination impacts mechanical efficiency  (Blake et al., 2012; Wakeling et al., 

2010) and power output (Dorel et al., 2012; Samozino et al., 2007; Wakeling et al., 2010), 

yet few studies have looked at the spatiotemporal muscle excitation-workload-cadence 

relationships across multiple muscles. Efficiency in cycling has been reviewed (Ettema 

and Loras, 2009) and has been shown to be dependent largely on workload and to a 

lesser extent on cadence, while delta efficiency (ratio of the change in mechanical power 

to the change in metabolic power) has been shown to be independent of workload 

(Hansen and Sjogaard, 2007) and both independent (Marsh et al., 2000) and dependent 

on cadence (Böning et al., 1984; Chavarren and Calbet, 1999; Sidossis et al., 1992). If 

delta efficiency increases with cadence (Böning et al., 1984; Chavarren and Calbet, 1999) 

then an increase in power output requires less energy at higher cadences compared to 

lower cadences (Sargeant and Beelen, 1993). This partially explains evidence that 

efficiency is maximized at increasing cadences for increasing power outputs (Böning et 

al., 1984; Coast and Welch, 1985; Foss and Hallén, 2004; Hagberg et al., 1981; Seabury 

et al., 1977), with the influence of cadence on efficiency decreasing at higher power 
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outputs (Chavarren and Calbet, 1999; Di Prampero, 2000). Obtaining greater efficiency 

by increasing cadence with workload may be the result of reduced muscle excitation since 

minimum muscle excitation also occurs at increasing cadences with increasing 

submaximal workloads (MacIntosh et al., 2000). Minimum muscle excitation across a 

group of muscles occurs despite different muscle excitation-workload-cadence 

relationships seen in individual muscles (Blake and Wakeling, 2013; Hug et al., 2004b; 

Lawrence and De Luca, 1983; MacIntosh et al., 2000). 

Maximum efficiency occurs at cadences below those found at maximum power 

output and so there is a trade-off between efficiency and power in cycling (Kohler and 

Boutellier, 2005) that has been linked to differences in muscle coordination (Blake et al., 

2012). Maximum efficiency has been predicted to occur at approximately one quarter to 

one third maximal shortening velocity in slow and fast muscle fibres, which in cycling is 

predicted to occur at approximately 50 r.p.m. and 150 r.p.m. in slow and fast muscle fibres, 

respectively (Sargeant, 2007). Maximum efficiency in a mixed fibre type muscle would, 

therefore, result from some combination of slow and fast muscle fibres at an intermediate 

cadence. Increasing cadence with power output to maximize efficiency may reflect the 

need for the additionally recruited faster muscle fibres to operate at higher velocities to 

maximize their efficiencies (Sargeant and Beelen, 1993). For example, greater relative 

recruitment of fast muscle fibres at 50 r.p.m. compared to 100 r.p.m. at approximately 335 

W has been shown (Ahlquist et al., 1992) and suggests that more fast fibres may be 

necessary at the lower cadence because of their inability to effectively produce power at 

low velocities. In addition, it has been suggested that 25% maximum power output could 

be achieved with only slow muscle fibres at 60 r.p.m., whereas fast fibres would need to 

be active for the same power output at 120 r.p.m. due to the inability of slow fibres to 

effectively produce power at high velocities (Sargeant, 1994; Sargeant and Beelen, 1993). 

Indeed, evidence shows that faster muscle fibres are recruited at high cycle frequencies, 

such as 120 r.p.m., at high and low workloads (Farina et al., 2004) and at relatively low 

workloads at 60 r.p.m., before slow fibres are fatigued, (Ivy et al., 1987).   

Maximum power output in cycling has been shown to occur at 110-120 r.p.m. 

(Beelen and Sargeant, 1991; Dorel et al., 2010; Hautier et al., 1996; Samozino et al., 2007; 

Sargeant et al., 1981) depending on fibre type composition of the individual’s muscles 
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(Hautier et al., 1996). Beelen and Sargeant (1991) provided evidence that faster muscle 

fibres have a greater contribution to maximum power output at higher cadences such as 

those found at 120 r.p.m.. With different fibre type distributions and structural properties, 

it is unlikely that all muscles work at their optimal velocity for power production when the 

whole limb is producing maximum power output (Van Soest and Casius, 2000). Indeed, 

evidence shows that when cycling at maximum power output the ankle plantar flexor 

muscles shorten at velocities too slow to produce maximum power (Wakeling et al., 2010), 

yet in sprint cycling soleus (Sol) is at or near maximum excitation (Dorel et al., 2012) so it 

is likely this muscle is operating inefficiently. At extremely high cadences the muscle and 

muscle fibre recruitment can be further manipulated with evidence, including the previous 

chapter, of preferential fast muscle or fast fibre recruitment at high shortening velocities 

(Blake and Wakeling, 2014; Citterio and Agostoni, 1984; Gillespie et al., 1974; Gollnick et 

al., 1974; Grimby and Hannerz, 1977; Hodson-Tole and Wakeling, 2008a; Hoffer et al., 

1981; Jayne and Lauder, 1994; Nardone et al., 1989; Smith et al., 1980; Wakeling and 

Horn, 2009; Wakeling et al., 2006) and recruitment of additional slow fibres to reach the 

highest shortening velocities (Blake and Wakeling, 2014; Holt et al., 2014). 

The mechanical efficiency and power output of limb movement are significantly 

influenced by muscle coordination, (Blake et al., 2012; Dorel et al., 2012; Samozino et al., 

2007; Wakeling et al., 2010), which is affected by the mechanical demands of the 

movement. Little is known about the mechanical demand and muscle coordination 

relationships or their subsequent influence on mechanical efficiency and power output. 

Therefore, the main objectives of this study were to map the muscle coordination space 

of ten leg muscles across a wide range of mechanical demands to: 1) determine if muscle 

excitation responses to changes in cadence are workload dependent and therefore 

explain previous inconsistencies reported in the literature, 2) determine if critical cadences 

exist where distinct changes in muscle excitation and muscle coordination can be 

identified that coincide with maximum relative efficiencies and maximum power output and 

3) determine muscle coordination patterns responsible for maximum relative mechanical 

efficiency. We then aimed to use this knowledge to inform and design a physiologically 

meaningful reference frame for the biofeedback system to facilitate the manipulation the 

muscle coordination with respect to relative mechanical efficiency. 
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4.2. Methods 

4.2.1. Protocol and Data Acquisition 

Eleven competitively trained male cyclists (mean ± S.E.M.: age = 33.9 ± 3.1 years, 

mass = 72.8 ± 2.1 kg, height = 179.1 ± 1.9 cm, cycling distance per year = 10773 ± 1575 

km) volunteered to participate in the study. All participants gave their informed written 

consent to participate and the ethics committee in accordance with the Office of Research 

Ethics at Simon Fraser University approved all procedures. 

The participants cycled at cadences of 40, 60, 80, 100, 120, 140, 160 and 180 

r.p.m. at each of 100, 200, 300 and 400 W on an indoor cycle trainer (Schoberer Rad 

Messtechnik (SRM), Julich, Germany). The participants completed a 10-minute warm-up 

at a freely chosen cadence with 5 minutes at 100 W followed by 5 minutes increasing 20 

W each minute. The conditions were first randomized by cadence and then each power 

output was presented in random order to help ensure compliance of the desired cadence 

(MacIntosh 2000). The geometry of the cycle trainer was matched to each participant’s 

own bicycle as closely as possible, and they used their own clipless pedals and shoes. 

Cyclists were instructed to maintain a seated position with hands on the brake hoods while 

data were collected and each trial was 30 seconds in duration with 90 seconds rest 

between.  

Electomyographic (EMG) signals were recorded continuously from 10 muscles of 

the right leg (tibialis anterior (TA), MG, LG, Sol, vastus medialis (VM), rectus femoris (RF), 

vastus lateralis (VL), semitendinosus (ST), biceps femoris (BF) and gluteus maximus 

(GM)) using bipolar Ag/AgCl surface electrodes with 10 mm diameter and 21 mm spacing 

(Norotrode; Myotronics, Kent, WA). The skin of the right leg in the location of the 

electrodes was prepared by removing hair and dead skin and cleaning with isopropyl 

wipes. The electrodes were fixed to the skin with stretchable adhesive bandages and the 

entire leg was covered with a tubular net bandage to reduce movement artifacts. The EMG 

signals were amplified (gain 1000), band-pass filtered (bandwidth 10-500 Hz:  Biovision, 

Wehrheim, Germany) and recorded at 2000 Hz (16-bit analog to digital converter: USB-

6210; National Instruments, Austin, TX). Cadence and the effective (normal) and 
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ineffective (tangential) forces applied to the crank arms were recorded using instrumented 

pedals (Powerforce, Radlabor, Freiburg, Germany) simultaneously with the EMG. Crank 

forces were subsequently used to calculate power output. 

4.2.2. Data Analysis 

The EMG signals were resolved into intensities in both time and frequency space 

using an EMG-specific wavelet analysis (von Tscharner, 2000). The wavelets had a 

frequency bandwidth of approximately 11-432 Hz (j = 1-10; (von Tscharner, 2000). EMG 

intensities for individual muscles were calculated as the sum of intensities across all ten 

wavelet domains for each time point. The EMG intensities were interpolated to 100 points 

per muscle per pedal cycle starting at top dead center of the right crank arm rotation and 

were normalized to the mean for each muscle for each participant across all trials. The 

total EMG intensity was calculated for each muscle and pedal cycle as the sum of the 

interpolated intensities. Data from the first five pedal cycles within five r.p.m. of the desired 

cadence and within 10% of steady-state power output were retained for further analysis. 

The primary muscle coordination patterns across a pedal cycle were determined using 

principal component (PC) analysis. Muscle coordination patterns were extracted using the 

interpolated EMG intensities (100 points per muscle per pedal cycle) as has been 

described previously (Blake and Wakeling, 2012; Blake et al., 2012; Wakeling and Horn, 

2009). In order to visualize the primary differences in muscle coordination for each 

condition, EMG intensities were reconstructed from the vector sum of the muscle 

coordination PC’s (PCmus) weightings and loading scores for the first 10 principal 

components (Blake et al., 2012). 

Muscle bursts were extracted (using an onset/offset threshold of 5% of the 

difference between the maximum and minimum EMG intensity: Blake and Wakeling, 2014) 

and the burst duration and duty cycle (proportion of muscle excitation relative to a 

complete pedal cycle) were calculated for each muscle for each pedal cycle. For each 

muscle burst the EMG intensities were interpolated to 100 points for each wavelet (10 

wavelets * 100 points = 1000 points per muscle burst) and normalized to the maximum 

intensity across all wavelets for each muscle for each participant across all trials. The time-

frequency patterns were quantified from the interpolated frequency spectra (100 points 
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per muscle per wavelet per muscle burst) using a Principal Component analysis (Blake 

and Wakeling, 2014). The first time-frequency PC (PCfreq1) approximated the mean time-

varying frequency spectra with subsequent PCfreq’s representing the variation in time and 

frequency from PCfreq1. The second and third PCfreq’s (PCfreq2 and PCfreq3) showed distinct 

shifts in EMG intensity at different times and frequencies within each muscle burst and 

were therefore used to calculate vectors in PCfreq3-PCfreq2 space using the mean loading 

scores for each condition. A change in the direction of these vectors for different conditions 

represents a change in the time-varying frequency of the EMG intensity for each muscle 

burst.  

Relative phase shifts of the EMG intensities for each muscle across a pedal cycle 

were determined using the Procrustes shift registration method (Ramsay and Silverman, 

2005). These were determined separately for cadence and power output by analyzing the 

shift due to cadence at each power output and the shift due to power output at each 

cadence. Phase shifts due to cadence and power output were also calculated in a similar 

manner for the effective, ineffective and resultant pedal forces. Relationships between the 

mean pedal force per pedal cycle and cadence were determined at each power output for 

the effective, ineffective and resultant pedal forces. Where a parabolic relationship was 

evident a best-fit 2nd or 3rd order polynomial was determined for the data using a linear 

least-squares fit (Mathematica Version 10, Wolfram Research, Inc., Champaign, USA) to 

estimate the cadence at which minimum pedal forces occurred. The relative efficiency was 

estimated as the ratio of mechanical power output measured at the pedals to the sum of 

the total EMG intensities across all muscles where total EMG intensity was used as a 

proxy for the metabolic power required for cycling (Blake and Wakeling, 2013; Wakeling 

et al., 2011). The relationships between cadence and both relative efficiency and total 

EMG intensity across all muscles were determined at each pedal cycle and best-fit 

polynomials were fit to the data to estimate the cadence at which relative efficiency was 

maximized and total EMG intensity was minimized.  

4.2.3. Statistics 

The influence of power, cadence and any interaction between power and cadence 

on muscle coordination was determined using general linear model analyses of variance 
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(ANOVA) using each of the first 20 muscle coordination PC’s (PCmus loading scores) 

individually as the dependent variable and subject as a random factor. This same analysis 

was also completed for the first 10 PCfreq’s for each muscle. The effects of cadence and 

power output on EMG intensity, total EMG intensity across all muscles, relative efficiency, 

muscle burst duration and duty cycle, mean effective, ineffective and resultant pedal 

forces and pedal force and EMG intensity phase shifts were evaluated using one-way 

ANOVAs. Where significant effects were found, Tukey’s post hoc tests were performed to 

determine differences between cadences for a particular power output, when cadence 

was the independent variable, and between power outputs for a given cadence, when 

power output was the independent variable.  

4.3. Results 

4.3.1. EMG Intensity & Muscle Coordination 

The total EMG intensities and the sum of the total EMG intensities across all 

muscles were significantly influenced by power output, cadence and the interaction 

between power and cadence (Figure 4.1E & Figure 4.2). EMG intensity of most muscles 

displayed an exponential relationship with cadence at low power outputs and a parabolic 

relationship at high power outputs increasing primarily with cadence independent of power 

output above 140 r.p.m. (Figure 4.2). There was no significant difference in the total EMG 

intensity between 40 and 120 (Sol, VM and VL) or 140 r.p.m. (RF, ST, BF and GM) at 100 

W and 40 and 120 (VL and ST) or 140 r.p.m. (Sol, GM) at 200 W. In contrast there was 

no significant difference in the total EMG intensity between 60 and 120 (ST) or 140 r.p.m. 

(Sol, VM, RF, VL, BF and GM) at 300 W and 60 and 120 (TA, ST and BF) or 140 r.p.m. 

(Sol, VM and VL) at 400 W with intensities significantly larger outside these cadences. 

EMG intensity for RF and GM was not significantly different between 80 and 140 r.p.m. at 

400 W thus forming a steeper parabolic relationship (Figure 4.2). The total EMG intensities 

for MG and LG increased predominantly with cadence independent of power output, while 

the total EMG intensities for VM, VL and BF increased primarily with power output 

independent of cadence below 140 r.p.m.. The total EMG intensity for TA increased with 

both power and cadence below 140 r.p.m..  
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Figure 4-1. The relations between total EMG intensity, power output and relative 
efficiency.  

(A) Relative efficiency at each power output where each point represents a pedal cycle. (B) 
Relationship between relative efficiency and total EMG intensity across all ten muscles where (C) 
shows mean values for each cadence-power output combination. Power outputs are represented 
by symbols (cirlce, 100 W; star, 200 W; square, 300 W and cross, 400 W) and cadences are 
represented by each color labeled (40 to 180 r.p.m.). Lines have been added to give a visual 
representation of the relationships across power outputs for each cadence and are solid grey 
(100 to 180 r.p.m.) and dashed black (40 to 80 r.p.m.) to better identify the different trends. 
Relationships across cadences at each power output are shown for mean +/- S.E.M. relative 
efficiency (D), and total EMG intensity across all muscles (E), and mean ineffective pedal force 
per pedal cycle (F). Lines are best-fit polynomials and squares show the maximum (D) or minima 
(E and F) for these curves. The dashed line in (E) shows the best-fit polynomial at 100 W for 40 
to 120 r.p.m. with its minimum shown by the square marker: this reduced range of cadences 
matches that used by MacIntosh and co-workers (2000). Power outputs are identified as light 
grey through black for 100 through 400 W, respectively. 
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Figure 4-2. Principal component representation of the fluctuations in EMG 
intensity through time-frequency space for the bursts of muscle 
excitation and muscle specific total EMG intensities.  

Principal component representations of the time-varying frequency (PCfreq) of the muscle burst 
(contour plots; PCfreq1 top left, PCfreq2 top right and PCfreq3 bottom right for each muscle). Vectors 
represent the relationship between PCfreq2 (vertical) and PCfreq3 (horizontal) loading scores at 
each cadence-power output condition and squares show cadences for maximum relative 
efficiency at each power output as determined in Figure 4.1. Line plots show mean +/- S.E.M. 
EMG intensity for each muscle at each cadence-power output condition, and are shown with the 
same grey scale as in Figure 4.1. 

The muscle coordination patterns for each condition can be seen in Figure 4.3. 

The first two PCmus’s that quantify the coordination (Figure 4.4) explained over 66% of the 

variability in coordination patterns and the first ten explained over 82%. Loading scores 

for the first PCmus (PCmus1) were significantly correlated with the sum of the total EMG 

intensities across all ten leg muscles (r = 0.99). Muscle coordination (as evaluated through 

the PCmus loading scores) had a significant effect on relative efficiency, with nine of the 

first ten PCmus’s having an effect, while cadence and power output had significant 

influences on muscle coordination (Figure 4.4) and relative efficiency (Figure 4.1D). 

Muscle coordination and relative efficiency were also significantly affected by the 

interaction of cadence and power output. The predominant muscles featured in PCmus2 to 

PCmus5 were RF and GM where PCmus2 and PCmus3 highlighted a balance between RF 

and GM and all other muscles, PCmus4 represented the balance between RF and GM and 

PCmus5 showed a shift in timing of most muscles opposite to that of RF (Figure 4.4). 

Visualizations of the primary muscle coordination patterns for maximum relative efficiency 

were established through reconstructions of the EMG intensities using a reduced number 

of PCmus’s. The cadence at which relative efficiency was maximized was 60, 76, 86 and 

97 r.p.m. at 100, 200, 300 and 400 W, respectively (Figure 4.1D), which displayed 

progressive muscle excitation from the knee (VM and VL together) to the hip (GM) to the 

ankle (SOL) and finally to BF through the down stroke of the pedal cycle. These muscles 

also showed the highest levels of relative muscle excitation for these high relative 

efficiency conditions when compared to the other muscles. Conditions associated with 

decreased relative efficiency had the highest relative muscle excitation for RF and GM at 

high power outputs as well as TA, MG, LG, RF and ST across all power outputs with low 

relative excitation for VM and VL.    
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Figure 4-3. Muscle coordination patterns for each cadence-power output 
combination.  

Mean EMG intensity pattern for each cadence (rows) and power output (columns) combination 
normalized to the maximum for each condition. 
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Figure 4-4. Principal component representation of the muscle coordination.  
Visual representations of the first five muscle coordination principal components (PCmus) and the 
relationship between mean PCmus loading scores (vertical axis) and relative efficiency (horizontal 
axis) for each cadence-power output condition. Power outputs are represented by symbols 
(circle, 100 W; star, 200 W; square, 300 W and cross, 400 W) and cadences are represented by 
each color labeled (40 to 180 r.p.m.) in PCmus1. Lines have been added to give a visual 
representation of the relationships across power outputs for each cadence and are solid grey 
(100 to 180 r.p.m.) and dashed black (40 to 80 r.p.m.) to better identify the different trends. 

The first PCfreq (PCfreq1) of the time-varying frequency spectra explained 

approximately 60% of the time-frequency spectra and was similar to the mean frequency 

spectrum for each muscle. The loading scores for PCfreq1 were significantly correlated with 

each muscle’s total EMG intensity and displayed similar relationships with cadence and 

power output as total EMG intensity with minimum loading scores occurring at increasing 

cadences with increases in power outputs (Figure 4.1E). The first ten PCfreqs (PCfreq1 to 

PCfreq10) explained approximately 81-95% of the time-varying frequency spectra, 

depending on the muscle where PCfreq2 and PCfreq3 displayed increases and decreases 

in high and low frequencies and/or timing shifts of the frequency relative to the muscle 

burst duration (Figure 4.2). Vector plots showing mean loading scores of PCfreq2 and 

PCfreq3 projected onto plots of maximum relative efficiency at each condition highlight the 

frequency shifts of each muscle relative to cadence and power output (Figure 4.2). Sol, 

VM and VL displayed frequency shifts in PCfreq2 and PCfreq3 that corresponded to changes 

in relative efficiency and total EMG intensity across all muscles. Notably, PCfreq1 of these 

muscles explained more of the time-frequency spectra for each muscle burst than any 

other muscle except GM. Most muscles exhibited pronounced changes in EMG frequency 

at the highest cadences and in some cases at 40 r.p.m..  

4.3.2. Relative efficiency 

Relative efficiency (the ratio of power output to total EMG intensity across all 

muscles:  Blake and Wakeling, 2013; Wakeling et al., 2011) was maximized at increasing 

cadences for increasing power outputs from 60 r.p.m. at 100 W to 98 r.p.m. at 400 W 

(Figure 4.1D). Relative efficiency increased while total EMG intensity decreased at each 

power output (Figures 4.1B, 4.1D & 4.1E) with total EMG intensity displaying more 

pronounced parabolic relationships with cadence as power output increased (Figure 

4.1E). Cadences for maximum relative efficiency (Figure 4.1D) coincided with cadences 
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for minimum EMG intensity (Figure 4.1E) determined from the best-fit polynomials of the 

relationships. For example, at 400 W relative efficiency reached a maximum at 

approximately 98 r.p.m. while total EMG intensity displayed a parabolic relationship with 

minimum values at approximately 103 r.p.m.. The relationships between cadence, power 

output and relative efficiency can be visualized in the Figure 4.1D where from 40 to 80 

r.p.m. relative efficiency decreases with each increase in power output, whereas from 100 

to 180 r.p.m. it displays non-linear relationships with maximum relative efficiency occurring 

at higher power outputs as cadence increases. There was no significant difference in 

relative efficiency between 60 and 100 r.p.m. at 200 W, 60 and 120 r.p.m. at 300 W and 

80 and 120 r.p.m. at 400 W. 

4.3.3. Phase Shifts 

Significant systematic phase shifts of the EMG intensity to be earlier in the pedal 

cycle were found with increasing cadences for all muscles, yet not across all power outputs 

(Figure 4.5). Phase shifts occurred in a limited cadence range for some muscles. For 

example, phase shifts earlier for ST occurred primarily between 40 and 120 r.p.m. at all 

power outputs, while for TA, VM, VL, Sol and MG phase shifts primarily occurred from 100 

to 180 r.p.m.. The largest phase shifts across the full range of cadences could be found in 

RF (maximum ~100 degrees), ST and GM (both maxima ~70 degrees) with many muscles 

displaying shifts of approximately 40 degrees (TA, MG, VM, VL and BF). No significant 

phase shift was found for the LG at 200 to 400 W, with a relatively small systematic shift 

at 100 W of approximately 27 degrees. Relatively small shifts were also found in Sol of 

approximately 20-30 degrees. The phase shifts of the EMG intensity varied with power 

output in muscle-specific and cadence dependent manner with the phase sometimes 

increasing and sometimes decreasing with power, and this is displayed in Figure 4.5. 
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Figure 4-5. Relative phase shifts of the total EMG intensity within the pedal 
cycle.  

Phase shifts are shown across cadence values at each power output (first column) and across 
power outputs at each cadence (second column). Cadences listed in each plot in the second 
column indicate a significant effect of power output on the phase shift for that cadence. Power 
outputs in the first column are identified with the same grey scale as in Figure 4.1 as light grey 
through black for 100 through 400 W, respectively. Cadences are distinguished by dashing, as 
shown in Figure 4.7. 

4.3.4. Muscle Burst Duration 

All muscles displayed a significant systematic decrease in muscle burst duration 

that plateaued at the highest cadences (Figure 4.6). There was no significant difference 

in muscle burst duration between 120 and 180 r.p.m. for TA (except 100 W), Sol, VM, RF, 

VL, ST, BF and GM (except 100 W) and between 140 and 180 r.p.m. for MG and LG. 

There was a significant effect of power output on burst duration for TA at 80 and 100 

r.p.m., MG at 40 and 60 r.p.m. and for BF at 60 r.p.m.. Significant increases in the duty 

cycles were found above 120 r.p.m. for TA, Sol, VM, VL, ST (above 140 r.p.m.), BF and 

GM (Figure 4.6). No significant difference in duty cycle between cadences from 40 to 120 

r.p.m. were found for TA (at 200-300 W), VM, VL, ST, BF (40 to 80 r.p.m. at 100 W) and 

GM (except 100 W). There was no significant difference in duty cycle between all 

cadences for LG, a significant increase in duty cycle across all cadences for RF and a 

significant decrease in duty cycle from 40 to 100 r.p.m. at 200-400 W for Sol. 
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Figure 4-6. Muscle burst durations and duty cycles.  
Mean +/- S.E.M. muscle burst durations (first column) and duty cycle (second column) across 
cadences for each power output. The duty cycle represents the muscle burst duration as a 
percentage of the complete pedal cycle. Power outputs are identified with the same grey scale as 
in Figure 4.1 as light grey through black for 100 through 400 W, respectively. 

4.3.5. Pedal Forces 

Both the peak maximum and peak minimum effective forces per pedal cycle 

displayed an inverse relationship with cadence across all power outputs with the 

differences between cadences decreasing at the highest cadences (Figure 4.7). Mean 

effective force per pedal cycle showed a decreasing relationship with cadence, whereas 

maximum and mean ineffective forces per pedal cycle displayed parabolic relationships 

with cadence with minimum values occurring at increased cadences for increased power 

outputs (Figure 4.7). All pedal forces systematically shifted later in the pedal cycle as 

cadence increased with the largest shifts visible in the resultant pedal force (Figure 4.7). 
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Figure 4-7. Pedal forces.  
(A) Mean resultant (first column), effective (second column) and ineffective (third column) pedal 
forces for each power output and cadence. (B) Mean +/- S.E.M. pedal force per pedal cycle at 
each cadence. Best-fit polynomials have been fit to each power output with minima shown by 
square symbols. (C) Phase shift of each pedal force across cadences for each power output. 
Power outputs in (B & C) are identified with the same grey scale as in Figure 4.1 as light grey 
through black for 100 through 400 W, respectively. Cadences in (A) are identified in the second 
row. 

4.4. Discussion 

This study investigated the influence on relative mechanical efficiency of cycle 

frequency, workload and muscle coordination across a wide range of mechanical 

demands. One of the primary contributions of this research is that it unifies the seemingly 

inconsistent previous findings, with respect to muscle excitation responses to changes in 

cycle frequency, by revealing an interactive effect of cycle frequency and workload on 

muscle excitation. Maximum relative efficiency was evident in (1) the mechanical output 

since minimum ineffective pedal forces occurred at similar increasing cadences for 

increasing power outputs, (2) the muscle coordination with progressive muscle excitation 

through the uniarticulate knee, hip and ankle muscles during the down stroke, and (3) 

changes in the timing and recruitment of different muscle fibre types in VM, VL and Sol. 

In contrast, elevated muscle excitation and reduced relative efficiency were dependent on 

muscle coordination at the top and bottom of the pedal cycle and dominated by excitation 

of bi-articulate muscles and TA and GM and larger duty cycles for many muscles. 

Power output was also limited beyond a cycle frequency of 120-140 r.p.m. where 

there were plateauing muscle burst durations, longer duty cycles and disproportionate 

increases in EMG intensity for most muscles. These factors represented a constraint of 

muscle excitation, increasing metabolic costs and rapidly decreasing relative mechanical 

efficiency. The changes in muscle burst duration, duty cycle and EMG intensity suggest a 

limitation of the activation-deactivation capabilities of the muscle fibres at the highest cycle 

frequencies. 
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4.4.1. Muscle Coordination influence on Relative efficiency – 
Mechanical Demands 

Relative efficiency was significantly affected by muscle excitation, muscle 

coordination and the mechanical demands of the cycling task. Increased relative efficiency 

at constant power output and cadence has been shown to result from a decrease in 

muscle excitation (EMG intensity) as a consequence of altered muscle coordination (Blake 

et al., 2012). The current findings add that the relationships between relative efficiency 

and both EMG intensity (Figure 4.1C) and muscle coordination (Figure 4.4) are cadence 

specific, with power output and cadence having an interactive influence. The interactive 

influence between power output and cadence helps explain how increased relative 

efficiencies result from changes in muscle coordination due to reduced muscle excitation 

and also unifies the seemingly inconsistent previous findings related to changes in EMG 

with cadence and power output. For example, Sarre and co-workers (2003) found RF 

EMG decreased with increased cadence and was higher at 60 r.p.m. than any other 

cadence tested (up to approximately 115 r.p.m.) at 297 and 371 W. In contrast, Ericson 

(1985) and Neptune (1997) determined that RF EMG was uninfluenced between 40 and 

100 r.p.m. at 120 W and between 45 and 120 r.p.m. at 250 W, respectively. In the current 

results RF intensity displayed a parabolic relationship with cadence at high power outputs, 

similar to MacIntosh et al. (2000) and Marsh and Martin (1995), with the curvature 

decreased to an exponential relationship at 100 W (Figure 4.2).  Therefore, RF intensity 

was significantly higher at 60 r.p.m. than 100 and 120 r.p.m. at 400 W and uninfluenced 

between 40 and 120 r.p.m. at 100 W supporting these previous findings (Ericson et al., 

1985; Neptune et al., 1997; Sarre et al., 2003). Similarly, the EMG intensity of all muscles 

displayed exponential and/or parabolic relationships with cadence depending on the 

workload (Figure 4.2), helping explain other differences previously found and highlighting 

the need to investigate a large array of conditions to fully understand muscle excitation 

and muscle coordination responses to altered mechanical demands. 

These results support evidence that efficiency is maximized (Böning et al., 1984; 

Coast and Welch, 1985; Foss and Hallén, 2004; Hagberg et al., 1981; Seabury et al., 

1977) and muscle excitation is minimized (MacIntosh et al., 2000) at increasing cadences 

for increasing power outputs during cycling and that the influence of cadence on efficiency 

decreases at higher power outputs (Figure 4.1D; Chavarren and Calbet, 1999; Di 
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Prampero, 2000). Maximum relative efficiency occurred at 60, 76, 86 and 97 r.p.m. at 100, 

200, 300 and 400 W, respectively (Figure 4.1D), which is similar to the values of minimum 

muscle excitation found by MacIntosh and co-workers (2000). Efficiency in cycling has 

been shown to be dependent primarily on workload (Ettema and Loras, 2009), which is 

supported here at lower cadences (less than 100 r.p.m.), but the dependence was 

decreased at high cadences (Figure 4.1D). Indeed, there was little difference in relative 

efficiency between all power outputs at 100 r.p.m. and between 300 and 400 W at the 

highest cadences such that a change in power output resulted in a proportionally similar 

change in total EMG intensity. The greatest difference in relative efficiency values across 

all power outputs occurred at 40 and 60 r.p.m. implying that increasing workload at low 

cadences required a larger increase in muscle excitation than an equal change at other 

cadences (Figure 4.1E). One explanation for the increased muscle excitation at low 

cadences is that more faster muscle fibres would need to be recruited to generate 

increased power (Ahlquist et al., 1992), however such fibres are very inefficient at low 

shortening velocities.  

4.4.2. Muscle Coordination influence on Relative efficiency – 
Mechanical Output 

Evidence from both the muscle coordination and the resulting mechanical output, 

seen in the pedal forces, indicates that the top and bottom of the pedal cycle are critical 

to efficiently completing the cycling action (Blake et al., 2012; Dorel et al., 2010; Leirdal 

and Ettema, 2011), despite the effective force being low at these times (Figure 4.7; 

Patterson et al., 1983; Sanderson, 1991). The importance of different sectors of the pedal 

cycle, other than the down stroke, to effectively complete the pedaling action has been 

shown during submaximal (Blake et al., 2012; Hug et al., 2008; Korff et al., 2007; Leirdal 

and Ettema, 2011) and maximal sprint cycling (Dorel et al., 2010; Martin and Brown, 2009; 

Samozino et al., 2007) and this study adds that the top and bottom are critical for efficient 

cycling. RF and TA were the primary muscles active at the top and MG, LG, ST and BF 

were the primary muscles active at the bottom of the pedal cycle, respectively (Figure 4.3), 

and all had a significant effect on relative efficiency (Figure 4.4). These muscles (except 

TA) are bi-articulate muscles, whereas the traditionally classified power producing 

muscles (VM, VL and GM) and Sol are all single joint muscles, thus supporting the notion 
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that the bi-articulate muscles are important for the transfer of force between joints and the 

orientation of the forces on the pedals (Raasch et al., 1997; van Ingen Schenau et al., 

1992). The ineffective pedal force displayed peak amplitudes at the top and/or bottom of 

the crank rotation (Figure 4.7), again providing evidence of the constraints and importance 

of these regions of the pedal cycle. The ineffective force may provide a better indication 

of the relative efficiency-cadence-workload relationships than the effective or resultant 

forces since there was little difference in effective force at high cadences for high 

workloads, making it difficult to ascertain a minimum, and the resultant force is dependent 

on the effective force (Figure 4.7).   

Across all power outputs the muscle coordination patterns characteristic of 

maximum relative efficiency showed synchronized or coordinated timing and progressive 

excitation, primarily during the down stroke, from muscles spanning the knee (VM and VL 

together) to the hip (GM) to the ankle (SOL) and finally to BF. In contrast, inefficient cycling 

was dominated by excitation of RF and GM at high power outputs, TA, MG, LG, RF and 

ST across most power outputs, shrinking relative levels of excitation for VM and VL and 

larger duty cycles for many muscles. Again, the muscles active at the top and bottom of 

the pedal cycle determined the balance between efficient and inefficient cycling and, while 

not able to conclusively ascertain, it may be speculated that the synchronized timing and 

progressive excitation of muscles during the down stroke may be the result of effective 

transitions at the top and bottom of the pedal cycle.    

The parabolic relationship between pedal forces and cadence (Figure 4.7) has 

been attributed to the competing requirements for decreasing muscular and increasing 

non-muscular components of the pedal forces with cadence, as determined from pedal 

force decomposition (Kautz and Hull, 1993). At cadences beyond 90 r.p.m. the increases 

in pedal forces have been attributed to non-muscular components (Kautz and Hull, 1993; 

Neptune and Herzog, 1999) and in particular the inertial component or centripetal-like 

force keeping the foot and leg following a constrained path (Kautz and Hull, 1993). To 

accommodate increased workloads at each cadence the muscular component would be 

higher, whereas the non-muscular components (inertial and weight) should show a 

consistent cadence relationship independent of workload since the mass of the foot and 

pedal, length of the crank arm and the velocity remain constant at each cadence. 
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Therefore, it would be expected that minimum resultant and ineffective pedal forces 

occurred at increasing cadences for increasing power outputs, as seen in Figure 4.7, 

because the intersection of the decreasing muscular and increasing non-muscular 

components would depend primarily on the muscular component. The importance of the 

muscular component highlights the significance of muscle activation and coordination for 

efficient and effective cycling action.  

The deterioration in muscle coordination and the alterations in mechanical output 

at the top and bottom of the pedal cycle seen at the highest cadences may be one 

explanation why maximum power output occurs around 120 r.p.m. (Beelen and Sargeant, 

1991; Dorel et al., 2010; Hautier et al., 1996; Samozino et al., 2007; Sargeant et al., 1981) 

despite the fact that most muscles would not produce maximum power at this cycle 

frequency (Van Soest and Casius, 2000; Wakeling et al., 2010). 

4.4.3. Muscle Excitation Timing – Limits to performance 

Muscle excitation timing and burst duration were limiting factors of performance of 

the cyclical limb movement at high cadences. Disruptions in limb and muscle coordination 

occurred at consistent cadence thresholds of approximately 120-140 r.p.m. confirming that 

it was necessary to use an extreme range of cadences to investigate the limitations to 

produce effective and efficient movements. Altered muscle coordination above 120 to 140 

r.p.m. was represented in the PCmus’s where there was a reduced range of loading scores 

across power outputs (Figure 4.4). A smaller range of loading scores signifies a reduction 

in relative variability of the muscle coordination patterns at the highest cadences, which 

may represent a muscle coordination limit to produce these rapid movements. Muscle 

coordination was also affected by the plateau in muscle burst duration for all muscles 

beyond 120-140 r.p.m. (Figure 4.6), similar to previous findings for MG (Blake and 

Wakeling, 2014). The plateau in muscle burst duration resulted in a larger duty cycle at 

high cadences since muscle excitation occurred over a greater proportion of the pedal 

cycle (Figure 4.6). Longer muscle burst durations also limited limb movement relative 

efficiency as total EMG intensity increased disproportionately above 120-140 r.p.m. 

(Figure 4.1E) indicating a greater metabolic cost and rapidly decreasing relative 

mechanical efficiency (Figure 4.1D).  
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Evidence suggests that larger duty cycles are a limitation of the activation-

deactivation dynamics of muscle resulting in increased negative muscular work and 

unnecessary co-contraction of antagonistic muscle pairs (Josephson, 1999; Neptune and 

Herzog, 1999; Neptune and Kautz, 2001; Van Soest and Casius, 2000), and this is likely 

to be the case for duty cycles over 50% (Figure 4.6). Activation-deactivation rates increase 

with increased velocities (Askew and Marsh, 1998), but the extreme cycle frequencies 

used in this study would push the limits of the activation-deactivation capabilities. 

Previously, we speculated (Blake and Wakeling, 2014) that the activation-deactivation 

limits may have been reached resulting in minimum excitation durations being approached 

at the highest cadences in these mixed fibre muscles. Reaching activation-deactivation 

and excitation duration limits would be particularly impactful during the transitions between 

extension and flexion of the hip, knee and ankle at the top and bottom of the pedal cycle. 

The consequence of activation-deactivation and excitation duration limits at the extension-

flexion transitions is that deactivation would need to occur over a shorter portion of the 

pedal cycle in order to apply force long enough for the task and not induce large amounts 

of negative muscular work.  

The muscles did not apply force at the same location of the pedal cycle as the 

mechanical demands changed, effectively altering their mechanical contribution to the 

performance of the limb movement. For example, VM and VL shifted their excitation earlier 

in the pedal cycle by approximately 40 degrees, most of which occurred above 120-140 

r.p.m. (Figure 4.5). VM and VL are the major muscles responsible for the effective pedal 

forces during the down stroke (Raasch et al., 1997), yet the shift in muscle excitation timing 

did not result in the timing of the effective pedal force being maintained at a constant 

position since the effective pedal force shifted progressively later in the pedal cycle by 

approximately 30 degrees (Figure 4.7). The altered mechanical contribution of VM and VL 

may be attributed to an activation-deactivation limitation since the duty cycle for these 

muscles reached approximately 55% at 180 r.p.m. (Figure 4.6) such that they were active 

for more than half of the pedal cycle, inevitably contributing to negative muscular work. 

Similarly, most muscles displayed systematic phase shifts of muscle excitation relative to 

the pedal cycle (Figure 4.5) that were different for each muscle and were cadence and 

workload dependent explaining differences previously found for the timing of EMG for 

different muscles, cadences and workloads (Jorge and Hull, 1986; Sarre and Lepers, 



 

68 

2007). The differences in phase shifts across cadences and power outputs (Figure 4.5) 

for different muscles that share similar functions, such as ST and BF, highlights the 

complexity of muscle control for this movement task.   

The time-frequency properties of the EMG intensity during the bursts of muscle 

excitation were classified by their principal components, and general patterns of the PCfreq 

weights were seen for the first three principal components across all the muscles (Figure 

4.2). PCfreq2 and PCfreq3 account for the time-varying intensity spectra as each burst of 

muscle excitation progresses, and the vectors describing their loading scores (Figure 4.2) 

showed characteristic directions that changed at the cadence of maximum relative 

efficiency. Thus the relative efficiency of limb movement was related to the time varying 

frequency spectra of the EMG intensities. The frequency components of the EMG intensity 

spectra can be related to the type of motor units recruited (von Tscharner, 2000; Wakeling, 

2009; Wakeling and Horn, 2009; Wakeling and Rozitis, 2004), although this has been 

controversial (Farina, 2008; von Tscharner and Nigg, 2008). The shifts in EMG frequency 

may result from the activation-deactivation limitations at the highest cadences, mentioned 

previously (Figure 4.6) and may reflect a shift in muscle fibre recruitment such that these 

muscles are still able to contribute to power production, while attempting to minimize 

negative muscular work (Figure 4.7: Sarre and Lepers, 2007). 

4.5. Conclusion 

This study investigated the influence of mechanical demands on muscle 

coordination during human limb movement, and the subsequent relationship between 

muscle coordination and movement performance parameters, relative mechanical 

efficiency and power output. Relative mechanical efficiency was maximized at increasing 

cadences for increasing power outputs, which corresponded to muscle coordination and 

altered the muscle fibre type recruitment that minimized the total muscle excitation across 

all muscles. In addition, mechanical power output was limited beyond a critical cycle 

frequency of 120-140 r.p.m., which was related to a breakdown in muscle coordination. 

The breakdown in muscle coordination was demonstrated by limits to minimum muscle 

burst duration, longer duty cycles and disproportionate increases in muscle excitation for 

most muscles, which suggests a limitation of the activation-deactivation capabilities of the 
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muscles, resulting in increasing metabolic costs and rapidly decreasing relative 

mechanical efficiency.  
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Chapter 5.  
 
Biofeedback-Driven Muscle Coordination. 

5.1. Introduction 

Muscles often work in groups to produce movement. Within these groups, multiple 

muscles cross the same joint and can be recruited in numerous combinations and 

proportions making it possible to perform a range of smooth controlled limb movements. 

Differences in the way muscle recruitment is coordinated (muscle coordination) are 

reflected in outcome variables such as limb kinematics, energy consumption and 

mechanical power (Wakeling et al., 2010). Muscle coordination is therefore an important 

factor when attempting to manipulate limb movement, such as during rehabilitation and 

sport performance, yet it is unknown if muscle coordination can be purposefully 

manipulated.  

Manipulation of muscle excitation using real-time sensory feedback (biofeedback) 

has been successfully used in areas such as post stroke rehabilitation (Moreland et al., 

1998), headache disorders (Nestoriuc et al., 2008) and re-education of pelvic floor 

musculature (Koh et al., 2008). These manipulation methods predominantly focus on the 

spatiotemporal (amplitude and timing) properties of excitation in single muscles. Although 

individual muscles are important, it is the spatiotemporal properties of the coordination 

between multiple muscles that determines the limb movements and mechanics. In this 

regard, manipulation of a single muscle is unrealistic as other muscles and the 

coordination amongst muscles will also be affected. Therefore, the goal of this proof of 

concept methodological research was to develop a sensory feedback tool to evaluate and 

purposefully modify the coordination between muscles in real-time. To attain this goal we 

aimed to accomplish two objectives, (1) develop a system able to record, evaluate and 

distinguish differences in muscle coordination in real-time and (2) facilitate the purposeful 

manipulation of muscle coordination by providing real-time feedback based on differences 

in muscle coordination. 
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Principal component analysis (PCA) has been an increasingly utilized method for 

both muscle coordination (Blake and Wakeling, 2012; Blake et al., 2012; Enders et al., 

2014; Wakeling and Horn, 2009; Wakeling et al., 2010) and movement analysis (Astephen 

et al., 2008; Dillmann et al., 2014; Dona et al., 2009; Federolf et al., 2013; Federolf et al., 

2014; Muniz and Nadal, 2009; Troje, 2002; Young and Reinkensmeyer, 2014). It is 

predominantly employed as a data reduction tool for large multivariate data sets in order 

to extract the predominant features. This makes PCA particularly attractive for muscle 

coordination and movement analysis during repetitive, cyclical actions since it can identify 

the common underlying features. For example, PCA has been used to distinguish gender 

using muscle excitation (von Tscharner and Goepfert, 2003), distinguish gender and age 

through differences in gait kinematics (Troje, 2002), identify key movement patterns of 

successful race walking (Dona et al., 2009), diving technique (Young and Reinkensmeyer, 

2014) and alpine ski racing technique (Federolf et al., 2014) as well as muscle coordination 

patterns for relative efficiency (Blake and Wakeling, 2012; Blake et al., 2012) and power 

production (Wakeling et al., 2010) during cycling. Therefore, PCA should be sufficiently 

sensitive to include in a biofeedback system to distinguish muscle coordination patterns 

used in different techniques during cyclic movements, such as walking and cycling, as well 

as muscle coordination patterns used to reach specific outcome goals, such as greater 

mechanical efficiency.  

5.2. Methods 

As mentioned in previous chapters, cycling on a stationary ergometer is an 

appropriate mode to investigate the manipulation of muscle coordination as it provides 

constrained limb movement and workload and crank velocity can be uncoupled during 

cycling (Wakeling and Horn, 2009; Wakeling et al., 2006). Thus cycling is a good model 

to account for the effects of workload and cadence on muscle excitation and muscle 

coordination. Therefore in this proof of concept study the biofeedback system was 

designed and constructed to evaluate muscle coordination patterns while cycling. In 

addition, the subjects selected had a background in cycling specific training so that they 

could adapt to different pedaling techniques and maintain a constant cadence and 

workload for the full duration of the test.   
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The biofeedback system was developed in LabView (National Instruments, Austin, 

TX) and two features of it were tested: (1) the sensitivity and ability of the system to 

correctly identify differences in muscle coordination in real-time and (2) the efficacy of the 

system for manipulating muscle coordination.  

5.2.1. Electromyography 

Muscle excitation was monitored continuously from 10 leg muscles (tibialis anterior 

(TA), medial gastrocnemius (MG), lateral gastrocnemius (LG), soleus (Sol), vastus 

medialis (VM), rectus femoris (RF), vastus lateralis (VL), semitendinosus (ST), biceps 

femoris (BF) and gluteus maximus (GM)) using surface electromyography (EMG). The 

skin was prepared with the removal of hair and dead skin and subsequently cleaned using 

isopropyl wipes. The EMG signals were monitored through bipolar electrodes (Ag/AgCl 

surface electrodes with 10 mm diameter and 21 mm spacing: Norotrode; Myotronics, Kent, 

WA) fixed to the skin. The EMG signals were amplified close to the electrode site (gain 

1000), band-pass filtered (bandwidth 10-500 Hz:  Biovision, Wehrheim, Germany) and 

recorded at 2000 Hz (16-bit analog to digital converter: USB-6210; National Instruments, 

Austin, TX).  

5.2.2. System Sensitivity – General Overview 

The sensitivity of the biofeedback system to correctly identify specific muscle 

coordination patterns was tested first. A subject-specific muscle coordination reference 

space was established using four pedaling techniques focused on different aspects of the 

pedal cycle: (1) Regular - regular cycling, (2) Down - pushing down on the pedal during 

the downstroke, (3) Bottom - applying force perpendicular to the crank arm at the bottom 

of the pedal cycle and (4) Early - applying force down on the pedal as early as possible 

during the down stroke. A reduced muscle coordination subspace was then determined 

that best represented the differences in muscle coordination patterns of the four different 

pedaling techniques. Finally, while cycling, the muscle coordination pattern for each new 

pedal cycle was processed and categorized into one of the four techniques based on its 

similarity to the reference muscle coordination space. The sensitivity was calculated as 

the percentage of pedal cycles correctly identified by the system. 
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5.2.3. System Sensitivity - Technical details 

After a 10 minute warm-up, the subject cycled at a fixed, self-selected resistance 

and cadence, which they felt confident they could maintain continuously for a minimum of 

40 minutes, for 200 pedal cycles per pedaling technique. The subject was then asked to 

perform the four pedaling techniques in random order.  

The EMG signals for each muscle were processed cycle-by-cycle by subtracting 

the mean, applying a 4th order Butterworth band-pass filter (11-430 Hz), squaring the 

signal, applying a 2nd order Butterworth low-pass filter (10 Hz) then interpolating to 50 

points per muscle. This process was applied to attain a smooth trace of muscle excitation 

for each muscle for each cycle similar to the total EMG intensities previously calculated 

using wavelet techniques (Blake et al., 2012; von Tscharner, 2000; Wakeling and Horn, 

2009). Initially the system incorporated wavelets to replicate these previous studies, but 

the process described above provides similar results with substantial improvements in 

computational efficiency. The muscle coordination pattern for each cycle was therefore 

composed of the 500 points of processed EMG (50 points per muscle * 10 muscles). 

PCA was used to identify the primary muscle coordination patterns as has 

previously been described (Blake and Wakeling, 2012; Blake et al., 2012; Wakeling and 

Horn, 2009). Briefly, eigenvectors and their corresponding eigenvalues were calculated 

from the covariance of the matrix constructed of 500 processed EMG points per cycle by 

800 cycles (200 cycles per pedal technique). The eigenvectors represent principal 

component (PC) weightings and the corresponding eigenvalues indicate the amount of 

muscle coordination variability represented by that eigenvector. The product of the 

transpose of the matrix of eigenvectors (PC weightings) and the original matrix (500 EMG 

points x 800 cycles) determines the loading scores of each cycle on each PC. Therefore 

there was one loading score for each of the 800 cycles, for each PC, and the mean and 

standard error of the mean (S.E.M.) loading score per pedal technique was calculated for 

each of the first 10 PCs. If the mean ± S.E.M. loading score of any one pedal technique 

was distinct from all other technique’s mean ± S.E.M. for a particular PC, the PC was 

selected and the group of PC’s that fit this criteria collectively formed a subspace used in 

the subsequent analysis.  
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After a 10-minute break the subject cycled at the same resistance and cadence for 

one minute at each pedal technique in random order five times (20 minutes total) in a 

randomized block design such that all techniques were completed in each block. EMG 

signals from each muscle for each cycle were processed in the same manner as described 

above and added to the reference set of muscle coordination patterns. PCA was 

completed on this new data set (500 EMG points x 801 cycles) and a new set of 

eigenvectors were determined, which were subsequently transformed back onto the 

reference eigenvectors with the same transformation applied to the loading scores, 

including the current cycle. This methodology is similar to the calculation of an EMG 

normalcy score used to quantify muscle dysfunction in children with cerebral palsy 

(Wakeling et al., 2007). An example of the PCA determination and subsequent 

transformation is shown in Figure 5.1. The loading scores for each PC were further 

processed by subtracting the mean and dividing by the standard deviation of the loading 

scores for that PC so that each PC was weighted equally in the subsequent analysis.  
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Figure 5-1. A two-dimensional example of the PCA determination, 
transformation and feedback.  

(A) Blue data points represent the reference set with the corresponding PC weightings (top left) 
for PC1 (blue solid line) and PC2 (blue dashed line). When new data points are added (X) to the 
reference, for example a new pedal cycle, new PC weightings are determined (red lines). Each 
data point has a corresponding loading score for each PC (top right). When the new data points 
are added (red X), and new PCs determined (red lines), all data points are represented relative to 
the new PCs (red data). The loading scores can then be transformed into the reference space 
(blue lines and blue data points). The mean high (H) and low (L) relative efficiency data points are 
shown and the distance between these points is labeled the maximum distance (bottom right). 
Visualization of the Feedback Distance calculated for each pedal cycle can be seen in the bottom 
right where the distance is determined to H, after it has been transformed into the reference 
(blue). (B) The feedback shown to the participant is in the form of a sliding bar where the 
Feedback Distance is relative to the maximum distance. Feedback Distance is shown in grey as 
the goal is to move the slider to the right, thus decreasing the distance to H. 

Each pedal cycle had a loading score for each of the PCs, and this included the 

current cycle. The distance of the current cycles’ loading scores to the mean loading 

scores for each pedal technique were calculated only for the PCs retained (as described 

above) by taking the square root of the sum of square differences between the mean 
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loading score and the current cycle loading score (for example see Figure 5.1). The total 

distance of the current cycle to each pedal technique was subsequently calculated as the 

sum of the individual distances calculated for each of the retained PCs (Figure 5.1). The 

pedal technique with the smallest distance to the current cycle was assumed to be the 

actual pedal technique. The sensitivity of the system to identify the muscle coordination 

patterns used in each pedal technique was determined as the percentage of correctly 

labeled cycles across the entire trial.  

5.2.4. Muscle Coordination Manipulation – General Overview 

The ability of the biofeedback system to facilitate the manipulation of muscle 

coordination was tested in a different and separate test. As with the sensitivity testing, a 

subject specific muscle coordination reference space was established and a subspace 

was extracted using PCA. The reference subspace was based on muscle coordination 

patterns generating high and low relative mechanical efficiencies. During a steady-state 

cycling trial, the muscle coordination pattern for each new pedal cycle was processed and 

compared to the muscle coordination patterns eliciting high and low relative mechanical 

efficiencies. Visual feedback was presented to the subject cycle-by-cycle based on the 

muscle coordination comparison and the overall ability of the system to elicit purposeful 

changes in muscle coordination was evaluated over time (Figure 5.1B).   

5.2.5. Muscle Coordination Manipulation - Technical details 

This test was completed by four subjects where the third and fourth subjects 

completed a modified protocol from the first two subjects. For the test, after a 10 minute 

warm-up, all subjects selected a resistance and cadence to be used for the duration of the 

test that they felt confident they could maintain continuously for a minimum of 40 minutes. 

The third and fourth subjects then completed 10 minutes of continuous cycling followed 

by 10 minutes of rest before completing the same protocol as the first two subjects. All 

subjects then completed a total of 1000 pedal cycles using five different pedaling 

techniques in a randomized block design (100 cycles for each technique randomized into 

two blocks). Four of the techniques were the same as in 5.2.2. above (Regular, Down, 

Bottom and Early) with the fifth technique focused on Smooth crank rotation.  
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The EMG signals for each muscle were processed cycle-by-cycle in the same 

manner described above to attain 50 EMG points per muscle per cycle. The total amount 

of EMG per cycle was calculated as the sum of the 500 processed EMG points (50 per 

muscle). Relative mechanical efficiency was then calculated cycle-by-cycle as the ratio of 

mechanical power output measured at the pedals (Powerforce, Radlabor, Freiburg, 

Germany) to total EMG (Blake and Wakeling, 2013; Wakeling et al., 2011). The relative 

mechanical efficiency was calculated using the mechanical power output of only the right 

leg since subjects quickly learned that they could cycle predominantly with the left leg to 

maintain power and reduce total EMG (measured from the right leg), thereby increasing 

the apparent relative efficiency, during pilot testing. PCA was applied to the matrix 

composed of 500 EMG points per cycle for those 1000 cycles to determine the PC 

weightings and loading scores with one loading score for each cycle for each PC. The 

pedal cycles with the highest and lowest five percent relative mechanical efficiencies (50 

cycles for each group) were extracted and the mean ± S.E.M. loading scores for the high 

and low relative efficiency groups were determined for the first 10 PCs. The PCs displaying 

distinct mean ± S.E.M. between the high and low relative efficiency groups were selected 

for use in the subsequent testing and analysis.  

After a 10 minute break the subjects cycled for 10 minutes at the same cadence 

and resistance, and therefore power output, at each of two feedback conditions presented 

in random order with a minimum 5 minutes rest between. The EMG signals were again 

processed cycle-by-cycle as described above, added to the reference muscle coordination 

patterns and PCA was completed on the new data set (500 EMG points x 1001 cycles) to 

obtain a new set of eigenvectors and loading scores. A transformation was then applied 

to the new eigenvectors and loading scores to transform them back onto the reference 

space. The distance of the loading score for the current cycle to the mean loading score 

of the high relative efficiency cycles was calculated for each of the selected PCs and the 

sum of these distances was deemed the distance from the high relative efficiency muscle 

coordination patterns. The PCA, transformation and distance calculations are similar to 

those used to quantify muscle dysfunction in children with cerebral palsy (Wakeling et al., 

2007) and a visual example using two PCs can be found in Figure 5.1. As with the 

sensitivity testing, the loading scores for each PC were processed by subtracting the mean 

and dividing by the standard deviation of the loading scores for that PC and the distance 
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was calculated as the square root of the sum of square difference between the mean high 

relative efficiency loading score and the loading score for the current cycle. Feedback 

Distance (Figure 5.1) was calculated as the sum of the distances of each PC.   

Visual feedback was given to the subject based on two different sources. (1) The 

total distance across all selected PCs of the loading scores for the current cycle to the 

mean high relative efficiency loading scores (Feedback Distance). This Feedback 

Distance was expressed as a percentage of the distance between the mean low relative 

efficiency loading scores and the mean high relative efficiency loading scores (Figure 5.1). 

(2) Random feedback by selecting a normally distributed number between 1 and 100. The 

subjects were not informed that the feedback was different for the two trials and both visual 

feedback screens looked the same, as a sliding bar with no units (Figure 5.1). The subjects 

were all given the same instruction that “the system is evaluating and providing feedback 

on your cycling technique and that the goal of the task is to move the sliding bar to the 

right as much as possible”.  

5.2.6. Statistics 

During each form of feedback the Feedback Distance (total distance of the loading 

scores for the current cycle to the mean loading scores for the high relative efficiency 

cycles) was calculated and used to evaluate the efficacy of the system to facilitate the 

purposeful manipulation of muscle coordination. In addition, the 10 minute continuous 

cycling completed after the warm-up by the third and fourth subjects was post processed 

through the biofeedback system pedal cycle-by-pedal cycle to calculate the Feedback 

Distance using the same reference space used during the feedback trials. 

The ability of the system to elicit purposeful changes in muscle coordination was 

assessed using the Mann Kendall non-parametric test statistic to evaluate if a significant 

decreasing trend existed for Feedback Distance for each source of feedback. In addition, 

a one-tailed t-test was used to evaluate if there was a significant decrease in Feedback 

Distance between the first and the last minute of each trial. Statistical significance was 

assessed at P < 0.05. 
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It was apparent that the first two subjects were able to reach and maintain a 

minimum Feedback Distance for approximately 2-3 minutes during the biofeedback trial 

(Figure 5.2). Therefore, the two minute block with the lowest mean Feedback Distance 

was extracted from the biofeedback trial for the third and fourth subjects. From these two 

minute blocks the percentage of pedal cycles with Feedback Distances within 10% of the 

mean high relative efficiency loading scores were determined. This percentage was then 

compared to the percentage of pedal cycles with Feedback Distances within 10% of the 

mean high relative efficiency loading scores for the 10 minute continuous cycle completed 

at the beginning of the test by the third and fourth subjects.  

5.3. Results 

5.3.1. System Sensitivity 

The biofeedback system was able to correctly identify the intended pedaling 

technique in approximately 83% of the cycles (correct identification during each pedaling 

technique was 83.67% Regular, 86.36% Down, 87.44% Early and 75.43% Bottom) and 

was able to process and give feedback in real-time for all cycles. The percentage of 

correctly identified techniques increased to 90% (89.55% Regular, 93.50% Down, 95.90% 

Early and 82.50% Bottom) when the first five cycles after a technique transition were 

removed. 

5.3.2. Muscle Coordination Manipulation  

All subjects showed significant decreasing trends in Feedback Distance across the 

entire trial when biofeedback of the muscle coordination was provided (p < 0.0001 for 

three subjects and p = 0.0369 for one subject), while three subjects showed no significant 

decreasing trend with random feedback with one subject did show a decreasing trend (p 

= 0.0095).  In addition, there was a significant decrease in Feedback Distance from the 

first to the last minute of the trials with biofeedback for all subjects (p < 0.0001) and no 

significant decrease with random feedback (subject 1, p = 0.6247; subject 2, p = 0.9635; 

subject 3, p = 0.7177; subject 4, p = 0.1057).  
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Subjects 3 and 4 had 4.37% and 5.02%, respectively, of all pedal cycles within 

10% of the mean high relative efficiency loading scores when cycling for 10 minutes 

continuous. During the biofeedback trial subjects 3 and 4 had 6.35% and 17.50%, 

respectively, of the pedal cycles during the two minute block with minimum mean 

Feedback Distance within 10% of the mean high relative efficiency loading scores.  

 

Figure 5-2. Distance of the muscle coordination for each pedal cycle to the high 
relative efficiency muscle coordination patterns over the duration of 
the trial. 

A 60 second moving average showing Feedback Distance for each subject during the 
biofeedback (left) and random feedback (right) trials. Subjects 1 and 3 completed the biofeedback 
trial first and subjects 2 and 4 completed the random feedback trial first. Values have been 
normalized so that all trials start at the same point in order to highlight the trend over the duration 
of trials. 

For all subjects the difference between the muscle coordination patterns eliciting 

high and low relative efficiencies were primarily reliant on excitation in TA, VM, RF and VL 

(Figure 5.3). The first two subjects showed increased excitation in TA with increased 

relative efficiency and timing shifts in VM, RF and VL to earlier in the pedal cycle to reduce 

excitation of these muscles in the second half of the down stroke of the pedal cycle. The 

third subject showed an increase in RF and decrease in VL and VM excitation with 

increased relative efficiency, while the fourth subject showed an increase in TA during the 

upstroke and a decrease in most other muscles during the downstroke with increased 

relative efficiency. 

The pedaling technique compositions of the high and low relative efficiency 

reference sets for all subjects were distributed amongst all of the pedaling techniques 

(Figure 5.3). For example, the high relative efficiency reference set for the first subject was 

composed of 58.33% Smooth, 25.00% Regular, 10.42% Bottom and 6.25% Early focused, 
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while the high relative efficiency reference set for the second subject was composed of 

35.42% Bottom, 31.25% Down, 18.75% Early, 12.50% Regular and 2.08% Smooth 

(Figure 5.3).  
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Figure 5-3. High and low relative efficiency pedaling technique distributions and 
corresponding muscle coordination patterns for each subject. 

(A) Relative distribution of pedaling techniques (Regular - regular cycling, Down - pushing down 
on the pedal during the down stroke, Bottom - applying force perpendicular to the crank arm at 
the bottom of the pedal cycle, Early - applying force down on the pedal as early as possible 
during the down stroke and Smooth - smooth crank rotation for the pedal cycle) for the high and 
low relative efficiency references for each subject. (B) PCA reconstructions of the muscle 
coordination patterns for the high relative efficiency references for each subject (muscle excitation 
across one pedal cycle rotation for the ten muscles, tibialis anterior (TA), medial gastrocnemius 
(MG), lateral gastrocnemius (LG), soleus (Sol), vastus medialis (VM), rectus femoris (RF), vastus 
lateralis (VL), semitendinosus (ST), biceps femoris (BF) and gluteus maximus (GM)). Each 
muscle coordination pattern was calculated as the sum of the products of each PCs weighting 
(eigenvector) and the mean loading scores for the high and low relative efficiency cycles for those 
PCs used in the analysis (see methods), except PC1. PC1 was excluded as it was similar to the 
mean coordination pattern for each group of pedal cycles (high and low) and thus the other PCs 
highlight the muscle coordination changes relative to PC1. 

5.4. Discussion 

The results support the objectives of this proof of concept study showing that the 

biofeedback system was able to: (1) record, evaluate and distinguish differences in muscle 

coordination in real-time and (2) facilitate the purposeful manipulation of muscle 

coordination using real-time biofeedback. 

5.4.1. Development Challenges 

The development of a system sensitive enough to detect changes in muscle 

coordination in subjects with a background in cycling training presented a challenge as 

there is less variability in trained versus novice cyclists (Chapman et al., 2008). The 

sensitivity of PCA to distinguish the primary changes in muscle coordination using a 

reference frame constructed from a pool of cyclists, as was originally intended, was not 

appropriate since it only identified that the coordination was different from the reference. 

In other words the sensitivity of PCA was adequate to identify that the cyclist was different 

from the reference cyclists, but not sufficient to identify differences with respect to a 

specific outcome, since there is more variability in EMG between subjects than within the 

same subject (Dorel et al., 2008). Therefore, PCA was only a suitably sensitive tool to 

divide the data based on the variability and relate that variability to differences in the 

intended outcome, relative mechanical efficiency or pedal technique, when using a subject 

specific reference that better reflected the muscle coordination of the individual.   
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Successful implementation of the biofeedback system to meet the first objective of 

processing and evaluating muscle coordination in real-time was limited by computational 

efficiencies. The system was able to process and evaluate muscle coordination on a cycle-

by-cycle basis when the EMG signals were processed without, and not with, wavelet 

techniques. The EMG was originally processed into intensities using wavelet techniques 

(Blake and Wakeling, 2012; Blake et al., 2012; Wakeling and Horn, 2009; Wakeling et al., 

2006) and PCA was used to extract the primary muscle coordination patterns (Blake and 

Wakeling, 2012; Blake et al., 2012; Wakeling and Horn, 2009) in order to be consistent 

with the methodologies used in previous studies. Processing EMG using wavelets and 

PCA required computationally intensive transformations on 10 sets of data, sampled at 

2000 Hz, at approximately 1-2 Hz when pedaling at 60-120 r.p.m.. Preliminary testing 

indicated this was not possible with the computer used (Windows 7, quad core processor 

at 3.20GHz with 8GB RAM) and more computationally efficient methods were needed. To 

process the EMG in a computationally efficient manner, and simulate the wavelet 

techniques, the EMG signals were: band-pass filtered, using the same bandwidth as the 

wavelets; squared, since EMG intensity is similar to the power of the signal; and low pass 

filtered to obtain a smooth envelope of the signal similar to an intensity trace. Provided the 

reference set was not too large, using the smoothed envelope to represent muscle 

excitation in combination with PCA proved to be an adequate solution to process the data 

in real-time, cycle-by-cycle. It is possible that the exact nature of EMG processing can be 

revisited with a faster computer processor and/or using a more computationally efficient 

computer coding environment.  

Additional computational time constraints were encountered when using PCA with 

a reference frame that was too large. PCA was applied each pedal cycle to calculate new 

eigenvectors, eigenvalues and loading scores, which were subsequently transformed 

back into the reference frame (for example see Figure 5.1). PCA was therefore applied to 

the entire reference each pedal cycle. Preliminary testing showed that PCA computations 

were consistently completed in real-time using a reference frame of 1000 pedal cycles, 

even at cadences exceeding 120 r.p.m., while larger references frames did not and 

therefore 1000 cycles was selected and successfully used. 
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5.4.2. System Sensitivity   

Several testing sessions were necessary to overcome the challenges encountered 

during the development stages (mentioned above). Once the system was successfully 

able to process the data in real-time and correctly identify more than 80% of the pedal 

cycles we progressed to testing the system’s ability to manipulate muscle coordination. 

Therefore, only one subject was fully tested, and reported here, for the system sensitivity 

with the understanding that if the biofeedback testing was unsuccessful, the system 

sensitivity would be revisited.  

The biofeedback system was sensitive enough to correctly identify the pedaling 

technique based on the muscle coordination patterns in approximately 83% of the pedal 

cycles. The sensitivity assumes that the correct pedaling technique was known, but in this 

study it was not possible to be certain the subject applied the same technique each cycle. 

For example, when transitioning to a new technique the system correctly identified the 

pedaling technique in 80% of the cycles, as determined from the first five cycles after the 

pedal technique was changed. The sensitivity of the system improved to 90% when these 

five cycles were excluded and shows that the subject needed time to transition from one 

technique to the next and highlights the sensitivity error when assuming the technique is 

known. 

5.4.3. Muscle Coordination Manipulation 

The results also support the second objective to facilitate the purposeful 

manipulation of muscle coordination using real-time biofeedback. There was a statistically 

significant trend towards improved muscle coordination patterning using PCA based 

feedback that was not present in the random feedback condition. The general trend was 

assessed using the Mann Kendall statistic as there was considerable cycle-to-cycle 

variability in muscle coordination, assessed through the loading score distances, as the 

subjects responded to the different forms of feedback (Figure 5.2).   

In movement there is variability that adds noise to attributes such as the kinematics 

(Vereijken et al., 1997; Wilson et al., 2008) and muscle coordination (Chapman et al., 

2008; Dorel et al., 2008), even in the most skilled subjects (Bartlett et al., 2007). Variability 
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is important in movement (Fetters, 2010; Preatoni et al., 2013; Van Emmerik et al., 2005), 

yet it can disguise underlying features that are important for successful movement patterns 

(Preatoni et al., 2013). It was therefore critical to find a means to extract both the sources 

of variability that contribute to the movement outcome and the underlying features of 

successful movement. The variability within the muscle coordination patterns was 

extracted and partitioned using PCA as this has been successfully used for muscle 

coordination (Blake and Wakeling, 2012; Blake et al., 2012; Enders et al., 2014; Wakeling 

and Horn, 2009; Wakeling et al., 2010) and movement analysis (Astephen et al., 2008; 

Dillmann et al., 2014; Dona et al., 2009; Federolf et al., 2013; Federolf et al., 2014; Muniz 

and Nadal, 2009; Troje, 2002; Young and Reinkensmeyer, 2014). The variability of the 

muscle coordination patterns that contribute to overall relative mechanical efficiency of 

limb movement were also successfully identified using PCA. Using the variability of muscle 

coordination that contributed to relative mechanical efficiency, the manipulation of muscle 

coordination towards the coordination identified as eliciting higher relative efficiencies 

occurred (Figure 5.2), thus showing that PCA was a good tool for this objective.  

The subjects were not given any information regarding the specific performance or 

features of muscle coordination variability that contributed to the higher relative 

mechanical efficiency reference set, or their cycle-by-cycle muscle coordination, as the 

feedback source was blinded and the biofeedback was a general singular value. Specific 

performance feedback of the muscle coordination would likely be inadequately conveyed 

cycle-by-cycle given the high cycle frequencies used during the trials (~1.5 Hz). Without 

specific muscle coordination information the biofeedback system still showed a systematic 

and purposeful change in muscle coordination (Figure 5.2). Therefore it is reasonable to 

suggest that muscle coordination can be purposefully altered using biofeedback from 

EMG without explicit instruction about the individual muscle excitation or the muscle 

coordination. The use of a singular value for the biofeedback was therefore justified, since 

it produced significant changes in muscle coordination, and suggests that using the 

biofeedback system as a training tool to purposefully elicit changes in muscle coordination 

is a reasonable prospect and direction for future studies.  

It is unclear how much time is needed to elicit changes in muscle coordination 

using biofeedback from EMG. The rate of change of the muscle coordination appears to 
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have started to plateau at approximately 180 seconds for the first two subjects 

(approximately 279 and 240 pedal cycles for subject 1 and subject 2, respectively, given 

the average cadences of 93 and 80 r.p.m.), while the third and fourth subjects needed 

more than 400 seconds (Figure 5.2). It is unknown if the changes in muscle coordination 

would appear earlier in subsequent trials from a learning effect, but this would be a 

desirable outcome such that the biofeedback system could elicit changes in muscle 

coordination more rapidly over repeated trials. Reductions in the time taken to see 

changes in muscle coordination is therefore another area of interest for future 

experiments.  

One potential limitation of the biofeedback system would be if the reference set 

was composed entirely or predominantly of one pedaling technique, especially if it was 

regular cycling. The biofeedback system would then be manipulating the subject towards 

that one pedaling technique, which could be accomplished without the use of the 

biofeedback system. In this study the first two subjects did not have a reference dominated 

by regular cycling thus implying that the muscle coordination used during regular cycling 

was not the most efficient technique. Both subjects’ reference sets were composed of a 

mixture of pedaling techniques (Figure 5.3) such that the biofeedback system was 

manipulating the subjects towards the common features of these techniques that relate to 

increased relative mechanical efficiency. We therefore conducted tests on two more 

subjects (subjects 3 and 4) to compare the proportion of pedal cycles that were close to 

the desired muscle coordination during regular cycling to the proportion achieved during 

the biofeedback trial. Both subjects showed in increase in the proportion of cycles near 

the desired muscle coordination thus showing that cycling with the biofeedback system 

was more effective at changing muscle coordination towards the desired coordination 

pattern than simply cycling regularly. In addition, the mixed nature of the reference sets 

provides support for the use of different pedaling techniques to create the reference as 

they provided the necessary variability in muscle coordination related to relative 

mechanical efficiency that would not be found using just regular cycling.  

Trial order presents a limitation to the interpretation of the results. The second and 

third subjects completed the random feedback trial first and showed no consistent change 

in Feedback Distance, and therefore no consistent change in muscle coordination. In 
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contrast the first and fourth subjects completed the random feedback trial second and 

displayed some carryover learning effects from the biofeedback trial. At the beginning of 

the random feedback trial the Feedback Distances were similar to the distances observed 

at the end of the biofeedback trial. Also, during the first portion of the random feedback 

trials both subjects verbally expressed that they tried to change their cycling technique, 

did not get the response anticipated and subsequently altered their cycling towards the 

successful cycling reached during the biofeedback trial. The alteration in cycling technique 

can be visualized in the Feedback Distance over time where there was a systematic 

decrease after approximately 250 and 75 seconds for subjects 1 and 4, respectively 

(Figure 5.2).   

5.5. Conclusion 

This proof of concept methodological study delivers the tools and methodology for 

a biofeedback system able to purposefully manipulating muscle coordination in real-time 

during movement. The purposeful manipulation of muscle coordination is in contrast to 

previous methodologies that have focused on the manipulation of single muscle and thus 

offers an alternative to help ensure the changes in muscle excitation are appropriate to 

reach the desired movement outcome. Therefore this study provides a valuable tool for 

future studies to investigate the motor learning and retention capabilities of biofeedback 

manipulation with applications in areas focused on the manipulation of muscle excitation. 
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Chapter 6. Discussion  

This research delivers a tool and methodology capable of purposefully 

manipulating muscle coordination in real-time during movement. Previous research and 

methodologies have focused on the manipulation of excitation in a single muscle (Koh et 

al., 2008; Moreland et al., 1998; Nestoriuc et al., 2008) with no regard for the consequence 

that changing one muscle will have an effect on other muscles involved in the movement. 

In this regard, the manipulation of muscle coordination, amongst a group of muscles 

participating in a movement, provides an alternative method to help ensure the changes 

are appropriate to reach the desired movement outcome. Therefore this research provides 

a valuable tool and methodology with future applications in areas focused on the 

manipulation of muscle excitation to reach a desired outcome such as rehabilitation and 

sport performance.  

 To attain the goal of purposefully changing muscle coordination it was necessary 

to complete several intermediary stages that link the current muscle coordination to the 

desired muscle coordination. Therefore, to purposefully change muscle coordination it was 

important to determine the desired movement outcome, the current and desired end state 

of the muscle coordination and the factors that influence the relationship between the 

desired movement outcome and muscle coordination. In addition to the successful 

development of the biofeedback system, there are a few major findings from this research. 

(1) In chapter 2 we showed that muscle excitation of a large number of muscles 

provides a good estimate of changes in metabolic power during dynamic activities (Blake 

and Wakeling, 2013). Muscle excitation thus provides a method to monitor the impact of 

different muscle coordination strategies on metabolic power, and therefore the relative 

mechanical efficiency, making it a suitable movement outcome for the biofeedback 

system.  

(2) In chapters 3 and 4 we found that muscle and muscle fibre recruitment respond 

to changes in the mechanical demands of the movement (Blake and Wakeling, 2014; 

Blake and Wakeling, 2015) resulting in altered muscle coordination. The changes in 

muscle coordination that minimize muscle excitation during movement occurred at similar 
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increasing cycle frequencies (cadences) for increasing power outputs that maximize 

relative mechanical efficiencies (Blake and Wakeling, 2015). Thus the manipulation of 

muscle coordination facilitated by the biofeedback system will be influenced by the 

imposed mechanical demands and make the biofeedback manipulation more 

physiologically meaningful, and yet more difficult to attain, when the mechanical demands 

are constant at values typically used by cyclists. 

(3) In chapters 3 and 4 we showed that muscle coordination deteriorates when a 

critical cadence is exceeded, resulting in increasing metabolic costs and decreasing 

relative mechanical efficiency, as demonstrated by limits to minimum muscle burst 

duration, longer duty cycles, disproportionate increases in muscle excitation and altered 

slow muscle fibre contributions (Blake and Wakeling, 2014; Blake and Wakeling, 2015). 

Purposeful changes in muscle coordination may therefore be most difficult above a critical 

cadence as there may be less control of muscle coordination. 

(4) In chapter 3 we found evidence that one strategy used to meet the extreme 

demands imposed by high cycle frequencies was preferential recruitment of fast muscle 

fibres. The preferential recruitment of fast muscle fibres was manifested through early 

derecruitment of slow muscle fibres at the end of muscle excitation, as determined from a 

reduction of low-frequency content of the EMG signal at the highest cycle frequencies 

(Blake and Wakeling, 2014). This study provides further evidence of modifications of 

muscle fibre recruitment strategies to meet the mechanical demands of movement and 

indicates that purposefully changing muscle coordination may be most difficult at 

extremely high cycle frequencies.  

6.1. Establishing a Biofeedback Outcome 

Mechanical efficiency, the ability to utilize metabolic power to produce mechanical 

power, is a desirable outcome of many movement tasks, yet an instantaneous 

determination of efficiency during dynamic movements is not yet possible. Mechanical 

power output can be monitored continuously during a cycling task with the development 

of instrumented pedals and crank systems, whereas the temporal resolution of metabolic 

power is limited to the respiration rate when using gas exchange measures. Without a 
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higher temporal resolution measurement of metabolic power it is not possible to determine 

what changes in muscle coordination result in increased efficiencies since pedal and gait 

cycles can occur at much higher frequencies than the respiration rate during these 

dynamic tasks.  

Metabolic rates have been shown to increase as much as 21 times above resting 

levels in trained cyclists (Astrand and Rodahl, 1986), which can primarily be attributed to 

the demands of the active muscles since the energy utilized by the working muscles 

reflects the changes in pulmonary oxygen uptake (Poole et al., 1992). Therefore, 

information about changes in metabolic power must be contained in the EMG signal, since 

EMG can monitor muscle excitation of the active muscles and can change considerably 

during such dynamic movement tasks. Establishing a scientifically meaningful relationship 

between metabolic power and EMG was therefore one of the primary aims of this research 

such that EMG could be used as a proxy for metabolic power in the calculation of relative 

mechanical efficiency. Estimating changes in metabolic power and relative mechanical 

efficiency using EMG is desirable as it provides a means to evaluate the metabolic impact 

of different muscle coordination strategies, which is especially valuable for a biofeedback 

system that aims to purposefully manipulate muscle coordination in real-time based on 

relative mechanical efficiency. 

The results from chapter 2 present evidence that muscle excitation monitored 

using EMG does indeed provide good estimates of changes in metabolic power during 

dynamic activities, at a higher temporal resolution than has previously been established 

(Wakeling et al., 2011), while also including non-steady-state conditions. Muscle excitation 

monitored through EMG, therefore, provides a good alternative to gas exchange 

measures, at a higher temporal resolution, to evaluate changes in metabolic power (Blake 

and Wakeling, 2013). The determination of an instantaneous measure of metabolic power 

remains elusive, but the results suggest that cycle-by-cycle EMG intensity with a time 

resolution of approximately 0.70 seconds would offer a reasonable estimate of the V̇O2 

kinetics and therefore the metabolic power. Estimating changes in metabolic power using 

muscle excitation is not only important for the biofeedback system, but is also a valuable 

tool for studies employing EMG during movement. 
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6.2. Establishing a Biofeedback Reference Frame 

To manipulate muscle coordination it was essential to know both the current and 

desired end states of muscle coordination as well as the factors that influence the changes 

in muscle coordination. Evidence from chapter 4 showed that the primary factors that 

affected muscle coordination were the imposed mechanical demands and those demands 

in turn affected desired movement outcomes such as relative mechanical efficiency and 

power output (Blake and Wakeling, 2015). In this regard, the research findings in chapters 

3 and 4 provide valuable insights into the muscle coordination responses, in particular the 

muscle excitation and muscle fibre recruitment, to changing mechanical demands and the 

subsequent impact on relative mechanical efficiency and power output.  

It might be hypothesized that muscle coordination patterns that maximize relative 

efficiency would share a common underlying pattern and be scaled based on the 

mechanical demands of the movement, yet chapter 4 provides evidence that the muscle 

coordination that maximizes relative efficiency differs with the mechanical demands (Blake 

and Wakeling, 2015). The differences in muscle coordination occurred because muscle 

excitation responses to alterations in mechanical demands differed for each muscle, as 

has also been shown for the muscle excitation responses to force or workload (Ericson, 

1986; Hug and Dorel, 2009; Hug et al., 2004b; Lawrence and De Luca, 1983), and were 

dependent on an interactive effect of workload and cadence (MacIntosh et al., 2000). 

Therefore the relative amount of muscle excitation, amongst the active muscles, differed 

with the mechanical demands of the task. Also, the mechanical contribution of each 

muscle to the limb movement was effectively altered since the muscles did not apply force 

at the same location in the pedal cycle as the mechanical demands changed (Samozino 

et al., 2007). Therefore the results suggest that a simple way to change muscle 

coordination and shift the emphasis towards different muscles is to change the mechanical 

demands, but this strategy neglects a desirable outcome of increasing movement 

efficiency when the mechanical demands remain constant. Thus a more complex problem 

arises when attempting to manipulate muscle coordination to attain increased relative 

efficiencies when the mechanical demands remain fixed. 
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Despite alterations in muscle coordination as the mechanical demands changed, 

some commonalities were discerned in chapter 4 when exploring the muscle coordination 

patterns for increased relative mechanical efficiencies. Maximum relative efficiency 

occurred at increasing cadences for increasing power outputs (Böning et al., 1984; Coast 

and Welch, 1985; Foss and Hallén, 2004; Hagberg et al., 1981; Seabury et al., 1977) and 

these cadence-power combinations corresponded with minimum EMG intensity (Blake 

and Wakeling, 2015). Also, where maximum relative efficiency occurred there existed 

some consistencies in muscle coordination such as progressive muscle excitation through 

the uniarticulate knee, hip and ankle muscles during the down stroke (Blake and Wakeling, 

2015; Blake et al., 2012) and changes in the timing and recruitment of different muscle 

fibre types in VM, VL and Sol (Blake and Wakeling, 2015). In contrast, reduced relative 

efficiency and elevated muscle excitation were dominated by excitation of bi-articulate 

muscles and TA and GM and larger duty cycles for many muscles. The cadence-power 

combinations where maximum relative efficiency occurred also corresponded with 

minimum ineffective pedal forces thus showing that relative efficiencies could be identified 

in the mechanical output of the movement. Finally, evidence from both the muscle 

coordination and the resulting pedal forces indicates that the top and bottom of the pedal 

cycle are critical to efficiently completing the cycling action (Blake et al., 2012; Leirdal and 

Ettema, 2011), despite the effective force being low at these times (Figure 4.7; Patterson 

et al., 1983; Sanderson, 1991).  

Based on the common features of muscle coordination found in chapter 4 at high 

relative efficiencies, it was assumed that the successful application of the biofeedback 

system to facilitate the manipulation of muscle coordination towards greater relative 

efficiency would result in more cycles with progressive excitation through the uniarticulate 

knee, hip and ankle muscles during the down stroke as well as changes to the muscles 

acting at the top and bottom of the pedal cycle (Blake and Wakeling, 2015). In fact, the 

common features of muscle coordination, with respect to high relative efficiencies and 

established in chapter 5, used by the biofeedback system were focused on increased TA 

excitation and earlier VM, RF and VL excitation relative to the pedal cycle (Figure 5.3). 

The discrepancy of the common features of muscle coordination between chapters 4 and 

5 highlights the difference between changing muscle coordination by changing the 
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mechanical demands and changing muscle coordination at constant mechanical 

demands, as was accomplished by the biofeedback system.  

The muscle coordination patterns found in chapter 4 and muscle fibre recruitment 

found in chapter 3 at the highest cadences were not consistent with those found at lower 

and moderate cadences such that relative mechanical efficiency and power output were 

limited beyond a critical cadence of 120-140 r.p.m. The limitations of muscle coordination 

at these high cadences were underscored by a reduction in the variability of muscle 

coordination, plateauing muscle burst durations (Figure 4.6 & Figure 3.4), longer duty 

cycles (Figure 4.6 & Figure 3.4), disproportionate increases in EMG intensity for most 

muscles (Figure 4.2) and shifts in the frequency content of the EMG (Figure 4.2, Figure 

3.1, Figure 3.3 & Figure 3.5). The reduction in variability of the muscle coordination 

patterns at the highest cadences indicates that fewer muscle coordination patterns were 

being utilized. The other limitations on muscle coordination relate directly to the muscle 

excitation and therefore represent a constraint of the activation-deactivation dynamics of 

muscle resulting in increased negative muscle work, unnecessary co-contraction of 

antagonistic muscle pairs (Josephson, 1999; Neptune and Herzog, 1999; Neptune and 

Kautz, 2001; Van Soest and Casius, 2000), increasing metabolic costs and rapidly 

decreasing relative mechanical efficiency (Figure 4.1D).  

To compensate for the limitations on muscle coordination at such extreme high 

cadences, the findings in chapters 3 and 4 revealed a shift in the frequency content of the 

EMG signal from low to high (Figure 4.2 & Figure 3.1), similar to Wakeling and co-workers 

(2006), a shift in timing of the frequencies (Figures 3.1A, 3.3) as well as additional low 

frequency components at the highest cadence (Figures 3.3, 3.5). The results, therefore, 

indicate that the limitations of muscle coordination were at least partially overcome by the 

preferential recruitment of faster muscle fibres (Citterio and Agostoni, 1984; Gillespie et 

al., 1974; Gollnick et al., 1974; Grimby and Hannerz, 1977; Hodson-Tole and Wakeling, 

2008a; Hoffer et al., 1981; Lee et al., 2013; Wakeling et al., 2006), which was identified 

as occurring through early derecruitment of the slowest muscle fibres, and greater muscle 

excitation, including slow muscle fibres, to achieve the highest cadence (Holt et al., 2014). 

With limited muscle coordination patterns being utilized and constraints on the activation-

deactivation dynamics of the muscles, the possibilities to modify muscle and muscle fibre 
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recruitment for high frequency muscle contractions may be diminished. Therefore 

successful manipulation of muscle coordination for maximum efficiency at high cycle 

frequencies may be unrealistic. A similar argument could be made for muscle coordination 

being optimized for maximum power output where there are likely limited muscle 

coordination patterns available to accomplish the task. 

6.3. Biofeedback Tool 

The biofeedback system presented in chapter 5 represents the successful 

culmination of the research outlined in the preceding chapters and delivers proof of 

concept of a tool that facilitates the purposeful manipulation of muscle coordination in real-

time during movement. Utilizing the findings from chapter 2, the biofeedback system 

employs EMG as a proxy for metabolic power in the calculation of relative mechanical 

efficiency, which allows the system to direct muscle coordination changes towards this 

physiologically relevant movement outcome. The findings from chapter 4 showed that 

relative efficiency is maximized at increasing cadences for increasing power outputs 

(Böning et al., 1984; Coast and Welch, 1985; Foss and Hallén, 2004; Hagberg et al., 1981; 

Seabury et al., 1977) and these cadence-power output combinations correspond to 

minimum muscle excitation. Thus muscle coordination can be manipulated to increase 

relative mechanical efficiency simply by inducing changes to the mechanical demands 

when the cadence-workload combination is not optimal. Muscle coordination cannot be 

manipulated to increase relative mechanical efficiency in this way when the cadence-

workload is optimal, which is why a constant mechanical demand was the initial application 

used and tested by the biofeedback system. Finally, the results from chapters 3 and 4 

reveal a critical cadence beyond which the biofeedback system may be ineffective due to 

muscle excitation and muscle coordination limitations that restrict the number of possible 

muscle coordination strategies.  

The biofeedback system successfully employed PCA to extract the features of 

muscle coordination related to relative mechanical efficiencies and, based on these 

features, provide feedback to elicit changes in muscle coordination in real-time. 

Successful implementation by the biofeedback system of PCA is not entirely surprising 

given the growing use of PCA in different aspects of muscle and movement analysis 
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(Astephen et al., 2008; Blake and Wakeling, 2012; Blake et al., 2012; Dillmann et al., 2014; 

Dona et al., 2009; Enders et al., 2014; Federolf et al., 2013; Federolf et al., 2014; Muniz 

and Nadal, 2009; Troje, 2002; Wakeling and Horn, 2009; Wakeling et al., 2010; Young 

and Reinkensmeyer, 2014). Interestingly, the biofeedback system was able to use PCA 

to elicit these changes without supplying specific, detailed information about the important 

muscle coordination features to the subject. Therefore the biofeedback system was able 

to facilitate the manipulation of muscle coordination without the subject having explicit 

knowledge of the muscle coordination. The success of the biofeedback system without 

this explicit knowledge adds to the practicality of the system for use during the cycling 

movement since detailed feedback would be difficult to adequately process and 

interpreted by the subject in real-time at regular cycle frequencies (~1.5 Hz at cadences 

typical of professional endurance cyclists. (Foss and Hallén, 2004; Lucia et al., 2001; 

Sargeant, 1994)).  

From a practical standpoint, with respect to cycling, there are limitations to the 

efficacy of the biofeedback system as stipulated. For example, changes in muscle 

coordination appear to occur over long periods of focused training, for example a cyclist 

over years of cycle training, as demonstrated by the different muscle coordination patterns 

between novice and elite cyclists (Chapman et al., 2009). Unfortunately, the changes in 

muscle coordination do not necessarily translate to differences in efficiency, measured 

through gas exchange, as there are no significant differences in efficiency between novice 

and elite cyclists (Moseley et al., 2004). With no translation between differences in muscle 

coordination and differences in efficiency, it is questionable whether efficiency is a defining 

factor that differentiates novice from elite cyclists and, therefore, whether efficiency is 

useful as an outcome measure for the biofeedback system. We have found evidence that 

muscle coordination is an important factor that affects relative mechanical efficiency, as 

estimated by the ratio of mechanical power to EMG intensity (Blake and Wakeling, 2012; 

Blake and Wakeling, 2015; Blake et al., 2012), and muscle coordination is less variable in 

trained versus novice cyclists (Chapman et al., 2008). With less variability in muscle 

coordination, the differences in relative efficiency may be attributed to an improved ability 

to maintain muscle coordination patterns that produce less total muscle excitation and 

thereby allow for prolonged cycling bouts at higher power outputs. Therefore alterations 

in muscle coordination that increase relative mechanical efficiency, estimated through 
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muscle excitation, and translate into physiologically relevant changes in cycling 

performance is an open question for future research.  

Regardless of the chosen outcome variable used to direct the alterations in muscle 

coordination, the primary goal of this research was to develop and show proof of concept 

of a biofeedback tool that could evaluate and manipulate muscle coordination and this has 

been accomplished. Whatever the chosen outcome, accelerating the rate of change of 

muscle coordination is a desirable feature of the biofeedback system making it a valuable 

tool for future research and training applications. Future research applications will 

therefore delve into motor learning and retention aspects of the biofeedback system for 

changing muscle coordination with a goal of determining if the biofeedback system can 

elicit faster changes in muscle coordination that result in greater improvements in the 

chosen outcome with a lasting benefit.  

In summary, this research delivers a tool and methodology capable of purposefully 

manipulating muscle coordination in real-time during movement. In particular, this 

research provides a valuable tool and methodology for future studies to investigate motor 

learning and retention capabilities of biofeedback manipulation with future applications in 

areas focused on the manipulation of muscle excitation to reach a desired movement 

outcome such as rehabilitation and sport performance. 
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