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Abstract

Muscle mass significantly shapes skeletal muscle behavior and might partially clarify
why traditional massless Hill-type models struggle to predict larger muscle functions in
dynamic, submaximal contractions. However, the applicability of mass-enhanced Hill-
type models in human locomotion remains unexplored. In my thesis, | compared
predictions of human muscle performance (force, work output) between mass-enhanced
and massless Hill-type models across varied scaled muscle sizes, tasks, and locomotion
conditions. | observed minor but noteworthy mass effects in human-sized muscles
across different tasks and muscles, escalating with scaled muscle mass. These effects
were more pronounced at higher cycling cadences, unaffected by crank loads.
Additionally, increased muscle mass resulted in a reduction in muscle mechanical work

per cycle.

Keywords: skeletal muscle, muscle mechanics, muscle mass, inertia, cyclic

contractions
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Chapter 1.

Effects of muscle mass on muscle function

1.1. The significance of studying skeletal muscle function

Skeletal muscle, the largest organ in the human body constituting approximately
40 % of an individual's body mass (Frontera & Ochala, 2015; Janssen et al., 2000), serves
as the primary contributor to body movement and is also a crucial energy consumer (Zurlo
et al., 1990). Identifying what factors can affect individual muscle function during
movement and understanding how these factors contribute to force production offer
valuable insights into human locomotion. In cases of abnormal movement patterns, this
understanding can be employed to identify specific muscles that may not be functioning
properly (Hicks et al., 2008; Steele et al., 2010), leading to the development of enhanced
movement strategies or treatments (Gomes et al., 2017; Piazza, 2006) and influencing the
design of various assistive devices (Uchida et al., 2016; Grimmer & Seyfarth, 2014;
Federici et al., 2015).

1.2. Why use muscle models to study muscle function?

Compared to external force, which results from the interaction between human
body and its environment and can be quantified using a force measuring instrument,
directly measuring the internal force generated by a muscle poses challenges. One
method involves using a tendon buckle to directly measure the tendon strain induced by
external forces applied to the tendon (Loeb et al., 1985; Walmsley et al., 1978). Assuming
that the external forces are transmitted in series from the internal muscle force, muscle
force could be estimated by this method. However, in cases where multiple muscles
contribute forces to a conjoint tendon, it becomes challenging to measure individual
muscle forces using this method. Additionally, this direct measuring approach is highly
invasive, requiring a surgical procedure to secure the tendon buckle on the tendon, making
it impractical and ethically unsound for application in live human subjects during
movement. Another method for estimating muscle force involves using a dynamometer to
measure external forces or moments produced by muscles (Andrews, et al., 1996).

However, as most of our joints are crossed by more than one muscle, dynamometer-



measured forces and moments are influenced by all muscles crossing the joint. Therefore,
it is not possible to measure individual muscle force using this method. Our current
comprehension of human muscle function during locomotion is often extrapolated from
non-human animal experiments, assuming that muscle properties are conserved across
vertebrates. Alternatively, non-invasive measures such as muscle activity through surface
electromyography (EMG) (Blake & Wakeling, 2014, 2015), muscle shape changes via
ultrasound (Cronin & Lichtwark, 2013; Van Hooren et al., 2020), or magnetic resonance
imaging (MRI) (Asakawa et al.,, 2003) allow indirect inference of the mechanical
behaviours of human muscles. These measures can also serve as inputs for
computational muscle models to predict in vivo muscle forces during dynamic contractions.
Such models have significantly expanded our understanding by simulating experiments
that are challenging or impossible to conduct on real muscles. Moreover, they can be
applied across diverse species, various movement activities, and different hypothetical

scenarios.

1.3. Traditional Hill-type muscle models and their limitations

Traditional one-dimensional (1D) Hill-type muscle models are the most widely-
used muscle models in biomechanics, serving as the representation of muscle actuators
in musculoskeletal models. These models typically consist of a contractile element (CE),
a parallel elastic element (PEE), and a series elastic element (SEE), The CE is related to
muscle fibres generating forces through the cross-bridges forming between the actin and
myosin filaments. Simultaneously, the PEE comprises the passive component of the
sarcomere, contributing to muscle stiffness and resisting stretching. The SEE involves the
passive contributions of the tendon and aponeurosis, transmitting the force generated by
the CE to the tendon (Zajac, 1989). These models offer estimates of muscle forces based
on the muscle activation state and assumed force-length and force-velocity relationships.
They require minimal muscle-specific parameters, and consequently have the strength of

low computational costs and relative operational simplicity.

However, since Hill-type muscle models offer a simplified representation of the
complex physiological mechanisms of muscle contraction, some limitations need to be
considered. For example, the intrinsic properties of these models are derived from
experiments on single fibres or small fibre bundles that are fully activated and constrained

to maintain a steady-state contraction (Zajac, 1989; Thelen, 2003). Consequently, the



accuracy of muscle force predictions by Hill-type models is likely compromised during
submaximal, dynamic muscle contractions in daily functional activities like walking, where
muscle activations, lengths, and velocities vary. Research by Millard and his colleagues
(2013) showed that muscle forces reproduced by Hill-type musculotendon models exhibit
fewer errors under maximally-activated conditions than under submaximally-activated
conditions. Perreault and colleagues (2003) found that the root-mean-squared errors
between measured and modeled forces in cat soleus muscle were higher than 50 % during
natural normal locomotion, characterized by large muscle excursions and submaximal
muscle activation. Similarly, increased modelling errors were observed in goats and
humans during in vivo locomotion (Lee et al., 2013b; Dick et al., 2017). Moreover, Hill-
type models overlook several factors that could impact the predictive accuracy of muscle
function, including the effects of different muscle fibre types (Wakeling et al., 2012),
history-dependent effects (Abbott & Aubert, 1952; Herzog & Leonard, 2000, 2002), muscle
mass effects (Glnther et al., 2012; Ross & Wakeling, 2016, 2021; Ross et al., 2020), and
three-dimensional (3D) effects (Rahemi et al., 2014; Ross et al., 2018, 2021). For example,
many Hill-type models assume a homogenous fibre type within the muscle, despite
muscles being broadly classified into fast and slow fibre types, which have different
activation-deactivation pattern depending on the motor tasks (Lee et al., 2013a; Wakeling,
2004) and may be excited independently or together. Lee and colleagues (2013b)
demonstrated that a Hill-type model incorporating both fast and slow contractile elements
can enhance muscle force prediction in goats during locomotion tasks, resulting in up to

a 37.4 % reduction in root-mean-squared errors compared to a single-element model.

1.4. The effects of muscle mass

The effects of muscle mass have only received attention in recent years. In
traditional Hill-type muscle models, muscles were assumed to be massless, and the
behaviour of the entire muscle was assumed to mimic that of a single muscle fibre. This
assumption came into question when Josephson and Edman (1988) found that the
maximum shortening speed of faster fibres within a fibre bundle was lower than that of
single fibres taken from the same bundle. They suggested that the load from adjacent
fibres might slow the contraction speed of fibres in the whole muscle. Additionally, Holt
and colleagues (2014) found that when fibres within muscle are not fully activated, even if

the active fibres are entirely fast fibres, the muscles contract more slowly compared to



when all the fibres within the muscle are fully activated. The study proposed that inactive
fibres contribute inertial resistance to the contraction of active fibres rather than
contributing force. However, mass effects were only proposed as a potential explanation
and had not been tested in experiments until Glnther and his colleagues (2012)
developed a model incorporating muscle mass effects. This first in silico study found that
the internal mass slows the rate of force development, possibly due to the time it takes for
mass within muscle tissue to move in response to force-generated accelerations (Glnther
et al., 2012). Further in silico simulation experiments using a mass-enhanced Hill-type
model demonstrated that increasing muscle mass reduces the maximum contraction
speeds (Ross and Wakeling, 2016). It also decreases the mass-specific mechanical work
output per cycle of muscles during both simulated (Ross et al., 2018a) and in situ (Ross
et al., 2020; Ross & Wakeling, 2021) cyclic contractions, especially for muscles with a fast
fibre type (Ross & Wakeling, 2021). The efficiency of muscle contraction is also diminished
with increased muscle mass (Ross & Wakeling, 2021). Moreover, three-dimensional
models that account for muscle mass highlight that greater muscle mass leads to
heightened mass-specific internal kinetic energy, increased energy stored in the

aponeurosis, and non-uniform tissue acceleration during contractions (Ross et al., 2021).

If the muscle mass effect is considered negligible, and a larger muscle is assumed
to behave similarly to a small muscle fibre, geometrically scaling up the length of a muscle
to n times its original length would theoretically result in its maximum generated force
increasing n? times, as the force is proportional to the physiological cross-sectional area
of the muscle. However, it has been observed that prediction errors between modeled and
measured forces increase with growing muscle mass, faster contraction speeds, and
decreasing levels of muscle activation (S. S. Lee et al., 2013; Dick et al., 2017; Ross et
al., 2020; Wakeling et al., 2021). This discrepancy is explained by the fact that the
muscle's volume, assuming constant density, increases n® times larger with the
lengthening of the muscle, leading to a greater internal load relative to the force it can
produce to accelerate its internal mass (Ross and Wakeling, 2016). Consequently, the
larger the scale-up value, the higher the relative inertial cost of contraction. Furthermore,
because inertial resistance is not solely associated with the magnitude of mass but also
with acceleration, mass effects are likely more pronounced during cyclic movements with
high frequency or significant changes in muscle length, where the acceleration of the mass

is higher.



In summary, inertial resistance due to muscle mass can diminish the muscle's rate
of force development, maximum contraction speed, work output per cycle, and overall
efficiency of muscle contraction. This effect is more pronounced in larger muscle sizes,
during high-frequency or high-strain cyclic movements, and during submaximal
contractions. Therefore, it may be crucial to consider this effect for enhancing the

predictive accuracy of muscle models.

1.5. The mass-enhanced Hill-type muscle model

To understand the interaction between muscle internal mass and muscle
contraction dynamics, Gulnther and colleagues (2012) developed a muscle model
comprising a finite number of Hill-type contractile elements and point masses evenly
distributed throughout the muscle mass. This model simulated accelerated contractions
involving alternating sequences of the contractile elements and point masses in a fully
active state. Building upon this, Ross and Wakeling (2016; 2018a) modified the mass-
enhanced model to investigate the impact of muscle mass on function during submaximal
and cyclic contractions. More recently, Ross and co-workers (2020) conducted a living rat
experiment, manipulating the effective mass of the plantaris muscle to examine the effects
of increased muscle mass on mechanical work during cycling contractions. They also
simulated the experimental muscle contractions with the mass-enhanced Hill-type muscle
model for validating the results of previous modelling work. However, this model has only
been tested in in silico and in situ studies and has not been applied to large muscles in
living humans during submaximal cyclic movements, where muscle mass might have the
most significant effect. Therefore, several questions remain unanswered: (i) It is unknown
whether human muscle performance (e.g., muscle forces, power output, work output)
during locomotion, as predicted by the mass-enhanced model, significantly differs from
predictions made by the traditional massless model. (ii) How the predicted forces and the
differences in predicted forces between the two models change with muscle size and the

cadence of cyclic movement is yet to be determined.

1.6. Aims

In this thesis, my goal was to employ a mass-enhanced Hill-type model for

simulating experimental contractions of human muscles during activities such as walking



and cycling. | conducted a comparative analysis of the predicted muscle performances
using both mass-enhanced and massless Hill-type muscle models. This comparison was
conducted across various scaled muscle sizes, different muscles of the lower extremities,
and diverse movement tasks and conditions. In Chapter 2, | collected kinematic, kinetic,
and electromyographic (EMG) data from the lower limb muscles of 20 healthy participants,
examining the mass effects on model-predicted forces during various daily activities such
as walking, running, sit-to-stand, and hopping. | hypothesized that: (1) there would be a
significant difference between the normalized muscle forces predicted by the mass-
enhanced model and those predicted by the massless model. (2) As the muscle size was
scaled up, the difference between the two model-predicted forces would become more
pronounced, indicating greater mass effects in larger-sized muscles. In Chapter 3, |
conducted simulations of experimental contractions in human muscles under different
cycling conditions. | hypothesized that (1) Mass effects would be more prominent during
cycling compared to daily activities. (2) Higher cadences of cyclic movement could result

in greater mass effects, while crank load did not influence mass effects.



Chapter 2.

Effects of muscle mass on muscle force predictions
in human daily activities

2.1. Abstract

Mass effects have emerged as a significant factor influencing muscle performance.
In response to this, a dynamic, multi-segment Hill-type model (mass-enhanced model),
incorporating mass effects, has been developed to address the inaccuracies inherent in
traditional massless models. However, its application to human muscles undergoing
submaximal, dynamic contraction during locomotion remains untested, leaving the
significance of mass effects on human muscle performance unknown. This study aimed
to compare muscle forces predicted by mass-enhanced and massless models, assessing
the extent of mass effects on human muscle performance during locomotion. Twenty
participants were recruited for collecting kinematic, kinetic, and electromyographic (EMG)
data during walk, running, hopping, and sit-to-stand tasks. Mass-enhanced and massless
Hill-type models were driven to simulate experimental muscle contraction. The primary
outcomes included the root-mean-squared errors (RMSE) and coefficient of determination
(r2) in predicted muscle forces between these models, compared across different scaled
muscle sizes and movement tasks. Higher RMSE value indicates greater mass effects.
Our results indicated that muscles scaled to 102 times their original mass consistently
exhibited larger RMSE and lower 2 compared to muscles with original or 10-3 smaller
scaled size across all tested muscles and movement tasks (P<0.001). The highest
recorded RMSE was 7.228+0.181 % F, for VL in running. Although RMSE values were
minor in original or smaller-sized muscles, significant differences persisted in log-
transformed RMSE values between muscles with original and 1072 times smaller sizes.
Furthermore, RMSE were larger in running and hopping compared to walking and sit-to-
stand tasks for all muscles tested, potentially attributed to the higher acceleration of
muscle mass. In conclusion, while mass effects can significantly influence muscle
performance during human locomotion, their impact is minimal in human-sized or smaller
muscles during slower activities. However, they become more prominent at larger scaled

sizes and are intensified by the movement's cadence.



2.2. Introduction

Traditional one-dimensional (1D) Hill-type muscle models, the most widely-used
models representing muscle actuators, have broadened our knowledge by simulating
experiments that either have not been conducted on real muscles or are impractical due
to invasiveness on living human muscles (Loeb et al., 1985; Walmsley et al., 1978). These
models for musculoskeletal simulations find applications across various domains including
different species (Full & Ahn, 1995; Kargo et al.,, 2002; Lee et al., 2013), movement
activities (Delp et al., 2007; Dick et al., 2017; Lai et al., 2019), and hypothetical scenarios
(Ross et al., 2018b; Hutchinson & Garcia, 2002). Moreover, they hold clinical potential for
analyzing kinetic or kinematic changes in neuromuscular disorders (Hicks et al., 2008;
Steele et al., 2010), developing rehabilitation strategies (Hall et al., 2011; Peterson et al.,
2011), and influencing the design of assistive devices (Uchida et al., 2016). They provide
estimates of muscle forces which are related to the muscle activation state, and the
intrinsic force-length and force-velocity properties of muscle fibres, with minimal
requirements for muscle-specific parameters (Hill, 1938; Kaufman et al., 1991; Wakeling
et al., 2012; Dick et al., 2017), and thus have the strength of low computational cost and
being relatively simple to operate. However, the intrinsic properties of the traditional Hill-
type models are typically determined by experiments on fully-activated single fibres, fibre
bundles, or small muscles during steady contractions, where muscle mass is minimal and
muscle acceleration is absent. When extrapolating these models to predict forces
generated by larger muscles, it is assumed that the entire muscles behave similarly to
geometrically scaled versions of these individual fibres or bundles (Zajac, 1989; Thelen,
2003; Millard et al., 2013). This implies that forces scale proportionally to the muscle's
cross-sectional area, while lengths and velocities scale in proportion the muscle's length.
Nonetheless, when comparing these models’ predictions with experimental
measurements of entire muscle, the accuracy of traditional Hill-type models diminishes,
especially in conditions deviating from the fully-activated, steady-state contractions used
in single fibre or small muscle experiments (Perreault et al., 2003; Dick et al., 2017;
Wakeling et al. 2021). While the discrepancies between model predictions and
experimental measures may be influenced by factors such as fibre-type composition and
recruitment patterns (Wakeling et al., 2012; Dick et al., 2017), muscle geometry and
architecture (Hodgson et al., 2006; Azizi et al., 2008), and tissue properties in whole

muscle (Pappas et al., 2002; Soman et al., 2005; Shin et al., 2009), they can also be



attributed to the assumption that larger or whole muscles behave similarly to larger-scaled
single fibres. These “massless” models might fail to account for the complexities of larger
muscle dynamics because they overlook the force and power required to accelerate the

tissue mass.

While tissue mass might have a negligible impact on the behaviours of single fibres
or small muscles, its effect may increase notably in larger muscles. When factoring in
muscle mass within a force system during contraction, the inertial resistance due to the
mass opposes changes in motion or rest. Activated sarcomeres must produce force to
surpass this inertial resistance, accelerating their own or neighboring masses within the
muscle. In terms of energy utilization, as a muscle operates with a finite amount of energy
during contraction, energy required to accelerate internal mass becomes unavailable for
the muscle to perform external work (Wakeling et al. 2020; Ross & Wakeling, 2021). As a
result, this interplay between the inertial resistance due to the mass and the usage of the
force or energy within the muscle could affect the external force and work output of the
muscle. As muscles increase in size with identical geometric properties, their force-
generating capacity scales with their cross-sectional area, while their mass scales with
their volume. Consequently, larger muscles experience higher inertial loads compared to
the force they can generate. This disparity becomes more pronounced during submaximal
contraction because the force is less. Moreover, since inertial force depends on both mass
and its acceleration, its effect is likely most significant not only when a muscle has
substantial mass and undergoes submaximal contractions but also in unsteady
contractions with high cycle frequencies and rapid changes in velocity, where muscle
acceleration is largest (Lee et al., 2013; Ross & Wakeling, 2016; Dick et al., 2017; Ross
et al., 2020; Wakeling et al., 2021).

The effect of muscle mass has not been in the scope of studies on muscle function
until recent years. Josephson and Edman (1988) found that the maximum shortening
speed of faster fibres within a fibre bundle were lower than that of single fibres taken from
the same bundle, and suggested that the load from adjacent fibres might slow the
contraction speed of fibres in whole muscle. Additionally, when fibres within muscle are
not fully activated, the inactive fibres are considered to provide inertial resistance to active
fibre contraction instead of contributing force, thus slowing muscle contraction (Holt et al.,
2014). To understand how muscle internal mass interacts with muscle contraction

dynamics, a “mass-enhanced” Hill-type muscle model was proposed by Gunther and



colleagues (2012). The model consisted of a finite number of Hill-type models placed in-
series with the muscle mass evenly distributed as point masses. In their study, they
discovered that the presence of internal mass within muscle tissue impeded the rate of
force development because the mass required time to move in response to force-
generated accelerations. More recently, simulation studies with mass-enhanced models
have shown that the mass effect hinders the maximum shortening speed of the entire
muscle, (Ross & Wakeling, 2016), reduces the mechanical work output of muscles (Ross
et al., 2018), and results in lower contraction efficiency for muscles that are primarily active
during shortening (Ross & Wakeling, 2021). In an animal experiment it was also found
that increasing effective internal mass and accelerations in a muscle reduces mechanical
work output during cyclic contraction (Ross et al., 2020). Meanwhile, a mass-enhanced
Hill-type model was validated by reproducing similar results to those observed in this
experimental study (Ross et al., 2020). However, to date mass-enhanced models were
only tested in in silico and in situ studies, but have not been used to simulate human
movement. There have been no previous scientific studies investigating the effects of
muscle mass in living human muscles during daily activities, in which muscles undergo
submaximal contraction and cyclic movement, and tissue inertia likely has large effect.
Therefore, there are some questions remaining open. (i) Whether a mass-enhanced
model can be run to simulate experimental muscle contractions in living human during
movement of daily activities. (ii)) Whether muscle mass has an effect on the mechanical
output of human muscle during daily activities, and how the extent of this mass effect

changes with muscle size.

To address these questions, we used a mass-enhanced Hill-type model to
simulate experimentally measured contractions of human muscles during daily activities
such as walking and sit-to-stand. We scaled experimental kinematic inputs and muscle
geometric data (length, cross-sectional area, volume, thereby affecting mass) to different
sizes to examine the effect of muscle mass on the model's predictions of muscle forces
and how the effect changes with different scaling sizes. These performance outputs
obtained from the mass-enhanced model were then compared with those from a traditional
massless Hill-type model across various lower-limb muscles and different movement tasks.
Two hypotheses were tested: (H1) a notable discrepancy would exist in predicted muscle

forces between the two models, and (H2) this discrepancy would intensify as the muscle

10



size increased, correlating with heightened inertial resistance attributed to greater muscle

mass.

2.3. Methods

2.3.1. Acquisition of Experimental Data
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Figure 2.1. Diagrammatic depiction of data collection and processing.

A comprehensive set of kinematic, kinetic, and electromyographic (EMG) data of right lower limb
during movement was collected using motion capture system, force plates, and EMG. The time-
varying muscle-tendon unit (MTU) length and total intensity of EMG (Int..4(t)) were estimated
using OpenSim and wavelet functions, respectively, and then were used to calculate time-varying
normalized muscle fibre length (I(t)), tendon length (I,(t)), and muscle activation level (a(t)), as
inputs to drive Hill-type muscle models for predicting time-varying muscle force (F(t)) and tendon
force (F(t)). L(t): muscle fibre length; [.(t): tendon length; ¥(t): normalized muscle contraction
velocity; E,(t): normalized active muscle force; Fp(t): normalized passive muscle force; a: muscle

pennation angle; F,: maximum muscle fibre force; F,(t): normalized tendon force.

We recruited participants from local communities surrounding Simon Fraser
University, and all participants gave informed consent. The study protocols were approved
by the Institutional Ethics Review Boards at Simon Fraser University. Ultimately, twenty
adult participants (10 females; age (meanzs.d.): 33+10.7 years old; weight: 66.3£10.1 kg;
height: 1.7+0.1 m) were tested for collecting comprehensive sets of kinematic, kinetic, and
electromyographic (EMG) data (Figure 2.1). For each participant, 24 LED motion-capture
markers were secured bilaterally on the skin over the pelvis and lower extremities, as
described in a previous study (Dick et al., 2016). The 3D positions of these markers were
sampled at 100 Hz using a dual-head optical motion capture system (Optotrak Certus,

NDI, Waterloo, Canada). To record muscle electrical activity, bipolar Ag/AgCl surface
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EMG electrodes (10 mm diameter, 21 mm spacing; Norotrode; Myotronics, Kent, USA)
were positioned over the bellies of 10 muscles in the right lower extremity (Dick et al.,
2016) after prior cleaning with alcohol and shaving to clean the skin. EMG signals were
pre-amplified (gain 1000-5000), band-pass filtered (bandwidth 10-500 Hz; Biovision,
Wehrheim, Germany), and sampled at 2000Hz. Ground reaction forces for both feet were
recorded at 300 Hz using the dual force plates of an instrumented treadmill (Bertec
FP6012-15; Ohio, USA).

Prior to the test session, a static calibration trial was conducted to scale the
musculoskeletal model to each subject, based on distances between marker pairs.
Maximal voluntary isometric contraction (MVC) trials were performed for the tested
muscles: tiabialis anterior (TA), medial gastrocnemius (MG), lateral gastrocnemius (LG),
soleus (SOL), rectus femoris (RF), vastus medialis (VM), vastus lateralis (VL), biceps
femoris (BF), semitendinosus (ST), and Gluteus maximus (GM); the maximum excitation
for each muscle recorded from these trials and the test session was used for EMG
normalization. Subjects then continued with a five-minute warm-up by walking on the

treadmill (to minimize the influence of temperature on the muscle excitations).

For the test session, participants were required to perform the following four tasks
in order on the treadmill: walking and running at their preferred speed, hopping at a tempo
of 110 beats per minute (BPM) timed to a metronome, and sit-to-stand from a chair at the
tempo of 15 cycles per minute. All the data were collected for 30 s for each task. Then the

tasks were repeated in reverse order after a 10-minute break.

Table 2.1. Model and equation parameters.

Definition Value Source

o Maximum isometric muscle 225000 Estimated,
stress (Pa or N - m=) Medler, 2002

p Muscle density (kg - m™3) 1060 Mendez &

Keys, 1960

n The number of muscle mass 16 Ross et al,
points 2018b

Vo Maximum unloaded muscle 5 and 10 for slow and fast Wakeling et al.,
shortening velocity (s1) fibres, respectively 2012

Tact Time constant for activation 0.045 and 0.025 for slow Dicketal., 2017
(s) and fast fibres

B Ratio of 7, to deactivation 0.6 Dick etal., 2017

time constant
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Ry—to—-mtu  Muscle-to-MTU length ratio

MG, medial gastrocnemius 0.54 Kovacs et al.,
SOL, soleus 0.60 2020
VL, vastus lateralis 0.87 O'Brien et al.,
RF, rectus femoris 0.73 2010
lomTU Optimal MTU length (m) Equation 2.2 Calculated
lo Optimal muscle length (m) Equation 2.17 — 2.21 Calculated
Lt slack Slack tendon length (m) Equation 2.17 — 2.21 As above
IMTU initial Initial MTU length Median value of MTU Obtained from
length data throughout a experimental
task data
Linitial Initial muscle length (m) Equation 2.22 — 2.26 Calculated
Lt initial Initial tendon length (m) Equation 2.22 — 2.26 Calculated
Viotal Total muscle volume of one Equation 2.3 Handsfield et
lower leg (m?) al., 2014
frmuscle MG, medial gastrocnemius 0.0362 Handsfield et
SOL, soleus 0.0621 al., 2014
VL, vastus lateralis 0.1166
RF, rectus femoris 0.0379
Vinuscle Muscle volume (m?3) Equation 2.4 Handsfield et
al., 2014
PCSA, Muscle optimal physiological Equation 2.5 Calculated
cross-sectional area (m?)
F, Maximum isometric muscle Equation 2.6 Calculated
force (N)

2.3.2. Experimental Data Processing

The EMG signals were quantified by their total intensity (a function of the square
of EMG signals), which was calculated across a 10-450 Hz frequency band using an EMG-
specific wavelet analysis (von Tscharner, 2000). The EMG intensity was normalized to the
maximum intensity. Considering the linear relationship between muscle force and the
amplitude of EMG signal (Milner-Brown & Stein, 1975), the square root of the normalized
EMG intensity served as a measure of normalized muscle excitation (#@(t)). The
normalized muscle excitation was converted to an activation level (a(t)) using a transfer
function (Zajac, 1989):

da(t) 4 ac) (B+a()- (1)) = a(t)

dt Tact Tact

2.1)

where = 0.6 and 7,.= 0.045. Details for this process have been described elsewhere
(Lee et al., 2011; Dick et al. 2017).
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The subject-specific LED maker positions were imported to a musculoskeletal
simulation environment (OpenSim 4.3: Delp et al., 2007). A generic musculoskeletal
model (Rajagopal et al., 2016) was scaled to generate a subject-specific model using data
from the static trial of the participant. Subject-specific values of optimal fibre length, slack
tendon length, and pennation angle were extracted from the musculoskeletal model.
These values were used to calculate the subject-specific optimal MTU length (I, yry) as

follows:

lO,MTU = lf,0,0penSim : COS(QOpenSim) + lt,slack,OpenSim (2-2)

where It opensim IS Optimal fibre length, agpensim is pennation angle, and I gjack opensim 1S
slack tendon length. Using the ‘Inverse Kinematics tool’, the time-varying muscle-tendon
unit (MTU) length (Iyry(t)) during each task was estimated. Subsequently, Iy (t) was

normalized to Iy vy-

2.3.3. Muscle Models

A mass-enhanced Hill-type muscle model (Gunther et al., 2012; Ross & Wakeling,
2016; Ross et al., 2018b) and a traditional Hill-type (massless) muscle model (Ross &
Wakeling, 2016) were used to estimate the time-varying forces produced by the lower

extremity muscles during the four different locomotor tasks.

We simplified the architecture of muscles and ignored the influence of multiple fibre
types (Lee et al.,, 2011) to reduce the complexity of computation. The muscles were
assumed to (1) have no aponeurosis or internal tendon, (2) have constant volumes
depending on subject’'s mass and height (Handsfield et al., 2014), (3) have parallel fibres
aligned with the contraction direction of the muscle, and thus having fibre length equivalent
to the muscle belly length and a pennation angle of zero, (4) and have a fixed end and a
free end that is connected to a serial elastic element (SEE) representing the tendon.
Furthermore, the maximum isometric muscle stress (og,= 225 kPa; estimated from
literature of Medler, 2002), muscle density (p = 1060 kg m~3; Mendez & Keys, 1960), and
maximum unloaded muscle shortening velocity (vy= 5 s™'; Wakeling et al., 2012) were

assumed constant. Total muscle volume of one lower leg (Vyoia1; M3) was given by:

Viotal = (47 - W - H +1285) - 107 (2.3)
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where W and H were participant’s weight and height, respectively (Handsfield et al., 2014).

The individual muscle volume (V,uscie) Was calculated as:

Vinuscle = Viotal * frmuscle (2.4)

where fryusce Was the fraction of individual muscle volume relative to V4. The individual
muscle mass was the product of V,,,sqc1e @nd p. The optimal physiological cross-sectional

area (PCSA,; m?) was give by:
PCSAg = Viuscle * 161 (2.5)

where [, was optimal muscle length determined by Equation 2.17 —2.21 . The maximum

isometric muscle force (F,; N) was calculated as:
FO = PCSAO " 0-0 (2.6)

Massless Hill-type muscle model

The massless Hill-type muscle model consisted of a contractile element (CE) and
a parallel elastic element (PEE) (Figure 2.2). The muscle force generated by the CE was
related to the muscle activation state (d(t)), active force-length (£, (1)) and active force-
velocity (F, (9)) relationships, whereas the PEE force depended on only the passive force-
length relationship (ﬁp(i)). These relationships were modelled by employing Bézier curves
(Ross et al., 2018) fitted to experimental data for CE forces (Winters et al., 2011) and PEE
forces (Roots et al., 2007). The muscle force (F(t)) was calculated by the following

equation (Roots et al., 2007):

F(t) = Fo - (@B DE®) + (1)) - cosa 2.7)

where pennation angle (a) was 0 as fibres were assumed to be aligned with the

contraction direction, and F; is the product of g, and PCSA,.
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Figure 2.2. The massless Hill-type muscle model used to simulate experimental
contraction cycles.

The model consisted of an active muscle component (CE, contractile element), a passive muscle
component (PEE, parallel elastic element), and a tendon (SEE, serial elastic element) (A). The
muscle force is the sum of forces from CE and PEE, depending on normalized activation level,
normalized muscle force-length property (C), and normalized muscle force-velocity property (D).
The tendon force from SEE depends on tendon force-length property (B). X,;q(t), the time-varying
position of the muscle-tendon junction, which equaled to [, the muscle length; I, tendon length;
Iytu, muscle-tendon unit length; I, normalized muscle length; I;, normalized tendon length; 7,
normalized muscle contraction velocity; F;(l;), normalized tendon force as a function of I; £, (1),
normalized active muscle force as a function of [; £,({), normalized passive muscle force as a
function of [; E,(9), normalized active muscle force as a function of #. Refer to Table 2.1 for
definition of all symbols.

At the free end of the muscle belly, a massless tendon (SEE) was added to the
model to make up the whole muscle-tendon unit. The tendon force-length relationship
(F.(1,)) was also modelled using Bézier curves (Ross et al., 2018) fitted to experimental
data from Dick et al. (2016), and had an initial line with slope that connected the origin to
the point on the curve where the normalized tendon force equaled 0.01. This property
ensured that there was a unique tendon length for each tendon force. The tendon force,

F.(t), was calculated as follows:
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F(t) = Fo- F(ly) (2.8)

Since the force was transmitted from muscle to the end of the tendon, the muscle force

(F(t)) was equal to its tendon force (F.(t)) throughout the movement task.

F(t) = F () (2.9)
The time-varying normalized muscle length (I(t)) was calculated as the time-varying
muscle length (I(t)), divided by the optimal muscle length ({):

(9]

I(t) = T (2.10)

The normalized muscle contraction velocity (¥(t)) was calculated as the first derivative of
normalized muscle length (I(t)) normalized to the maximum unloaded muscle shortening

velocity (vy):

o(t) = ——— (2.11)

The time-varying normalized tendon length (I,(t)) was calculated as the tendon length
divided by the slack tendon length (l;¢.cx) Where the tendon length was equal to the
difference between the MTU length and muscle length:

Imry(®) — 1(2)

li(6) = = ——— (2.12)
t,slack

Substituting Equations 2.7 — 2.8 and 2.10 — 2.12 into Equation 2.9 gave:

(1 _di) 11\ . (1 (1 —1
F0-<€l(t)-Fa <§—:)>-Fa <d—(tt)-g-v—o>+Fp <%))=FO-Ft<—MTUlftI) - (t)> (2.13)

The time-varying normalized muscle length (I(t)) as well as the normalized tendon length
(Iu(t)) were calculated from equation 2.13. Finally, the time-varying muscle force which

equaled to the tendon force could be obtained by the tendon force-length relationship.

Mass-enhanced Hill-type muscle model

The muscle in the mass-enhanced model was split into n segments (n = 16) with
an optimal segment length (I,/n) evenly distributed from the optimal muscle length (I,),

and each segment contained a massless Hill-type model as described earlier. Between
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the segments and between the last segment and tendon, there were n point masses
divided homogeneously from the muscle mass, and each point mass was accelerated by
its adjacent forces, either muscle (F;(t)) or tendon force (F.(t)), which changed the

position of each point mass (x;(t)), where i is the segment number (Figure 2.3).

() —F(t) F(t) —F(t) Foa(t) —Fi() E(t) —F(t)

PEE,

-

4

6 ‘Esegment %

vty

Figure 2.3. The mass-enhanced Hill-type muscle model.

The muscle is split into n segments with an optimal segment length (I,/n) evenly distributed from
the optimal muscle length ({,), and each segment contains a Hill-type model as described earlier.
Between the segments and between the last segment and tendon, there are n point masses (m;)
divided homogeneously from the muscle mass. Each point mass is accelerated by its adjacent
components, either muscle actuators (F;(t)) or tendon force (F.(t)), which changes the position of
each point mass (x;(t)). [, the muscle length; [, tendon length; Iy, muscle-tendon unit length;
n = 16 in this study.

For each point mass, the resultant of the forces from the neighboring segments
(Fiz1(t) and F;(t)) equaled to the product of mass (m;) and its acceleration caused by that
resultant force (Figure 2.3). For the last point mass (m,), the resultant force acting on it

came from the force of the nt» segment (F,,(t)) and the tendon force (F;(t)):

d®x;(t)

Fi (0 — () = mi— g (2.14)
d%xy, (£)

F(t) — Fy(t) = M=z (2.15)

where i is an integer starting from 1 to 15, and n is 16. Before the muscle was activated,

the initial position of each point mass (x;(0)) was given by:

x;(0) = (%) i (2.16)

By solving the above equations (Equations 2.8, 2.10 - 2.10, and 2.14 — 2.16), the positions

of m;, x;(t), and [.(t) could be determined. Consequently, tendon force was estimated
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with the tendon force-length relationship (Dick et al., 2016), and the total external muscle
force (F(t)) was equivalent to its tendon force (F(t)) assuming the muscle force was

transmitted through this in-series tendon to the end of the MTU.

2.3.4. Determination of optimal muscle Length

First, we calculated an estimated optimal muscle length (I, .st) and an estimated

slack tendon length (I;sjackest) Py following equations:

lo,est = lo,MTU * Rm—to-MTU (2.17)

lt,slack,est = lO,MTU ' (1 - Rm—to—MTU) (2-18)

where R, _io—mtu i the muscle-to-MTU-length ratio for particular muscle (O'Brien et al.,
2010; Kovacs et al., 2020; van der Made et al., 2015). Subsequently, the actual optimal
muscle length (l,) and slack tendon length (I s1ack) for each muscle in both massless and
mass-enhanced muscle models were determined by solving the following equation where

muscle was relaxed and static, and the tendon force equaled to the passive muscle force:

lo = lO,ESt + 61 (2.19)
lt,slack = lt,slack,est —é (2.20)
~ (1 .l
FO . Ft t,slack,est _ FO . Fp( O,est) (2.21)
lt,slack lO

where e; is an error between an actual optimal value and an estimated optimal value.

2.3.5. Initial condition

To facilitate the computation of the models, an initial condition was created for each
task in which muscle was relaxed (EMG intensity is set to be zero) and the initial MTU
length (Iyru initial) Was constant for about five seconds. This initial MTU length of each
muscle was assumed to be the median MTU length throughout the given task. This
assumption could make sure the initial MTU length fell within the range of time-varying
MTU length during the movement task. The estimated initial muscle length (liyjtial est) and

tendon length (I initialest) Were determined by:

linitial,est = lMTU,initial * Rm—to—MTU (2-22)
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lt,initial,est = lMTU,initial ' (1 - Rm—to—MTU) (2-23)

Then the actual initial muscle length (liyitia) and initial tendon length (l¢inita) Were

calculated by:

linitial = linitial,est +e (2-24)

lt,initial = lt,initial,est — € (2-25)

FO . Ft <lt,initia1,est> — FO . Fp (linitial,est) (2.26)
L initial Linitial

where e, is an error between an actual initial value and an estimated initial value.

2.3.6. Scaling

To test the mass effects, simulations were run for comparing muscles of different
sizes with identical muscle geometric properties. Muscle sizes were changed by
multiplying the MTU lengths by different scaling factors, 0.1, 1, and 10. As such, the
muscle and tendon lengths were in proportional to the scaling factor, the muscle
PCSAjyand thus muscle force were in proportion to the scaling factor squared, and V,,scle

and mass were in proportion to the scaling factor cubed (Table 2.2).

Table 2.2 Multiplication factors.

Scale Length, Area Volume, Stress Maximum Normalized Normalized
Factor velocity, mass isometric  length, force
acceleration force velocity,
acceleration
0.1 x0.1 x0.12 x0.13 x1 x0.12 x1 x1
1 X 1 x12  x18 x1 x 12 x1 x1
10 x10 x102 %103 x1 x102 X1 %1

2.3.7. Comparisons of Predicted Muscle Performances

The muscle performance was evaluated by normalized muscle force (F(t)) in this
study, which was calculated as the muscle force (F(t)) normalized to the maximum
isometric muscle force (F,). F(t) predicted by mass-enhanced and massless Hill-type
muscle models were compared for the 20 participants across muscles, tasks, scaled sizes.
Data were analyzed for the final five cycles occurring between 15 to 25 seconds into the

30-second testing period. This approach allowed subjects to acclimate to the tasks and
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provided the computer with the necessary time to compute the data and achieve a steady-
state solution. For the sit-to-stand task, due to the extended duration required to complete
one full cycle of movement, we specifically analyzed data from a single cycle occurring

between 15 and 25 seconds into the testing period for computation.

To characterize the variation and correlation between predictions of the mass-
enhanced and massless models, we computed the root-mean-squared error (RMSE) and
coefficient of determination (r2?) between the two model-predicted forces as outcome
measures. We conducted a general linear model ANOVA to ascertain differences in
RMSE and r? between the two model-predicted forces (dependent variables) among
scaled sizes (N=3), muscles (N=4), and tasks (N=4) (fixed independent variables) across
subjects (N=20) (random variable) (IBM SPSS Statistics 29). Post-hoc analysis with least
significant difference test (Meier, 2006) was used to examine the pairwise differences in
RMSE and r? among groups. Significance was determined at the level of P<0.05, while

data are presented as the mean * standard error.
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Figure 2.4. Sample raw traces and predicted muscle forces using massless and
mass-enhanced muscle models at different scales.

Muscle-tendon unit (MTU) length normalized to its optimal length over time is shown in the top row

of (A). Each grey or white block represents one movement cycle. The middle row shows raw

electromyographic (EMG) data over time. The EMG data is converted to muscle excitation

normalized to the maximum excitation (7i(t)) (blue, dashed) and muscle activation normalized to

the maximum activation (a(t)) (red, solid ) over time, which are shown in the bottom row. Using
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time-varying normalized MTU length and normalized activation level inputs, normalized muscle
force (F(t)) over time is computed with massless or mass-enhanced model. (B) depicts predicted
time-varying muscle forces from both models across three scales. The predicted forces from both
models overlap at scales 0.1 and 1, but at scale 10, a noticeable difference in predicted forces
emerges between the models. The data is taken from right MG muscle of one representative
subject during running task.

2.4. Results

For the mass-enhanced model, the predicted F(t) overlapped with the predicted
F(t) of the massless model at both scales 0.1 and 1 (Figure 2.4B). However, at scale 10,
the predicted F(t) showed more fluctuations, and a noticeable difference between the
models emerged (Figure 2.4B, bottom row). Using the MG muscle during running as an
example, the average F(t) per cycle for the mass-enhanced model was 20.71+0.40 % £,
at scale 10 (where £, is the maximum normalized muscle force, which equals 1). In
comparison, the average F(t) per cycle for the mass-enhanced model at scales 0.1 and
1, as well as the average F per cycle for the massless model at scales 0.1, 1, and 10, was

consistent 21.6010.43 % F,.
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Figure 2.5. The mass (size) effect on the difference and correlation between

massless and mass-enhanced model predictions of muscle force.
Here we consider the running task as representative. Each point represents the estimated marginal
means of (A) root-mean-squared error (RMSE) and (B) coefficient of determination (r?) between
the two model-predicted forces for a particular muscle at a specific scale (0.1, 1, or 10). The small
error bars, representing the standard error of the means, coincide with points indicating the mean
values. These values are calculated using the average from the last five movement cycles of each
subjects. (A) The RMSE values at scales 0.1 and 1 are relatively small, while the RMSE values at
scale 10 is notably larger across all tested muscles (*: P<0.001). (B) The r? exhibits a substantial
decrease at scale 10 in comparison to scale 1 across all muscles (*: P<0.001).
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The ANOVA tests showed a significant effect of scale on the RMSE (P<0.001) and
the 2 (P<0.001) for the differences in normalized muscle forces. The difference of forces
predicted by both models, using RMSE and r?, revealed larger discrepancies at scale 10
compared to scales 0.1 and 1. When averaged across subjects in running task, the RMSE

values at scales 0.1 and 1 were relatively small, with the largest recorded at 0.177+0.046

% F, for VL at scale 1. Conversely, RMSE at scale 10 was notably larger across all tested
muscles in running , ranging from 4.06210.125 % F,, for SOL to 7.228+0.181 % F, for VL
(Figure 2.5). The post-hoc analysis showed significant differences between conditions at
scales 1 and 10 (P<0.001 for the four tested muscles). However, differences between
scales 0.1 and 1 conditions were not significant for most muscles in running, except for
RF (P =0.02). For the correlation between the models, the r? values exhibited a
substantial and significant decrease at scale 10 in comparison to scale 1 across all
muscles (P<0.001), ranging from 0.900£0.007 for SOL to 0.684+0.020 for VL. In contrast,

the r? values at scales 0.1 and 1 surpassed 0.999 across all muscles and were not
significantly different. This observed pattern, larger RMSE and lower r? at scale 10
compared to scales 0.1 and 1, persisted consistently across all examined muscles and
tasks (Figure 2.6). The highest RMSE and the lowest r? values across muscles and tasks
were recorded at 7.228+0.181 % F, for VL in running, and 0.392+0.031 for RF in walking,
respectively. However, the variance across different scales was not homogeneous and
increased with scale factor, violating one of the assumptions of ANOVA. Specifically, the
scale-specific overall RMSE mean and standard error values, averaged across subjects,
muscles, and tasks, were 0.007+0.003 % F, at scale 0.1, increased to 0.089+0.008 % £,
at scale 1 (P=0.145), and significantly rose to 4.631+0.068 % F, at scale 10 (P <0.001).
Therefore, we applied a Log-transformation to the RMSE data to repeat the ANOVA.
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Figure 2.6. The mass (size) effect on the difference and correlation between
massless and mass-enhanced model predictions of muscle forces at
sit-to-stand, walking, and hopping tasks.

The RMSE for each muscle across various tasks remains relatively small at scales 0.1 and 1, with

the highest value recorded at 0.310+0.076 % £, for the SOL muscle during hopping at scale 1.

Concurrently, the coefficient of determination (r?) consistently remains no less than 0.999 at scales

0.1 and 1. However, a notable increase in RMSE is observed at scale 10 across different muscles

and tasks, coinciding with comparatively lower r? values when compared to scales 0.1 and 1. *

indicates significance across all muscles (P<0.001).
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Figure 2.7. The interaction between effects of scaled muscle mass (size), task,

and muscle on the difference between model-predicted forces.
The Y-axis markers have been adjusted to represent the logarithmic values of RMSE between
predictions of muscle force in massless and mass-enhanced models. Each plotted point denotes
the average logarithmic RMSE value across subjects for a particular muscle engaged in a specific
task and scale. Across different scales, the scale-specific overall logarithmic RMSE values,
represented by the boundary of the blue background, are calculated by averaging across various
muscles and tasks within each specific scale. These values illustrate an ascending trend
corresponding to scale increments. At identical scales, the average logarithmic RMSE values
consistently exhibit higher magnitudes during running and hopping tasks in contrast to walking or
sit-to-stand tasks for any given muscle across various scales. Additionally, the ranking of muscles
based on RMSE varies between tasks.

The ANOVA tests for the Log-transformed RMSE in F(t) between the mass-
enhanced and massless models (Figure 2.7) again showed a significant effect of scale.
The scale-specific overall logarithmic value of RMSE (depicted by the boundary of the
blue background in Figure 2.7), calculated by averaging across various muscles and tasks
within each specific scale, demonstrated an ascending trend corresponding to scale
increments, and exhibited significant differences between scales 0.1 and 1 as well as
between 1 and 10 in post-hoc analysis (P<0.001), indicating persistent mass effects in
small-sized muscles. The logarithmic values of RMSE and standard error, averaged
across subjects, muscles, and tasks, were —2.794+0.320, -1.354+0.442, 0.566+0.355, at
scale 0.1, 1, and 10, respectively.

At identical scales, the values of RMSE and standard error consistently exhibited
higher magnitudes during running and hopping tasks in contrast to walking or sit-to-stand
tasks for any given muscle across various scales. For example, in the SOL muscle at scale
1, the RMSE values were 0.310+0.076 % F, and 0.046+0.002 % F, in hopping and
running, respectively, and were 0.013+0.001 % F, and 0.002+0.000 % F, in walking and

sit-to-stand, respectively. Significant differences in logarithmic RMSE values across
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muscles were observed for any given scale in pairwise comparisons between hopping and
walking (P<0.001), hopping and sit-to-stand tasks (P<0.001), running and walking
(P<0.001), as well as running and sit-to-stand tasks (P=0.01). The mass effects were thus
more pronounced in running and hopping tasks compared to walking and sit-to-stand

tasks.

2.5. Discussion

Previous modeling studies have highlighted that considering muscle mass can
significantly affect predictions of muscle performance. These alterations include
reductions in maximum shortening velocities (Meier & Blickhan, 2000; Bdl & Reese, 2008;
Ross & Wakeling, 2016), as well as changes in mechanical work per cycle (Ross et al.,
2018b). Notably, this mass effect on muscle performance becomes more pronounced at
submaximal activation levels (Ross & Wakeling, 2016) and when scaling muscles to larger
sizes (Gunther et al., 2012; Ross & Wakeling, 2016; Ross et al., 2018b). To ascertain the
consistency of this mass effect across both modelling and animal studies, Ross and
colleagues (2020) looked into the mass effect within rat plantaris muscle, revealing that
the addition of greater mass led to a reduction in mass-specific mechanical work per cycle
compared to the unloaded trials where no additional mass was applied. Moreover,
increased muscle strain corresponded to reduced work per cycle in comparison to
unloaded trials at the same strain. This might be attributed to the potentially higher
acceleration of the muscle mass experienced during higher strain conditions. The in situ
study supported that the tissue inertia affected the muscle performance in real muscle.
Despite these findings, the mass effect has yet to be experimentally tested in human
muscles during locomotion. There remained uncertainty regarding whether muscle mass
has a significant impact on the contractile properties of human-sized muscles during daily
movement. Furthermore, the extent of variation in predictions of muscle performance

between models that consider and those that disregard muscle mass remained unknown.

Since it is not possible to manipulate the living human muscle mass in experiment,
we collected the participants’ kinematic data during locomotion to estimate the MTU length,
and then scaled the length to different sizes. As the geometric proportions of the model
remained constant, while length scaled with the scaling factor, PSCA scaled with the
square of the scaling factor, and the volume and mass scaled with the cube of the scaling

factor (Table 2.2). These scaled geometric data were used to drive both a massless and
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mass-enhanced Hill-type models (Figure 2.2 and 2.3) for comparison of muscle
performance predictions. This is the first study of its kind simulating human experimental
muscle contractions in movements of daily activities with a mass-enhanced model,
pioneering the assessment of mass effects on muscle performance predictions. The
outcome would help determine if the difference in muscle performance predictions
between the two models could be negligible in human-sized muscles during daily

locomotion, and how the discrepancy would vary with changes in muscle mass.

2.5.1. Mass effects on the predicted forces

Although the predicted muscle forces of the massless model increased in
proportion to the scale factor squared, we found that the predicted normalized forces
remained constant across scales (Figure 2.4B). This can be explained by that in our
massless model, normalized muscle force mainly depends on the force-length, force-
velocity, and tendon force-length properties, where the force, length and velocity are all
normalized. Additionally, the input normalized length and velocity do not change with scale
factor. Consequently, the output values of normalized force in the massless model stay
constant regardless of the scaled size. In contrast, the mass-enhanced model consists of
point masses between muscle segments and the tendon (Figure 2.3). When a muscle is
activated to generate force to move a point mass, the inertial resistance due to the mass
affects the balance between forces of muscle segments or tendon adjacent to the point
mass. The neighboring segment lengths and tendon length therefore change in a different
pattern to balance the forces in series. This results in an asynchronous shortening-
lengthening movement of each muscle segment and tendon, leading to varied normalized
segment lengths (Figure 2.8). Consequently, the predicted normalized muscle force of the
mass-enhanced model may differ from that of the massless model. Furthermore, when
the muscle size (mass) and/or acceleration is greater, greater inertial resistance amplifies
discrepancies between adjacent forces acting on the mass, thereby enlarging the

difference of predicted forces.
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Figure 2.8. Time-varying length of muscle segments and muscle-tendon unit
(MTU).
The dashed line represents the time-varying MTU length, while the solid lines, ranging from the
bottom (lightest grey) to the top (darkest grey), depict the time-varying lengths of the 1st to the 16th

muscle segments in order. Each grey or white block represents one movement cycle. The data is
taken from right MG muscle of one representative subject during running task.

In this study, we used the RMSE between predicted normalized forces of a mass-
enhanced model and a massless model to represent effects of muscle mass on the
predicted muscle forces. Larger RMSE values indicated greater mass effects. A significant
difference in RMSE values between the studied groups signified different magnitudes of
mass effects between groups. Our results consistently revealed significantly larger RMSE
values at a scale of 10 compared to scales 1 and 0.1 across muscles and tasks (P<0.001).
In contrast, the post-hoc analysis did not show a significant difference in RMSE values
between scales 1 and 0.1. This lack of significance may be attributed to the relatively
smaller RMSE values observed at scales 0.1 and 1, or the heterogeneity in variance
among the groups, potentially obscuring the difference between scales 0.1 and 1. When
log-transformed RMSE were considered, significant differences emerged between scales

1 and 0.1 across muscles for all tasks (P<0.001). Taken together, these results suggest
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that significant mass effects occur across all tested scales (0.1 to 10), however, the
magnitude of these effects may only become functionally important at scales larger than

1 for the activities of daily living tested here.

We also found some other features were only present at scale 10 when predicted
forces were averaged across muscles and tasks. Average F(t) per cycle predicted by the
mass-enhanced model was lower at scale 10 compared to those at other scales (P<0.001),
with 15.534, 15.489, 15.222 % F, at scale 0.1, 1 and 10. The mass-enhanced model
exhibited a peak force occurring 2.12 % of the cycle earlier than the massless model
(P<0.001), suggesting that mass effects could contribute to an earlier peak force. This
observation might align with a previous in situ study (Ross et al., 2020) that demonstrated
an earlier force peak at higher strain compared to lower strain, potentially attributable to

increased acceleration and, consequently, greater mass effects at higher strain levels.
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Figure 2.9. Muscle-tendon unit (MTU) acceleration in the tested muscles across

tasks at scale 1.
MTU acceleration is calculated as the root-mean-squared value of instantaneous MTU acceleration
values per cycle. The boundary of Grey background represents the MTU acceleration averaged
across muscles in each task. Tasks were ranked by MTU acceleration averaged across muscles

from lowest to highest.
2.5.2. Mass effects in different tasks and muscles

At the same scale, we consistently observed higher RMSE values for running and
hopping tasks compared to walking and sit-to-stand tasks for any muscle or scale. As the

models differ only in the inclusion of mass effects, given the same scale factor, varying
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MTU accelerations in different tasks likely contribute to the RMSE differences observed.
MTU acceleration is calculated as the root-mean-squared values of instantaneous MTU
acceleration for each cycle. We found that when considering the average across muscles,
tasks were ranked by MTU acceleration from lowest to highest as follows: sit-to-stand,
walking, running, hopping (Figure 2.9). Significant differences among these tasks were
revealed through pairwise comparisons (P<0.001), and this ranking aligned with that
determined by RMSE. The coefficient of determination between MTU acceleration and
RMSE values was 0.204 (P<0.001) across subjects and tasks. This suggests that RMSE
value significantly correlates MTU acceleration but can be affect by other factors.
Specifically examining the calf muscles (SOL, MG), both MTU acceleration and RMSE
consistently showed sit-to-stand with the lowest values, followed by walking, then running,
and finally hopping with the highest values. Conversely, for quadriceps (RF, VL), the
hierarchy of values across tasks was observed as sit-to-stand with the lowest values,
followed by walking, hopping, and running with the highest values. Among these muscles,
high correlation between MTU acceleration and RMSE was shown for RF and MG
(coefficient of determination were 0.677 and 0.955, respectively; P<0.001). These findings
might support the explanation that MTU acceleration could affect the difference of muscle
predictions between the two models. In other words, mass has greater effects on the
activities with higher accelerations (occurring during the high-cadence movements).
However, further investigation is needed into other factors, such as muscle activation

levels, which may also contribute to the differences in RMSE among tasks.

2.5.3. Limitations of our model assumptions

The primary goal of this study was to examine the difference of predicted forces
between 1D mass-enhanced and massless models and how this difference changed with
scaled muscle size. In order to focus on the investigation of mass effects on the muscle
performance predictions, we controlled effects from other potential impact factors by
simplifying the muscle architecture with assumptions that muscles have no aponeurosis
or internal tendon, have constant volumes depending on subject's mass and height
(Handsfield et al., 2014), have parallel fibres aligned with contraction direction, and have
fibre length equivalent to the muscle belly length, and each muscle has a fixed end and a
free end connected with its own tendon. Additionally, the influence of fibre types (Lee et
al., 2011; Wakeling et al., 2012), history-dependent effects (Abbott & Aubert, 1952; Edman
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et al., 1982; Meijer et al., 1998; Morgan et al., 2000; Herzog & Leonard, 2000, 2002),
three-dimensional effects (Meier & Blickhan, 2000; Bél & Reese, 2008; Ross et al., 2018b),
and viscous damping effects (Gasser & Hill, 1924; Levin & Wyman, 1927; Heerkens et al.,
1987; Syme, 1990; Best et al., 1994) were also ignored in this study to reduce computation

complexity.

We did not account for the history-dependent effect since it is believed to stem
from mechanisms at the cross-bridge level (Herzog et al., 2012), which are not directly
influenced by muscle mass dynamics. Regarding the viscous (velocity-dependent)
damping effect, the inclusion of a damping element has been used to simulate tissue
viscosity within muscles (Hatze, 1977; Gunther et al., 2007) or enhance the numerical
stability of computations while maintaining force balance between muscle and tendon
(Millard et al., 2013). However, in our model, we chose to disregard this effect as its
incorporation had the potential to diminish length changes in muscle and tendon, thereby
reducing the predicted muscle forces. Consequently, both these effects were excluded
from our model formulation. It is likely that their omission did not significantly alter the

primary conclusions drawn from our modeling results.

We used a one-element model with a single fibre-type without considering the
effects of fibre types because previous studies showed only minor differences of predictive
performances between one-element and two-element models with two fibre-types (Dick
et al., 2017). Besides, the two-element model performed better than the one-element
model at high cadence (>100 r.p.m.) (Dick et al., 2017), but most of our tasks were not
high-cadence movements. Although a previous study showed that using a maximum
unloaded muscle shortening velocity (v,= 10 s™") typical for fast fibres resulted in greater
mass effects (Ross et al., 2018b; Ross & Wakeling, 2021) compared to that for slow fibres,
we assumed that only slow fibres were involved in our tasks because the tasks were low-
intensity daily activities and were conducted at a casual, comfortable level, where the
recruitment of slow fibres is likely predominant. However, in hopping, which had an
average cadence of 107.1 r.p.m. and was relatively intense compared to other tasks, it
might be beneficial to incorporate the two-element model, or a faster v, to better reflect
the intrinsic properties of the recruited muscle fibres. Furthermore, the proportion of slow
and fast twitch fibres varies among muscles. For example, SOL muscle contains 70 % of

slow fibres while gastrocnemius and VL has a lower proportion of slow fibres (about 50 %
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and 32 %, respectively) (Edgerton et al., 1975). Therefore, using the fast fibres in muscles

having a lower proportion of slow fibres might result in a better prediction.

The inclusion of a tendon in mass-enhanced models has been shown to mitigate
the decline in mechanical work output per cycle associated with increased mass (Ross &
Wakeling, 2021). An intermediate, optimal tendon stiffness has been identified, leading to
the highest work output (Ross & Wakeling, 2021). This optimal stiffness is influenced by
scaled muscle sizes and the timing of muscle excitation in relation to the start of MTU
shortening (Lichtwark et al., 2005; Lichtwark et al., 2010; Ettema, 2001; Sawicki et al.,
2015). However, the tendon force-length property, using Bézier curves (Ross et al., 2018a)
fitted to experimental data (Dick et al., 2016), might not fully represent the diverse tendon
characteristics of all muscles.This property was derived from experimental measurements
specifically focusing on the Achilles tendon (AT) at a fixed knee angle. It did not consider
the influence of varying knee angles on the MTU length during movement. Moreover, the
AT tendon property might not accurately depict the properties of other tendons due to the
inherent differences in function, structure, cross-sectional area (CSA), and mechanical
properties among tendons (Cutts et al., 1991; Magnusson et al., 2008; Matson et al., 2012;
Wang et al., 2012). For instance, while the human TA tendon exhibits a Young’s modulus
of approximately 1200 MPa (Maganaris & Paul, 1999), the patellar tendon records a value
of 660 MPa (Johnson et al., 1994). A tendon with greater stiffness necessitates a higher
force for stretching, consequently altering the tendon’s force-length relationships
(Geremia et al., 2018). Nonetheless, although we only used one tendon property in the
models, it should not affect our main aims of presenting the difference in predicted forces

between mass-enhanced and massless models.

1D Hill-type muscle models overlook the 3D shape and structure of muscles,
potentially causing differences between predicted and actual mass effects. Muscle mass
is not uniformly distributed; it is largest around the middle and tapers towards the ends,
varying among muscles (Fukunaga et al., 1992; Morse et al., 2007; Erskine et al., 2009;
Cotofana et al., 2010; Maden-Wilkinson et al., 2013). When muscles contract, they expand
in width and thickness, altering where the largest mass is located (Hodgson et al., 2006;
Baskin & Paolini, 1967). Besides, regional muscle activation may also alter inactive tissue
inertia during submaximal contractions (English, 1984; Pratt & Loeb, 1991; Boggs & Dial,
1993; Schieber, 1993; Soman et al., 2005; Wakeling, 2008; Kinugasa et al., 2011;

Hodson-Tole et al., 2013). In pennate muscles, muscle fibres rotate during contraction,
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causing different shortening speeds relative to the muscle belly (Azizi et al., 2008). Our
1D model does not account for muscle shape changes or rotation-related effects. It only
focuses on 1D muscle dynamics and kinematics along the muscle's length, ignoring tissue
mass influences in other directions. Studies have suggested that including 3D tissue
properties results in greater mass effects in terms of decreases in maximum shortening
velocity and mechanical work per cycle (Meier & Blickhan, 2000; Bol & Reese, 2008; Ross
et al., 2018b; Ross et al., 2021). Though direct comparisons between 1D and 3D mass
effects are lacking, incorporation of the mass effects in all directions likely further reduce
predicted muscle work output in human muscle. Further exploration for tissue mass effects

on muscle function in 3D is needed for a comprehensive view of overall muscle behavior.

2.6. Conclusion

This study marks the first to use a mass-enhanced muscle model for simulating
human muscle contractions during various daily activities. When we scaled muscles to
different sizes, we discovered that mass effects, observed through the root-mean-squared
errors (RMSE) between predicted forces in a mass-enhanced model and a massless one,
were minor and functionally insignificant for smaller muscles. However, mass effects for
these activities of daily living became more pronounced as the muscles exceeded human
size. This trend of mass effects increasing with scaled size remained consistent across
different muscles and daily activities. Furthermore, mass effects were more pronounced
in running and hopping compared to walking and sit-to-stand tasks for all muscles tested.
This difference may be attributed to the higher acceleration of muscle mass and
consequent greater mass effects in these higher-cadence activities. These findings
suggest that while mass effects can significantly influence muscle performance during
daily human movement, their impact is minimal in human-sized or smaller muscles during
slower activities. However, they become more apparent at larger scaled sizes and are

influenced by the movement's cadence.
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Chapter 3.

Effects of muscle mass on muscle performance
predictions in human during cycling

3.1. Abstract

Muscle mass is recognized as a factor influencing muscle contractile performance,
contributing to prediction errors in human muscle function during locomotion. However,
the errors found in daily activities, characterized by low acceleration, are minimal and
functionally insignificant in human-sized muscles. The impact of higher-cadence cyclic
movement on potential errors, stemming from greater mass effects in human muscles,
remains unknown. In this study, we simulated human muscles during cycling and explored
how the muscle mass effect interacts with various scaled muscle sizes and diverse
pedaling conditions, influencing predicted muscle performances. We used comprehensive
sets of kinematic, kinetic, and electromyographic (EMG) data in lower limb muscles during
various cycling conditions from twenty participants. We compared the normalized muscle
force, volume-specific power, and volume-specific work output per cycle predicted by both
mass-enhanced and massless muscle models across different scaled muscle masses,
cycling conditions, and muscles. The root-mean-squared errors (RMSE) in predicted force
and power between models served as the primary outcomes to indicate mass effects. The
results revealed an exponential increase in prediction errors with scaled muscle mass,
with an exponent of approximately 2. Errors could exceed 5 % in predicted forces for
muscles 6° times greater than their original mass, with the quadriceps consistently
displaying larger RMSE compared to calf muscles. While higher cadence cycling led to
greater RMSE values, crank load showed no significant effect on RMSE values.
Additionally, greater muscle mass resulted in a higher decrease in volume-specific net
work output per cycle. In conclusion, muscle mass emerges as a crucial determinant of
skeletal muscle behavior, particularly in muscles larger than human-sized muscles,

especially during high-cadence movement.
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3.2. Introduction

Skeletal muscles play a crucial role in enabling movement for both humans and
animals by generating forces and mechanical work. Yet, directly measuring muscle
function in living humans during movement is a considerable challenge. As a result, much
of our understanding about large human muscles is derived from models based on
experiments conducted on controlled, fully activated, isolated single fibres, or small
muscles. These models operate under the assumption that large muscles and small fibres
possess similar intrinsic properties, irrespective of their sizes or masses. Among these
models, the Hill-type muscle model holds significance as one of the most extensively used
for predicting muscle function. This model operates on the fundamental assumption that
when a muscle is scaled up, the force it produces will proportionally scale with its cross-
sectional area. It suggests that mass-specific power and mass-specific work per
movement cycle will remain constant (Zajac, 1989). However, this assumption might have
limitations due to the inertial resistance caused by muscle mass, which is a factor not

included in Hill-type muscle models.

Recent research suggests that the internal load of muscle tissues can create
inertial resistance, slowing down the rate of force development (Glnther et al., 2012) and
the maximum shortening speed of entire muscles (Ross & Wakeling, 2016). This mass
effect is more prominent in larger muscles (Bl & Reese, 2008; Ross & Wakeling, 2016),
especially during submaximal contractions, where inactive fibres may hinder contraction
speed without contributing to contractile force (Josephson & Edman, 1988; Holt et al.,
2014; Ross & Wakeling, 2016). Moreover, this inertial resistance has been observed to
decrease the mechanical work output per cycle of muscles during both simulated (Ross
et al., 2018b) and in situ (Ross et al., 2020; Ross & Wakeling, 2021) cyclic contractions.

To examine the altered dynamics of muscle contraction and performance
influenced by the mass effect, we utilized mass-enhanced Hill-type muscle models in
simulation studies (Glnther et al., 2012; Ross & Wakeling, 2016; Ross et al., 2018a; Ross
et al., 2020; Ross & Wakeling, 2021). This sophisticated model incorporates discrete point
masses along the muscle's length, controlled by Hill-type actuators. In our investigation
outlined in Chapter 2, we applied this model to analyze lower limb muscles in humans
during activities of daily living, including walking and running. Our aim was to discern

differences in predicted muscle behaviors when using mass-enhanced versus massless
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Hill-type muscle models. Our results showed increasing disparities in predicted normalized
forces as muscle size increased. Notably, during running tasks, the vastus lateralis (VL)
muscle scaled up to one thousand times its original mass exhibited the most substantial
disparity of 7.228+0.181 % F,. At the VL muscle's original size, the mass-enhanced model
predicted a small but significant difference in time-varying forces compared to the
massless model (RMSE 0.177+0.046 % F,). Furthermore, we observed more pronounced
mass effects during running and hopping activities in comparison to walking and sit-to-
stand tasks across all examined muscles. Despite the distinct kinematics of these tasks,
our findings suggested intriguing possibilities. They hinted that mass effects of the muscle
tissue itself might not be functionally important in daily movements of human-sized
muscles due to their relatively low acceleration. However, muscles involved in high-
cadence cyclic movements, characterized by increased acceleration, might display a more
prominent mass effect. This might be one of the reasons that differences between the
forces predicted by massless models and those estimated through ultrasound techniques
are greater during high-cadence cycling, as reported in a study by Dick and her colleagues
(2017).

In this study, we aimed to investigate the mass effects on human muscle
performances during high-cadence cyclic movements to see if the mass effects were more
substantial than those for the activities of daily living, due to their higher accelerations. To
explore this, we utilized cycling on a stationary bicycle as a means to delve into high-
cadence cyclic movement and its influence on mass effects. Cycling, as a controlled
activity, presented advantages by facilitating precise manipulation of mechanical demands.
This allowed for independent adjustments of external crank torque and pedaling cadence
while maintaining consistent kinematics, a level of experimental control that is often
challenging in studies focusing on gait (Hull & Jorge, 1985). Our approach involved
conducting musculoskeletal simulations based on experimental muscle contractions
during cycling. Specifically, we compared the muscle performances predicted by a mass-
enhanced model and a massless muscle model. The primary objective was to investigate
how the muscle mass effect interacts with various scaled muscle sizes and diverse
pedaling conditions in the predicted human muscle performances. We hypothesized that
the effect of the muscle mass on the predicted muscle force would increase as the cycling
cadence increased. Furthermore, considering the absence of experimental validation of

mass effects on mechanical work in human muscles, our aim was to predict muscle work
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outputs using the mass-enhanced model. We hypothesized that under the same cycling
conditions, muscle mass would lead to a reduction in the predicted volume-specific

mechanical work per cycle compared to predictions from a mass-less muscle model.

3.3. Methods

3.3.1. Experimental data collection

Comprehensive sets of kinematic, kinetic, and electromyographic (EMG) data
were previously collected from 20 competitive cyclists (gender ratio: female to male = 1:1;
mean age: 30+7.3 years; average weight: 70.5£10.5 kg; mean height: 173.5£7.5 cm;
meanzs.d.) as reported in Dick et al. (2016). The participation of all subjects was preceded
by obtaining informed consent, and the study protocol obtained ethical approval from the

ethics committees at Simon Fraser University and Harvard University.

Each cyclist engaged in a cycling protocol involving independent adjustments of
crank torque and pedaling cadence across eleven distinct conditions (five of them are
reported in this study). These conditions comprised varying crank torque levels at a
consistent cadence of 80 rpm, specifically 13-14, 26, 32, and 44 N m, and diverse
cadences of 60, 100, 120, and 140 rpm at a constant crank torque of 13 N m. The
corresponding average crank power outputs for these pedaling conditions were 115 W,
220 W, 270 W, 370 W, 80 W, 135 W, 160 W, and 190 W. In addition to these trials, data
for “maximum effort” sprint trials (high crank load and cadence) and static calibration trials
were collected for normalizing muscles’ EMG intensities and scaling a subject-specific
musculoskeletal model, respectively. Trials assessing dynamic hip range of motion were
also conducted to determine subjects’ hip centers, as detailed in the previous study (Dick
et al., 2016).

During each trial, the 3D trajectories of 32 LED markers, normal and radial pedal
reaction forces to the crank, and surface EMG patterns from 10 left lower-limb muscles
were recorded. Markers were tracked at a sampling rate of 100 Hz through an optical
motion capture system (Certus Optotrak, NDI, Waterloo, ON, Canada), and their specific
placement locations were detailed in Dick et al. (2016). Reaction forces were recorded
bilaterally at 2000 Hz using clipless instrumented pedals (Powerforce, Radlabor, Freiburg,

Germany) fixed to rigid sandals worn by the cyclist. Bipolar Ag/AgCl surface EMG
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electrodes (10mm diameter, 21mm spacing; Norotrode; Myotronics, Kent, USA) were
placed over the mid-bellies of medial gastrocnemius (MG), soleus (SOL), vastus lateralis
(VL), rectus femoris (RF), and other six muscles (not reported in this study). EMG signals
were pre-amplified (gain 1000-5000), band-pass filtered (bandwidth 10—500Hz; Biovision,
Wehrheim, Germany), and sampled at 2000 Hz as described elsewhere (Dick et al., 2016).

3.3.2. Muscle model formulations

The models used in this study included one-dimensional (1D) massless and mass-
enhanced Hill-type muscle models, which were described in details in Chapter 2. In brief,
the muscles were assumed to (1) have no aponeurosis or internal tendon, (2) have
constant volumes depending on subject’s mass and height (Handsfield et al., 2014), (3)
have parallel fibres aligned with the contraction direction of the muscle, and thus having
fibre length equivalent to the muscle belly length, (4) and have a fixed end and a free end.
The muscle force (F(t)) is assumed to be equal to its tendon force (F;(t)) throughout the
movement task, under the assumption that force is transmitted completely from the muscle
to the end of the tendon. Furthermore, the maximum muscle isometric stress (g,= 225
kPa; estimated from literature of Medler, 2002), muscle density (p = 1060 kg m~3; Mendez
& Keys, 1960), and maximum unloaded muscle shortening velocity (v,= 10 s™'; Wakeling

et al., 2012) were assumed constant.

The massless Hill-type muscle model comprised a contractile element (CE) and a

parallel elastic element (PEE) (Figure 3.1B). The CE normalized force was determined by

muscle normalized activation (a(t)), active force-length (F"a(i(t))), and active force-

di(t) 1

velocity relationships (F, (7 v—)), while the PEE normalized force was solely influenced
0

by the passive muscle force-length (F"p (i(t))) relationship (Figure 3.1C). These

relationships were based on normalized values of force, length, and velocity. Force is
normalized to its maximum isometric force, velocity is normalized to the maximum
unloaded muscle shortening velocity, and length is normalized to its optimal length
(indicated by a hat symbol to denote normalization). The relationships were built using
Bézier curves (REF Steph’s paper here) fitted to experimental data for CE normalized
forces (Winters et al.,, 2011) and for PEE normalized forces (Roots et al., 2007).

Additionally, the model was connected to a massless tendon (serial elastic element, SEE)
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at the free end. The tendon force-length property (. (I(t))), which also depicted
normalized force and length relationship, was established using Bézier curves (Ross et
al., 2018) fitted to human Achilles tendon data (Dick et al., 2016), and had an initial slope

instead of horizontal line on the tendon force-length curve to facilitate computation.
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Figure 3.1. Muscle models used to simulate experimental contraction cycles.
The model consisted of an active muscle component (CE, contractile element), a passive muscle
component (PEE, parallel elastic element), and a tendon (SEE, serial elastic element) (A, B). Each
point mass is accelerated by its adjacent components, either muscle actuators (F;(t)) or tendon
force (Fi(t)) (A). The muscle force was the sum of forces from CE and PEE which depended on
normalized activation level, normalized muscle force-length property (C, left), and normalized
muscle force-velocity property (C, middle). The tendon force from SEE depended on tendon force-
length property (C, right). F;([;), normalized tendon force as a function of I;; £,([), normalized active
muscle force as a function of [; £, (1), normalized passive muscle force as a function of [; £, (),
normalized active muscle force as a function of 7.

Utilizing the time-varying MTU length and muscle activation level obtained from
the experiment, along with the computed optimal muscle and slack tendon lengths

discussed in Chapter 2, muscle force can be calculated by solving the following equations:
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F(t)=F,-| a@®)k, (i(t)) g (dz(t) -l> +E, (i(t)) (3.1)

ar vy
F(t) = Fy- F (L) (3.2)
F(t) = F(t) (3.3)

where I(t) and [ (t) are normalized muscle belly and tendon lengths, respectively, and F,

is the maximum isometric muscle force.

The mass-enhanced Hill-type muscle model incorporated muscle mass using 16
point masses distributed along the muscle's length (Figure 3.1A). These masses were
connected by Hill-type actuators that generated force to accelerate them. The segments
between point masses were modelled using the same formulation as the massless Hill-
type model. The last point mass at the free end of the muscle was connected to a massless
tendon. Each point mass was accelerated by the resultant of its adjacent forces (F;, 1 (t),
F;(t), or F.(t)), which changed the position of each point mass (x;(t)). For each point mass,
the resultant of the forces from the neighboring segments (F;.,(t) and F;(t)) equaled to
the product of mass (m;) and its acceleration caused by that resultant force. For the last
point mass (m,,), the resultant force acting on it came from the force of the nth segment
(F,(t)) and the tendon force (F.(t)):

d®x;(t)

Fiy1 () — Fi(6) = my e (3.4)
2
F(t) — F, () = mnd:ic—zlz(t) (3.5

where i is an integer ranging from 1 to 15, denoting the point mass and segment number,

while n is 16, representing the last point mass and segment.

3.3.3. Experimental data processing

The EMG signals of each muscle were transformed into total EMG intensity (a
function of the square of EMG signals) using a wavelet decomposition analysis (von
Tscharner, 2000) across frequency bands ranging from 10 to 450 Hz. Given the linear
relationship between muscle force and EMG signal amplitude (Milner-Brown & Stein,
1975), the square root of the total EMG intensity was used as the measure for muscle

excitation (rather than total EMG intensity). Subsequently, muscle excitation (#i(t)) was
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normalized to the maximum excitation observed during the 'maximal effort' cycling trials,
and then transformed into normalized muscle activation levels (a(t)) through the
application of a transfer function (Zajac, 1989).

da(t) N acr) (ﬁ LA (1— ﬁ’)) _ i(t)

dt Tact Tact

(3.6)

where = 0.6 and t,.= 0.045. Details for this process have been described elsewhere
(Lee et al., 2011; Dick et al. 2017).

The subject-specific LED maker locations were imported to OpenSim 3.3 (Delp et
al., 2007) to scale an existing musculoskeletal model (Rajagopal et al., 2016) and simulate
experimentally-matched 3D kinematics. The time-varying muscle-tendon unit (MTU)
lengths (Iyty(t)) during each task were estimated using Inverse Kinematics tool. The
optimal muscle-tendon unit (MTU) length was calculated as the product of optimal fibre
length and the cosine of the pennation angle, plus the slack tendon length, which were
provided by a musculoskeletal simulation environment (OpenSim 3.3). The optimal muscle
and tendon slack lengths were determined by solving the equation where the passive force
produced by the relaxed, static muscle was equivalent to that produced by tendon. These
lengths were used to normalize muscle and tendon lengths. Additionally, an initial relaxed,
static condition without muscle excitation and MTU length change was created and
appended prior to the actual experimental data to facilitate computation as described in
Chapter 2.

To test the mass effects, simulations were conducted for comparing muscles of
varying masses while maintaining identical musculoskeletal geometric properties. Muscle
sizes (masses) were manipulated by multiplying the MTU lengths with twelve different
scaling factors, s (s = 0.1, 0.2, 0.5, 1, 1.6, 2, 3, 4, 5, 6, 7, and 10). Consequently, the
muscle and tendon lengths were proportional to the scaling factor; the muscle PCSA
(PCSA,) and maximum isometric muscle force (F,) were both proportional to the square of
the scaling factor, as F, is the product of PCSA, and maximum isometric stress; the
muscle volume, mass, power and work output were proportional to the cube of the scaling

factor.
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3.3.4. Data analysis

The predicted muscle performances (F, normalized muscle force; P,, volume-
specific power; W, volume-specific work done per cycle) predicted by these mass-
enhanced and massless Hill-type muscle models were compared for the 20 participants
across twelve scaled sizes, four muscles, and three cycling conditions (low cadence-low
torque: 80 r.p.m. and 14 N m; low cadence-high torque: 80 r.p.m. and 44 N m; high
cadence-low torque: 140 r.p.m. and 13 N m). The muscle power was determined by
multiplying instantaneous force and velocity, while net, positive, and negative work done
per cycle were computed by integrating mechanical power over time across a crank cycle.
Volume-specific power and volume-specific work per cycle were calculated by dividing
power and work by the muscle’s volume, respectively. The normalized muscle force and
volume-specific power were presented as the percentage of the maximum normalized
muscle force (% F,, where F, equals 1) and the percentage of the optimal volume-specific
power (P, o). P, o Was calculated as the product of the maximum area under normalized
force-velocity relationship curve during muscle shortening, the maximum isometric muscle
stress (ag,), and the maximum unloaded muscle shortening velocity (v,). Average values

were computed based on data from the last three crank cycles of the testing period.

To compare both model-predicted normalized muscle forces (F) across scaled
sizes, we used the normalized force predicted by the massless model at scale 1 as a
reference value. Then, we compared the predicted normalized muscle forces of both the
massless and mass-enhanced models across different scales with this reference. The
primary outcome measure for assessing the disparity between predicted normalized force
and the reference was the root-mean-squared error (RMSE). RMSEwe reflects the
difference between the predicted normalized muscle force using the mass-enhanced
model at a specific scale and the reference, while RMSEw. indicates the difference for the
massless model. The same proves was applied for the evaluation of RMSE in volume-
specific power (B,). Subsequently, a general linear model ANOVA was conducted to
explore potential variations in RMSE (dependent variable) considering models, muscles,
cycling, and pedaling conditions (fixed variables), along with subjects (random variable).
Statistical significance was established at P<0.05, and data were presented as means

with standard error of the mean (SEM).
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To assess the impact of cycling cadence and load on the differences in model-
predicted forces, we further examined forces predicted under two additional pedaling
conditions: 100 r.p.m. with 14 N m, and 80 r.p.m. with 26 N m. The choice of the VL muscle
for analysis was based on its larger volume proportion within a singular lower limb
compared to the other three tested muscles (Handsfield et al., 2014), and its substantial
contribution to positive work during cycling (Broker and Gregor, 1994; Martin and Brown,
2009). These characteristics enhanced our ability to observe potential mass effects on

work more distinctly.

To explore the impact of mass effects on work output, we evaluated the volume-
specific MTU work output per cycle (W), contrasting predictions from the mass-enhanced
model against those from the massless model across varied muscle sizes. Our focus was
on the VL and SOL muscles due to their larger volume proportions within the quadriceps
and calf muscles, respectively, in comparison to the other muscles studied. These
muscles were expected to demonstrate more noticeable mass effects. Additionally, we
deliberately opted for a high load (44 Nm) and low cadence (80 rpm) pedalling condition.
Previous findings suggested that cycling at higher crank loads and lower cadences tends
to yield greater net work output (Lai et al., 2021). This choice aimed to enhance our ability

to observe changes in net work output relative to the scale factor.

3.4. Results

When comparing the predicted F of the massless model at various scales with that
of the massless model at scale 1, our results for high cadence (140 r.p.m.)-low torque (13
N m) condition showed that all the RMSEw. were minimal, with the largest RMSEw. of
0.0021£0.000 % F,. This suggested that when employing the massless model, the
predicted F showed minimal changes with the scaled size, staying nearly identical to the
predicted F at scale 1 (Figure 3.2A). In contrast, the RMSEwe grew exponentially with the
scale factor for all tested muscles. When averaged across muscles and subjects, post hoc
analysis revealed that the RMSEwe values at scale factors 3 and larger were significantly

different from the RMSEwe values at any scale factor, with the largest RMSEve of 7.043%

0.283 % F, at scale 10. No significant differences in RMSEwue were shown among the scale
factors 0.1, 0.2, 0.5, 1.0, 1.6, and 2.0, where RMSEwe increased from 0.072+0.041 to

0.441%0.038 % F,. This suggested that the discrepancy in the predicted F, when
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considering the mass effect in the model compared to not considering it, became more
noticeable with larger muscle sizes. The exponential increase of RMSEwe with scaled
muscle sizes was also observed when comparing the volume-specific power (P,) predicted

by the two models across pedalling conditions and muscles (Figure 3.2C).
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Figure 3.2. The muscle mass (size) effect on the differences between massless
and mass-enhanced model predictions of muscle performances.
The diamond marks, linked by a solid dark grey line, illustrate the root-mean-squared error (RMSE)
in the normalized muscle forces (F; A) and the volume-specific power (P,; C) between the
predictions by the massless model at a particular scale and those observed at scale 1 for VL muscle
(RMSEwmL). Other muscle values are not shown due to overlap with VL muscle data. Each additional
mark represents the RMSE between the predicted F of the mass-enhanced model at a particular
scale and that of the massless model at scale 1 (RMSEwme). Each distinct colour and shape
corresponds to a specific muscle. The X-axis markers have been adjusted to a log scale. (A)
RMSEw. is nearly zero across scales, indicating that F predicted by the massless model at various
scales are almost identical to the F predicted at scale 1. In contrast, RMSEwe increases as the
scale factor increases across all tested muscles, indicating that F predicted by mass-enhanced
model deviate more distinctly from the F predicted by massless model at scale 1 when muscle size
becomes larger. (B) The Y-axis markers have been adjusted to illustrate the log-transformed
RMSEwme (Log RMSE). Our results showed a strong linear relationship between the logarithmic
values of scale factor and the logarithmic values of RMSEwme across muscles. (C) RMSEwe in B,
also increases as the scale factor increases across all tested muscles. (D) The log-transformed
RMSEwe values in P, shows a linear increase with logarithmic value of scale factor except at scale
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0.1. The representative data was taken from muscles in high cadence (140 r.p.m.)-low load (13 N
m) pedalling condition averaged across subjects.

As the variance of RMSEwe values across different scales increased with scale
factor, it violated one of the assumptions of ANOVA test that requires homogeneous
variance among groups. To illustrate the change in RMSEwe across different scale factors,
particularly at lower scales, we conducted a logarithmic transformation of the RMSE e
values (Figure 3.2B & 3.2D). We found significant differences in the log-transformed
RMSE values in F among scale factors (P<0.001), with the differences increasing at larger
scale factors. Strong linear relationships were found between the logarithmic values of
scale factor and the logarithmic values of RMSEye in F for all muscles (r?> 0.99). The
linear relationship in F when averaged across muscles and subjects for high cadence-low
torque condition was: log(RMSEwe) = 1.9253 - log(scale factor) — 1.0566 (r?= 0.999),

which can be converted as: RMSEnme = 0.088 - (scale factor)'92%. In contrast, the log-

transformed RMSE values in B,, when averaged across muscles, also showed an increase

with the scale factor, but no significant differences were found between scales 0.1 and 0.2.
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Figure 3.3. Comparison of mass effects among muscles and among pedalling
conditions.

(A) The RMSEwe values, when averaged across scales and pedalling conditions, are significantly

different among muscles. (B) The RMSEwme values in VL muscle, when averaged across scales,

increases significantly with pedalling cadences, with the lowest RMSEwe of 1.666+0.106 % F, for

80 r.p.m., and the highest RMSEwe of 2.866+0.159 % F, for 140 r.p.m.. The RMSEwe values in VL

muscle are not significantly different among various crank loads.

We compared the RMSEwe in F across tested muscles to analyze the mass effect
on model-predicted forces for different muscles during cycling. We found that, when

averaged across scales and pedaling conditions, higher RMSEwe values were observed
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in the quadriceps muscles (VL, RF) compared to the calf muscles (MG, SOL) (P<0.001).
Post hoc analysis revealed significant differences in RMSEwve among muscles (P<0.05).
The RMSEwe values for VL, RF, SOL and MG muscles were 2.116+0.076, 1.253+0.034,

0.827%0.030, 1.061%0.032 % F,, respectively (Figure 3.3A). This pattern, larger RMSE ve
in the quadriceps (VL, RF) compared to the calf muscles (MG, SOL), persisted

consistently across all examined scales except scale 0.1. For the comparison of RMSEwe
in F across various cadences (80-140 r.p.m.) and crank loads (14-44 N m) in VL muscle,
our results showed an increase in RMSEye with higher cycling cadence when the load
was set at 13-14 N m (Figure 3.3B). When averaged across scales, the RMSEwe values
in VL muscle were 1.666+0.106, 2.274%0.145, 2.866+0.159 % F,, for 80, 100, 140 r.p.m.,

respectively. Significant differences were found among these RMSEwe of different
cadences by post hoc analysis (P<0.05). In contrast, when comparing RMSEwe across
different crank loads in conditions of fixed cadence (80 r.p.m.), crank loads did not exhibit
significant effect on the RMSEwme values. Consequently, the variations between the
predictions of the two models increased with the pedaling cadence but showed no
significant influence from the crank load factor. This suggested a more pronounced mass

effect at higher cadences.

When comparing the RMSEe values in F among the three cadences across scale
factors in VL muscle, we found that the RMSEwe values for all three cadences exhibited
an exponential increase with the scale factor. Additionally, the higher cadence group
consistently showed higher RMSEye values across scale factors, except at scale 10,
where the RMSEwe values for 100 r.p.m. is the highest but not significantly different from
those for 140 r.p.m. (Figure 3.4A). When conducting paired comparison between
cadences at each scale, the RMSEwe values for 140 r.p.m. became significantly different
from those for 80 r.p.m. at scale 3 and larger, while the RMSEwe values for 140 r.p.m.
significantly differed from those for 100 r.p.m. at scale 4 and larger. Significant differences
in the RMSEwe values between 100 r.p.m. and 80 r.pm. were observed at scale 6 and
larger. The log-transformed RMSEwe revealed significant differences among the three
cadences across all the scales, showing higher values at higher cadences (Figure 3.4B).
However, no significant differences were observed between 80 and 100 r.p.m. at scale
0.1, as well as between 100 and 140 r.p.m. at scales 7 and 10. By examining the linear
relationships between log-transformed values of RMSEwe in VL muscle and logarithmic

values of scale factor for these three cadences, we found the relationships as: RMSEwe =
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0.068 - (scale factor)?%?7 for 80 r.p.m.; RMSEwe = 0.088 - (scale factor)?%2 for 100 r.p.m.;
RMSEwe = 0.150 - (scale factor)'92 for 140 r.p.m.. In contrast, the RMSEye values in F

across scale factors were not sensitive to crank load across scaled VL muscle sizes
(Figure 3.4C & 3.4D). No significant differences in log-transformed RMSE values were
found among the three crank load conditions across scales, except for the comparison

between crank loads of 14 N m and 26 N m at scale 0.1.
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Figure 3.4. The effects of cadence and crank load across various scaled muscle
sizes on the differences between the two model-predicted normalized
forces.

The X-axis markers have been adjusted to a log scale. (A) The RMSEwe values across scales for

different pedalling cadences in VL muscle exhibit an exponential increase with scale factor, with

the trend of higher RMSEwme at higher cadence, except at scale 10, where the RMSEwe values for

100 r.p.m. is the highest but not significantly different from those for 140 r.p.m.. (B) Higher cadence

groups show higher log-transformed RMSEwe values across scales except at scale 10. (C) RMSEwme

for different pedalling crank loads in VL muscle are similar across scales. (D) No significant
differences in log-transformed RMSE values were found among the three crank load conditions

across scales, except for the comparison between crank loads of 14 N m and 26 N m at scale 0.1.
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Figure 3.5. Volume-specific MTU work output per cycle (W,) across scales during
high load (44 N m)-low cadence (80 r.p.m.) pedalling condition.

Top, middle, and bottom rows indicate net, positive, negative MTU work output per cycle,

respectively, for VL (A) and SOL (B) muscles. Volume-specific MTU work outputs per cycle were

predicted using both massless (Grey bar) and mass-enhanced (Dark blue bar) muscle models.

The volume-specific net, positive, and negative MTU work outputs per cycle
predicted by the massless model remained relatively constant for both the VL (-288.4,
9962.7, -10251.0 J m=3, respectively) and SOL (290.7, 6149.8, -5859.1 J m3,
respectively) muscles, despite the increasing scale factor (Figure 3.5). In contrast, the
volume-specific net, positive, and negative MTU work outputs per cycle predicted by the
mass-enhanced model exhibited variability across scales. At smaller scaled sizes (scale
factor 1.6 or less), these outputs mirrored those of the massless model, remaining
relatively constant. However, beyond a scale factor of 2, there was a noticeable trend: the
volume-specific positive work tended to decrease, while there was an increase in the
volume-specific negative work. As a result, the volume-specific net work of the MTU
tended to become more negative as muscle mass increased. These findings suggested

that increased muscle mass led to a reduction in the mechanical work output of the MTU
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per cycle as predicted by models incorporating mass effects, in contrast to those without

mass considerations.

3.5. Discussions

The study aimed to assess the magnitude of the muscle mass effects in human-
sized muscles during higher cadence cyclic movements and the impact of scaled muscle
sizes on predicted muscle performances by the mass-enhanced model in comparison to
the massless model. Our preliminary investigation (Chapter 2) focusing on activities of
daily living displayed minimal mass effects at scale 1, likely due to low muscle acceleration.
Hence, the study in this chapter used cycling to achieve a higher cadence (140 r.p.m.) of
cyclic movement. Despite this, when assessing mass effects through RMSE between
predicted performances using the two models, minimal differences in muscle force and
power per cycle (0.15810.040 % F,; 0.094+0.020 % P, , averaged across muscles) were
observed at scale 1. However, upon scaling muscle mass 102 times larger, high-cadence
cycling showed a larger RMSE value averaged across muscles (7.043 % £,) compared to
daily activities (4.631 % F, averaged across tasks, with the largest value of 6.272 % F, in
hopping). Notably, the increase in RMSE values followed an exponential pattern with the
scale factor, suggesting that significant differences in model-predicted forces became
apparent only when muscle size reached a certain threshold, indicating the emergence of
non-negligible mass effects. Similar findings were reported in previous studies examining
scale 10 and 100 on a simulated fibre bundle and rat plantaris muscles, where minimal
differences were found between the smaller scale simulations (Ross et al., 2018; Ross et
al., 2021). According to the current study, if we consider acceptable errors to be less than
5 %, mass effects might be negligible for a muscle less than 52 times larger in mass during
140 r.p.m. cycling; however, it becomes important to consider these effects when dealing

with muscles 63 times larger in mass or more.

3.5.1. Mass effects in different muscle groups

The quadriceps muscles consistently exhibited larger RMSE values compared to
the calf muscles across various pedalling conditions and scales examined in this study.
These differences indicate the different magnitude of mass effects between the muscle

groups. Given that mass effects depend on the magnitude of tissue mass and its
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acceleration, the higher RMSE values in the quadriceps might not only stem from their
greater mass but also greater accelerated motion compared to the calf muscles. This
aligns with a prior study suggesting that muscles undergoing greater strain movements
tend to induce more pronounced mass effects (Ross et al.,, 2020). Therefore, we
compared the root-mean-squared (RMS) MTU strain and acceleration per cycle among
these muscles, averaged across subjects and the three cycling conditions. The root-mean-
squared (RMS) MTU strain per cycle was 0.074+0.001, 0.038+0.001, 0.049+0.004, and
0.036+0.001 for VL, RF, SOL, and MG muscles, respectively. The RMS MTU acceleration
per cycle at scale 1 was 2.165+0.070, 1.355+0.038, 1.411+0.053, 1.461+0.042 m s2 for
VL, RF, SOL, and MG muscles, respectively. Additionally, the proportion of muscle volume
relative to the total volume of muscles in a single leg is assumed to be 0.1166, 0.0379,
0.0621, and 0.0362 for VL, RF, SOL, and MG muscles, respectively (Handsfield et al.,
2014). The VL and SOL muscles occupy a larger proportion of the lower limb volume
compared to the RF and MG muscles. The VL muscle had the highest RMS strain and
acceleration as well as the largest muscle volume compared to other tested muscles. This
might explain why VL muscle exhibited the largest difference in predicted F between
massless and mass-enhanced models. However, the RF muscle, which exhibited the
second largest RMSE in predicted F, had relatively smaller MTU strain, acceleration and
muscle mass. In contrast, the SOL muscle, which had the second highest MTU strain and
acceleration as well as the second largest muscle volume, exhibited the lowest RMSE
among these muscles in our results (Figure. 3.3A). These findings cannot be attributed to
the effects of MTU strain and acceleration on the RMSE values of muscles. In our previous
study (Chapter 2), we observed that daily activities with higher MTU acceleration averaged
across muscles displayed larger RMSE values (Figure 2.9). However, when we compared
the MTU acceleration of each muscle during the same activity, we were unable to identify
a clear relationship between a muscle's RMSE values, its MTU acceleration, and muscle
mass. Consequently, further investigation is necessary to identify factors influencing the

differences in predicted forces among various muscles.

The predicted normalized muscle forces interact with the level of muscle activation
(Equation 3.1), potentially influencing the observed errors. A previous study has
demonstrated an increase in errors in traditional massless Hill-type models when
estimating in situ cat soleus muscle forces during submaximal contractions compared to

maximal contractions (Millard et al., 2013). One of the explanation is that inactive fibres in
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submaximal contractions contribute to internal load instead of producing force, thus
amplifying the mass effect and causing the errors in massless models. To understand how
muscle activation affects RMSE values, we further calculated the difference in £ predicted
by mass-enhanced and massless models using the aforementioned equations. We
assumed that muscle forces were entirely transmitted to the tendon, equating muscle
forces to tendon forces in both models. By utilizing Equations 3.1 — 3.3, the tendon forces

of the massless model (F.(t)ym1) Were predicted as follows:

F®m = Fo - (OB DE®) + (1)) - cosa (3.7)

To calculate tendon forces (Fi(t)mg) in the mass-enhanced model, we combined

Equations 3.4 and 3.5 as follows :

Fe(®)me — F1 () = Z m; ;Tz(t) (3.8)

i=1
Subsequently, by substituting F; (t) (the first muscle segment force) with Equation 3.1, the

tendon forces were calculated as follows:

RO = Z m O ((OREE) + R wsa (39)

where [; and ?; were normalized length and velocity of the first muscle segment.

The values of RMSE between model-predicted normalized muscle forces were

therefore determined by the differences between Equations 3.7 and 3.9 as follows:

Fe(®)me — Fe(®mL (3.10)

1 i d2x;(t)
R AVATY
i=1

+((aA@)AEE) + K1)
- (A®EDA® + Fy(D) ) cos

The differences between F (t)yg and F.(t)y, stem from two components. One
component is related to a(t), I;, and . Since velocity is the first derivative of length with

respect to time, #; and ¥ are interconnected with [, and [, respectively. While [ is derived
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by solving Equations 3.1 — 3.3 and is unaffected by scale factor, [, is solved using
Equations 3.4 — 3.5 and is influenced by inertial resistance, thus affected by the scale
factor. Note that a(t) contributes to both I;, and [ calculations. The other component of
the difference involves F,, m;, and x;(t). The point masses m; scale with scale?, x;(t)
scale with scale’, and F,, scale with scale?, making this component proportional to scale?.
Consequently, this may explain our findings that RMSE e is proportional to the range from
scale’® to scale2. While the muscle activation level contributes to the RMSE values, its
influence might be outweighed by other factors within Equation 3.10, such as the

magnitude of muscle mass and its acceleration.

3.5.2. Mass effects across Pedalling conditions

The impact of mass effects on muscle behaviour during cyclic contractions can
vary significantly depending on task conditions. Higher crank torque increases positive
MTU work and motor-like function (Lai et al., 2021), whereas higher pedalling cadence
triggers earlier muscle excitation, resulting in increased negative work and a spring-like
behavior (Neptune et al., 1997; Wakeling et al., 2006; Neptune and Herzog, 1999; Kautz
and Neptune, 2002; Lai et al., 2021). To explore this relationship concerning pedalling
conditions, we manipulated the mechanical demands of cycling by independently
adjusting crank torque and cadence. These alterations challenged muscles to adapt their
function to meet the changing mechanical requirements. Our findings align with prior
research (Dick et al., 2017; Wakeling et al., 2021), which observed discrepancies between
forces predicted by massless models and measured forces across diverse conditions of
cyclic movement. Similarly, we discovered discrepancies between functions predicted by
massless and mass-enhanced models that were pronounced at higher cadences and
unaffected by crank load (Figure. 3.4). This trend suggests that mass effects amplify when

muscle mass experiences faster acceleration.

These increased mass effects at higher cadences become more noticeable as
scaled muscle size increases (Ross et al., 2020), especially beyond human-sized muscles
(Figure 3.4A). Our results showed that when predicting forces of a muscle 63 times larger
than its original mass, mass effects could lead to errors exceed 5 % at a pedalling cadence
of 140 r.p.m., while remaining below 5 % at lower cadences (Figure 3.4A). However, for

smaller muscle sizes, mass effects appeared less sensitive to pedalling cadence.
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Equation 3.10, which elucidates the variables influencing RMSE calculations, highlights
that the scale factor and pedalling cadence, directly linked to mass and acceleration
magnitudes, primarily determine these differences. In contrast, crank load, impacting

activation levels (Dick et al., 2016), showed no significant effect on the differences.

It is important to highlight that certain alterations in muscle behavior under varying
pedalling conditions are not captured in our one-dimensional, single-element, mass-
enhanced model. For instance, increased cadence led to a change in the motor unit
recruitment (Dick et al., 2017), and an increase in muscle belly gearing (Wakeling et al.,
2011) that are both not considered in this study. Also, the impact of muscle mass in the
two-element muscle models (Lee et al., 2013b) and three-dimension muscle models (Ross

et al., 2018b) was additionally not considered and warrants further investigation.

3.5.3. Mass effects on volume-specific work across scaled sizes

Research has consistently shown that increased muscle mass correlates with
decreased mechanical work output during cyclic movements (Ross et al., 2018; Ross et
al., 2020; Ross et al., 2021). As muscles become larger, maintaining similar geometric
properties, their force-generating capacity increases with cross-sectional area while their
mass increases with volume. Consequently, larger muscles encounter higher inertial loads
relative to the force they produce, demanding more internal work to deform muscle tissue
and accelerate their internal mass, especially within three-dimensional models (Ross et
al., 2021). This inertial cost becomes more pronounced in larger muscles, resulting in
reduced external volume-specific work as the finite amount of energy available during
contraction is diverted to strain-energy potentials within the tissue and to accelerate
internal mass (Wakeling et al., 2020; Ross et al. 2021).

Our results indicate a decrease in net volume-specific work per cycle for the VL
and SOL muscles with increased muscle size, consistent with previous findings (Ross et
al., 2018b; Ross et al.,, 2020; Ross et al., 2021). However, a notable disparity was
observed in the VL muscle, exhibiting a negative net work output during low cadence-high
load cycling. This contradicts earlier research suggesting that the VL is a primary
contributor to positive work during cycling (Broker & Gregor, 1994; Lai et al., 2021). To
investigate this discrepancy, we compared our study, which utilized the same

experimental data as Lai and colleagues (2021), to their methods. In our study, we
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employed measured EMG intensity to calculate muscle activation, while Lai and
colleagues used computed muscle control (CMC) (Thelen & Anderson, 2006) to predict
muscle excitation and activation. Upon examining our experimental VL muscle activation
data, we observed inconsistency in VL muscle activation across pedalling cycles among
subjects. This might introduce potential errors in predicting muscle function. Additionally,
while the CMC-predicted activation drops to nearly zero around 270 degrees of the crank
cycle, the measured activation remains non-zero, suggesting that the VL muscle is
activated and undergoes eccentric contraction during this recovery phase of cycling. This
discrepancy may contribute to a greater negative power and work output in our study

compared to using CMC-predicted activation.

The reduction in mechanical work output per cycle due to increased muscle mass
varied among studies, potentially attributable to differences in the muscles studied and
experimental conditions. Ross and colleagues (2018) simulated muscle contractions using
a fibre-bundle sized muscle (6.7 x 1077 kg), observing a 12% reduction in mechanical work
with a 1003-fold increase in muscle mass. In another study on rat plantaris muscles (5.71
x 107 kg), a 123% increase in effective mass led to a 4.7% reduction in mechanical work
(Ross et al., 2020). When simulating the contraction of the rat plantaris muscle with muscle
strain set at 10 %, an approximately 10% reduction in work was observed by adding about
250% lumped effective mass, whereas an approximately 10 % reduction in work was
observed by adding about 375% distributed effective mass (Ross et al., 2020). However,
our focus on human muscles, notably larger, led us to observe a 9.4 % reduction in
predicted MTU net work per cycle for the VL muscle (0.870 kg averaged across subjects)
scaled up to 33 times their original size during high load-low cadence pedalling, and a 12.6
% reduction for the SOL muscle (0.463 kg) scaled up to 42 times their original size (Figure
3.5). Additionally, our study explored evenly distributed muscle mass along the muscle
length. Unlike concentrating mass in specific positions, distributed mass showed reduced
mass effects with increased muscle mass (Ross et al., 2020). This is because distributed
point masses, which can move independently, have the potential to reduce overall
resistance to force generation due to opposite directions of inertial resistance, thereby
mitigating the mass effects. Although distributed mass simulations might better model
continuous mass throughout a muscle volume, real muscles typically exhibit uneven
volume or mass distribution along their length. For instance, human leg muscles have their

greatest cross-sectional area at the midpoint, gradually tapering off towards both proximal
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and distal ends (Fukunaga et al., 1992; Maden-Wilkinson et al., 2013). Also, regional
variations in muscle activation could affect the distribution of inactive muscle mass during
submaximal contractions (Wakeling, 2009; Hodson-Tole et al., 2013). Therefore, neither
lumped nor distributed muscle mass could fully capture the complex inertial properties of

in vivo muscles.

Furthermore, our study incorporates models featuring a tendon in series. The
impact of the tendon on overall muscle-tendon unit (MTU) work depends on the phase of
excitation relative to the initiation of MTU shortening (Lichtwark et al., 2005; Ettema, 1996;
Ettema, 2001; Sawicki et al., 2015). Early muscle activation during MTU lengthening can
facilitate the storage of elastic energy within the tendon, capable of preserving energy
from external work and the contraction of muscle fibers (Ettema, 2001). This stored elastic
energy can subsequently be utilized during the shortening phase, enhancing both MTU
work output and efficiency. However, in our study, because of the identical activations
relative to the MTU shorten-lengthening cycle, regardless of scaled size, the interplay
between the excitation phase and MTU stretch-shortening cycle remained consistent
across models and scale factors. With the inclusion of mass in the model, scaled across
different sizes, it influences both muscle and tendon length alterations while maintaining
a constant MTU shorten-lengthening cycle. The inertial resistance might result in the
uncoupling of muscle length changes from MTU length changes, causing the tendon to
shorten while the MTU elongates. Consequently, this may limit or prevent energy storage
within the tendon, leading to a decrease or absence of external work. The variance in
tendon effects across scaled masses is reliant on the relative alterations in tendon length

caused by inertial resistance.

3.6. Conclusions

This study provided insights into the effects of muscle mass on performances
during high-cadence movements in humans. Our results suggested that, while normalized
forces predicted by a massless model remained constant across scaled muscle sizes, the
differences between the normalized forces predicted by mass-enhanced models and
those by the massless model increased exponentially with scaled muscle sizes, indicating
a greater impact of mass in larger muscles. The vastus lateralis muscle exhibited a greater
mass effect compared to other muscles, possibly due to its larger size, greater MTU strain

and acceleration during cycling. Additionally, greater mass effects were observed at higher
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cycling cadences where the accelerations were high, while crank load did not influence
these effects. Furthermore, volume-specific net work output per cycle decreased as
muscle mass increased. In conclusion, muscle mass is a crucial determinant of skeletal
muscle behavior, particularly in muscles larger than human-sized muscles and particularly
during high-cadence movement.
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Chapter 4.

Mass effects on human muscle function: implications,
limitations, and future directions

4.1. Summary of thesis

Muscle mass has been considered as a crucial determinant influencing overall
muscle contractile behavior throughout the body. Previous studies exploring the impact of
mass on muscle performance reveal significant outcomes: greater muscle mass is
associated with a reduction in the rate of muscle force development (Gunther et al., 2012),
a decrease in maximum contraction velocity (Meier & Blickhan, 2000; B6l & Reese, 2008;
Ross & Wakeling, 2016), lowered mass-specific mechanical work output, and average
power per cycle (Ross et al., 2018a; Ross et al., 2020). Efficiency of muscle contraction
is also diminished with increased muscle mass (Ross & Wakeling, 2021). Moreover, three-
dimensional models, accounting for muscle mass, highlight that greater muscle mass
leads to heightened volume-specific internal kinetic energy, increased energy stored in
the aponeurosis, and non-uniform tissue acceleration during contractions (Ross &
Wakeling, 2021). Despite these findings, examinations of mass effects and models
integrating these effects had been primarily confined to in silico and in situ experiments.
Notably, there was a lack of research investigating the effects of muscle mass in living
human muscles during locomotion— a scenario where muscles undergo submaximal

contraction and cyclic movement, with tissue mass likely exerting a substantial impact.

In my first study (Chapter 2), | used a mass-enhanced Hill-type muscle model to
simulate human muscle contractions during various daily activities. | compared the
predicted forces with those of a more traditional massless Hill-type model across scaled
muscle mass, different muscles, and varied tasks. The assessment of the root-mean-
squared errors (RMSE) between the two model-predicted forces served as an indicator of
the impact of muscle mass, where a larger RMSE denoted more substantial mass effects.
The findings indicated that while mass effects can significantly influence muscle
performance in daily human movement, their impact is minimal and perhaps negligible in
human-sized or smaller muscles. However, this effect becomes more pronounced as

muscles scale to larger sizes. Moreover, the study revealed that mass effects were
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particularly prominent during running and hopping compared to walking and sit-to-stand
tasks across all tested muscles and scaled sizes. Specifically, the quadriceps (vastus
lateralis and rectus femoris) exhibited greater mass effects compared to calf muscles
(medial gastrocnemius and soleus) at original or larger scaled sizes across all tasks,
except in hopping where soleus muscle displayed the most significant mass effects.
Notably, the disparities between tasks or among muscle groups were more prominent at
larger scaled muscle sizes. These variations might be attributed to differences in each
muscle's mass and its accelerations, with greater mass effects observed in muscles with

larger mass and higher acceleration during higher-cadence movement tasks.

The limited mass effects observed in human-sized muscles during daily activities
in Chapter 2, potentially due to the relatively low acceleration of muscle mass in these
scenarios, prompted the exploration of more pronounced mass effects in my second study
(Chapter 3). In this study, cycling was employed, offering the opportunity to increase the
cadence of movement while keeping kinematics constant. This approach aimed to assess
whether mass effects could become more prominent and to analyze the variations in mass
effects across scaled sizes and pedaling conditions. The findings revealed that the effects
of muscle mass, evaluated through the RMSE between the two model-predicted forces,
exhibited an exponential increase with the scale factor, featuring an exponent of around
2. Notably, the RMSE surpassed 5 % when muscle mass was 62 times larger or more,
depending on specific muscles and pedaling conditions. Furthermore, consistent
observations indicated larger RMSE and consequently greater mass effects in the
quadriceps compared to the calf muscles across all examined scales. Additionally, the
study unveiled that mass effects increased with pedaling cadence, while exhibiting no
significant influence from the crank load factor. Moreover, greater muscle mass resulted
in a reduction in mechanical work output per cycle, as predicted by mass-enhanced
models, in contrast to massless models. In summary, the studies within this thesis
contribute valuable insights into the extent of muscle mass effects on contractile

performances across various types of human locomotion.

4.2. Limitations and future directions

This is the first study exploring mass effects on muscle performances during
human locomotion. Although the study has broadened our initial understanding of the

extent of muscle mass effects across various scaled muscle sizes and activities by
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examining the prediction disparities between mass-enhanced and massless models, it is
imperative to acknowledge certain limitations in the current model employed in this study.
These limitations stem from certain assumptions and constraints, preventing the model
from fully capturing the diverse spectrum of potential muscle properties and contraction

conditions inherent in real muscles.

Firstly, while the outcomes of my studies shed light on potential errors in predicting
forces using a massless model, they fall short of providing insights into the accuracy of
predicting forces using mass-enhanced models or the degree of similarity between
predicted and measured forces. In subsequent research, it would be benéeficial to explore
avenues such as comparing predicted forces from mass-enhanced models to ultrasound-
measured forces in human muscles during cycling (Dick et al., 2017). Additionally,
comparing predicted forces to directly measured forces in animal muscles could offer

further insights into the accuracy of mass-enhanced models.

Secondly, the varied functions of each muscle in different movement tasks and
conditions are influenced by factors such as unique kinematics, the timing of muscle
activation and the resultant force in relation to muscle strain (Biewener et al., 2004;
Dickinson et al., 2000; Josephson, 1985; Roberts et al., 1997), and the number of joints
the muscle crosses (Zajac & Gordon, 1989 ; Prilutsky, 2000). For example, increased hip
and knee flexion, along with higher electromyographic activity were observed in
quadriceps and hamstrings during running as compared to walking (Mann & Hagy, 1980).
Muscles, undergoing eccentric contractions in walking, may transition to concentric
contractions during the initial floor contact in running (Mann & Hagy, 1980). Furthermore,
muscles can exhibit various behaviours, acting as motors (generate positive work), springs
(store and recover elastic strain energy), struts (generate force with minimal length
change), or dampers (lengthen to absorb energy), depending on factors like external
environment and intrinsic muscle properties (Dickinson et al., 2000; Biewener, 2016).
Examples include the proximal-distal gradient of lower-limb muscle organization, with
distal muscles exhibiting more strut-like behaviours favoring force development and
spring-like storage of elastic energy in humans (Lai et al., 2015), while proximal muscles
generally act as motor, producing positive work (Biewener, 1998; Biewener & Daley, 2007).
Moreover, during maximal cycling, hip extensor muscles contribute predominantly to
positive power generation, while in submaximal cycling, knee extensors and flexors also

play a role in generating positive power (Martin and Brown, 2009; Martin and Nichols,
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2018; Broker & Gregor, 1994). Greater crank load during cycling results in a more motor-
like muscle function, whereas higher pedalling cadence leads to a more spring-like muscle
behaviour (Lai et al, 2021). Since the differences in muscle activity and mass acceleration
arise from varying mechanical demands across different movement tasks, these variations
in muscle activity and mass acceleration contribute to distinct extents of mass effects on

muscle functions.

Last but not least, additional factors influencing muscle function were not
incorporated into the models presented in my thesis. These factors include fiber-type
composition and recruitment patterns, muscle geometries and architectures, and the non-
uniform behavior of muscle tissue during contraction. The current one-element model
focused on slow fibers in daily activities and fast fibers in cycling. However, studies
suggest that two-element models perform better in high-cadence tasks like hopping and
running (>100 r.p.m.) (Dick et al., 2017), prompting consideration for developing a two-
element model to assess mass effects. Furthermore, the proportion of slow and fast fibers
varies among muscles (Edgerton et al., 1975), suggesting the potential benefits of
employing muscle-specific models for better predictions. Additionally, the one-dimensional
(1D) model in my thesis lacks considerations for muscle shape changes (Hodgson et al.,
2006; Baskin & Paolini, 1967) and architectural gearing effects (Azizi et al., 2008), thus
overlooking tissue mass effects in other dimensions. Although three-dimensional (3D)
models accounting for tissue mass exhibit greater reductions in mass-specific mechanical
work output per cycle, a direct comparison of prediction accuracy between 3D and 1D
models concerning measured muscle functions requires further investigation. Moreover,
within different regions of a whole muscle, fascicles may experience varying strains and
accelerations, positioning themselves differently on force-length or force-velocity curves
at a given time (Pappas et al., 2002; Ahn et al., 2003; Soman et al., 2005; Shin et al., 2009;
Ahn et al., 2018; Ross et al., 2021). This tissue non-uniformity, attributed to variations in
activation (Monti et al., 2003; Rahemi et al., 2014), myofascial force transmission (Tijs et
al., 2015), and tissue mass (Ross et al., 2021), is not considered in the models presented

in my thesis.

In conclusion, advancing the accuracy of predicting actual muscle forces requires
further research to develop a comprehensive model. This model should not only consider
the diverse effects of influential factors on muscle functions but also enable the

customization of factor weights. Factors such as muscle type, size, activity, task conditions,
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health status, and species should be incorporated, allowing for an in-depth understanding
of complex muscle behaviours. The clinical implications of such a refined model are vast,
presenting opportunities for analyzing kinetic and kinematic alterations in neuromuscular
disorders (Hicks et al., 2008; Steele et al., 2010), formulating targeted rehabilitation
strategies (Hall et al., 2011; Peterson et al., 2011), and influencing the design of various
assistive devices (Uchida et al., 2016), prostheses (Grimmer & Seyfarth, 2014), and
powered exoskeletons (Federici et al., 2015). These endeavors hold the potential to
significantly contribute to our understanding of muscle mechanics across a spectrum of

real-world scenarios.
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