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Abstract

The metabolic energy rate of individual muscles is impossible to measure without invasive
procedures. Prior studies have produced models to predict metabolic rates based on experi-
mental observations of isolated muscle contraction from various species. Such models can
provide reliable predictions of metabolic rates in humans if muscle properties and control
are accurately modeled. This study aimed to examine how muscle-tendon model individuali-
zation and metabolic energy models influenced estimation of muscle-tendon states and
time-series metabolic rates, to evaluate the agreement with empirical data, and to provide
predictions of the metabolic rate of muscle groups and gait phases across walking speeds.
Three-dimensional musculoskeletal simulations with prescribed kinematics and dynamics
were performed. An optimal control formulation was used to compute muscle-tendon states
with four levels of individualization, ranging from a scaled generic model and muscle con-
trols based on minimal activations, inclusion of calibrated muscle passive forces, personali-
zation of Achilles and quadriceps tendon stiffnesses, to finally informing muscle controls
with electromyography. We computed metabolic rates based on existing models. Simula-
tions with calibrated passive forces and personalized tendon stiffness most accurately esti-
mate muscle excitations and fiber lengths. Interestingly, the inclusion of electromyography
did not improve our estimates. The whole-body average metabolic cost was better esti-
mated with a subset of metabolic energy models. We estimated metabolic rate peaks near
early stance, pre-swing, and initial swing at all walking speeds. Plantarflexors accounted for
the highest cost among muscle groups at the preferred speed and were similar to the cost of
hip adductors and abductors combined. Also, the swing phase accounted for slightly more
than one-quarter of the total cost in a gait cycle, and its relative cost decreased with walking
speed. Our prediction might inform the design of assistive devices and rehabilitation treat-
ment. The code and experimental data are available online.
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available in the following repository: https:/github.
com/israelluis/MetabolicRateWalking.
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Author summary

Simulations of the musculoskeletal system can provide insights into motion mechanics
and energetics. To increase confidence in the approach, it is important to establish how
predictions are affected by modelling assumptions. In this study, we evaluated how simu-
lations with increasing levels of sophistication and metabolic energy models from the lit-
erature agreed with recorded muscle excitations, fiber lengths, and whole-body metabolic
rates during walking at different speeds. We found that calibrating muscle passive compo-
nents: muscle passive forces, and tendon stiffness, estimated better muscle excitations and
fiber lengths than using original musculoskeletal model values. The metabolic energy cost
of walking was closely estimated with only a subset of metabolic energy models. We esti-
mated that the metabolic energy demands are the highest during three periods of the gait
cycle—early stance, pre-swing, and initial swing, at all walking speeds. In all walking
speeds, muscles that support plantarflexion accounted for the highest metabolic cost
among all the muscle groups. As walking speed increases, the metabolic cost of the stance
phase also increases. Our detailed description of metabolic costs at muscle groups and gait
phases might help to design assistive devices and rehabilitation treatments.

1. Introduction

Metabolic rate is a measure of the metabolic demand of muscular effort during motion and
basal functions over time. A comprehensive understanding of the metabolic rate can support
rehabilitation treatments [1] or inform the design of assistive devices [2,3]. Whole-body aver-
age metabolic rate is typically measured indirectly through spiroergometry, whereby oxygen
and carbon dioxide rates in inhaled and exhaled breaths are measured as a function of time
[4]. This method is used for metabolic assessment in constant (e.g., walking) [1] and non-con-
stant conditions (e.g., sprint and shuttles) [5] after some time span. Measurement of the
instantaneous metabolic rate of muscles is impossible due to the slow mitochondrial dynamics,
body transit delays, respiratory control mechanisms, and high breath-by-breath variability [6].
Various experimental and computational methods have been developed to estimate metabolic
rates from the muscle to the whole-body level.

Metabolic rates of muscles in vivo can be derived from various degrees of experimental
observations. Prior studies have examined the mechanics and energetics of a single or few
muscles simultaneously during isometric and cyclical contractions using measured muscle
excitation, fiber length, and force data [7-9]. On the contrary, state-of-the-art wearable sys-
tems can accurately predict instantaneous metabolic rates from segment motions, but only at
the whole-body level [10]. An alternative approach to estimating whole-body and individual
muscle metabolic rates is using computational methods such as musculoskeletal modelling.
Models of muscle dynamics, such as the Hill-type model [11], combined with metabolic energy
models [12-14], can be used to estimate muscle-tendon states and metabolic rates.

Multiple metabolic energy models have been developed based on experimental datasets and
assumptions of muscle energetics. Several models have been used frequently, including those
proposed by Bhargava et al. (BH04) [12], Houdijk et al. (HOO06) [15], Lichtwark and Wilson in
its original (LW05) and modified version (LW07) [16], Umberger in its initial (UMO03) [14]
and revised version (UM10) [17], and a further modification proposed by Uchida et al.
(UC16) [18] (S1 Table). These models use the same definition of contractile element work rate
but different formulations of the heat rate. The total heat rate is primarily composed of four
terms: activation rate, associated with non-contractile costs of muscle activation to pump Ca+
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+ ions against a concentration gradient across the sarcoplasmic reticulum; maintenance rate,
associated with the cycling of actin-myosin cross-bridges during isometric tetanus; and short-
ening and lengthening rates, associated with an extra cost of actin-myosin cross-bridge inter-
actions during dynamic muscle contractions.

Metabolic energy models have been reported to predict metabolic rates during walking in
people with and without motion disorders and assistive devices with reasonable accuracy. The
whole-body average metabolic rate of walking from forward dynamics simulations was esti-
mated as 5.8 W/kg at 1.36 m/s with the BH04 model [12], 4.4 W/kg at 1.2 m/s with the UMO03
model [14], ~5 W/kg at 1.3 m/s with the UM10 model [17], and 4 W/kg at 1.46 m/s using the
UC16 model [19]. These estimations were relatively close to experimental energy measured
with indirect calorimetry, except with the BH04 model, which was higher. Interestingly, the
BHO04 model accurately estimated metabolic rates in a small clinical population, specifically in
two subjects post-stroke across slow walking speeds [20] and in an amputee with a transtibial
passive prosthesis at 1.3 m/s [21]. The metabolic rate changes related to using assistive devices
in able-body individuals during hopping were estimated with the LW07 model [22] and dur-
ing walking with the UC16 model [23]. Despite these encouraging findings, evaluating the
accuracy of various metabolic energy model formulations is challenging, as they depend on
the underlying muscle-tendon states, which are in turn dependent on musculoskeletal models
and simulation approaches.

Two previous studies have assessed the accuracy of and differences between metabolic
energy models in both forward simulations and inverse dynamic analyses. Miller compared
metabolic energy models in tracking and predictive simulations at 1.45 m/s and reported that
none predicted the absolute value of (3.35 ]m’lkg’l) accurately [24]. Their estimates varied
from 2.45 Jm kg ' using the BHO4 model to 7.15 Jm'kg ™" using the LW07 model. Miller also
found that differences in the metabolic energy models are mainly attributed to descriptions of
active lengthening and eccentric work. Koelewijn et al. performed 2D musculoskeletal simula-
tions with prescribed kinematics and dynamics and evaluated walking at two speeds and three
incline levels [25]. They reported a good correlation between estimated metabolic cost and
indirect calorimetry measurements, though the estimated cost tended to underestimate the
recorded cost, particularly at higher metabolic demands.

Further insights may be gained by evaluating the metabolic energy models based on as
accurate estimations of the muscle-tendon states as possible. Simulations performed by Miller
[24] and Koelewijn et al. [25] estimated muscle-tendon conditions by assuming that human
motor control in gait is dictated by minimum muscle effort. They validated the estimated mus-
cle control by comparing computed muscle activations to measured electromyography signals
(EMGs). Indeed, numerous researchers have used this approach to validate their computed
muscle control [26] in lieu of any more precise and practical validation method. However,
muscle activations are not linearly related to metabolic rates. Metabolic rates are also depen-
dent on muscle-tendon states; further validation of estimated muscle-tendon states should
thus improve the accuracy of metabolic rate estimations. Muscle-tendon mechanics, including
tendon compliance [16], muscle passive forces [27], and muscle control [28], play a critical
role in muscle forces and states, thereby influencing the metabolic rate of muscles. Increasing
the levels of model parameter individualization is expected to yield better estimates of muscle
energetics compared to generic values, though, to the best of our knowledge, no such study
exists. Analysis of how model parameters influence muscle states, such as muscle control and
fiber lengths, can help better understand their relationships with the associated metabolic costs
during gait.

In this study, we aimed to evaluate the influence and accuracy of various degrees of muscle-
tendon parameter individualization and metabolic energy models on estimated muscle-tendon
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states and muscle metabolic rates, respectively. Also, based on the simulation with the highest
agreement with measured values, we aimed to provide a reliable prediction of the metabolic
cost of the gait phases and muscle function groups across walking speeds. We hypothesize that
as model individualization increases, the accuracy of the simulated muscle-tendon states and
metabolic cost will also increase, as will estimated metabolic rates overall and in different mus-
cles/muscle groups, and at a range of walking speeds.

2. Methods
2.1. Ethics statement

The study was approved by the Swedish Ethical Review Authority (Dnr. 2020-02311), and all
participants provided written consent. Participation was voluntary and could be terminated at
any time during the experiment.

2.2. Participants

Eight unimpaired adults (5/3 male/female, age: 33.6 + 8.5 years old, height: 1.74 + 0.10 m,
body mass: 71.3 + 10.9 kg [mean + SD]) participated in this study. Our inclusion criteria were
participants between 25 and 60 years old with no known pathology or recent injury affecting
walking and who could commit to fasting 2.5 hours before data collection with
spiroergonometry.

2.3. Experimental protocol and data processing

Subjects walked on a treadmill at 55%, 70%, 85%, 100%, 115%, 130%, and 145% of their esti-
mated preferred walking speed (PWS) in two conditions: treadmill, then overground walking,
at the Promobilia MoveAbility Lab. The PWS was predetermined by the participant’s gender,
age, and height [29]. In treadmill trials, oxygen and carbon dioxide respiration rates were
recorded during 6 minutes of walking at each speed (Cortex Metamax 3B, Leipzig, Germany).
The representative value from each speed was computed based on the average in the last 3
minutes. After each trial, each subject rested for 5 minutes to avoid fatigue. At each experimen-
tal session, speed was randomized, and average cadence was recorded.

In overground walking experiments, participants walked along a lab pathway and emulated
different walking speeds by matching recorded cadences from treadmill walking with audio
signals from a metronome app. Marker position (100 Hz) and ground reaction forces (1000
Hz) were measured using optical motion capture (Vicon V16, Oxford, UK) and strain gauge
force platforms (AMTIL, Watertown, MA, USA), respectively. Full-body marker placement was
implemented based on the Conventional Gait Model with the Extended-foot model (CGM
2.4). EMG from eight muscles in one leg were recorded: biceps femoris long head, semitendi-
nosus, vastus lateralis and medialis, tibialis anterior, gastrocnemius lateralis and medialis, and
soleus, using bipolar surface wireless electrodes (Myon aktos/Cometa systems, Milan, Italy).
The selection of sides for EMG placement was randomized. Skin preparation and electrode
placement followed the Electromyography for the Non-Invasive Assessment of Muscles guide-
lines (SENIAM) [30]. Subjects were asked to perform functional tests, including standing heel
raise, standing toe raises, squat, knee flexion, and hip flexion/extension, to corroborate EMG
placement. EMG signals were processed using a 4th-order zero-lag Butterworth band-pass fil-
ter (20-400 Hz), full-wave rectification, and a 4th-order zero-lag Butterworth low-pass filter (6
Hz). EMG of the vastus intermedius was estimated as an average of the vastus lateralis and
medialis. Ground reaction forces were processed using a 4th-order zero-lag Butterworth low-
pass filter (35 Hz).
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2.4. Musculoskeletal simulation framework

2.4.1. Musculoskeletal model, scaling method, and inverse kinematics and dynamics.
The generic musculoskeletal model developed by Rajagopal et al. [31] was selected for this
study. We scaled the generic model using OpenSim’s Scale Tool, which adjusted skeletal geom-
etry and, therefore, changed muscle-tendon lengths, moment arms and wrapping objects, and
segment inertial properties to fit anthropometric dimensions obtained from a captured static
calibration trial. Also, with this tool, the optimal fiber lengths and tendon slack lengths of each
muscle-tendon actuator are scaled linearly to preserve the ratio of the generic model in the
scaled model. The maximum isometric force of each muscle-tendon actuator was individual-
ized based on the expected muscle volume, which in turn was estimated based on body weight
and height, according to a regression equation proposed by Handsfield et al. [32]. Each mus-
cle’s maximum isometric force is assumed to be directly proportional to its physiological
cross-sectional area and specific tension. Muscle active and passive force-length and force-
velocity relationships were modeled as described by De Groote et al. [33].

Marker trajectories and ground reaction forces throughout 21 gait cycles per subject (3
cycles at each of 7 walking speeds) were analyzed with inverse kinematics and inverse dynam-
ics using OpenSim 4.1. Marker tracking weights for inverse kinematics were selected to mini-
mize the error between experimental and virtual markers. The subtalar and metatarsal joints
were fixed at neutral anatomical positions.

These model and muscle-tendon scaling methods were selected based on a recent study in
which we determined that this combination yielded the best agreement between computed
fiber lengths and those measured with ultrasound and between computed muscle excitations
and measured EMGs in the vastus lateralis and medialis, tibialis anterior, gastrocnemius med-
ialis and lateralis and soleus [34]. In that study, we observed a poor estimation of the activa-
tions in the biceps femoris long head and semitendinosus, which we hypothesized to be due to
the overestimation of passive tendon forces at knee and hip joints [31,35]. We address this
concern in the current study.

2.4.2. Calibrated passive muscle force-length relationships. Parameters of the muscle
passive force-length relationships in the generic musculoskeletal model were calibrated to bet-
ter agree with the passive moment-angle relationship measured experimentally by Silder et al.
[36]. The relationship was modeled based on OpenSim’s Thelen2003Muscle as described by
Thelen [37] (Eq 1)

kpe(p—so)

() = g

ekee

where [, is the normalized fiber length, kpr: is the exponential shape factor for the passive
force-length relationship, s, is the normalized fiber length at which the passive force starts to
increase, and s, is the normalized fiber length, measured from the optimal fiber length
(I,, = 1), at which maximum force is reached. We formulated an optimization routine
wherein we selected kpg and s, as optimization variables, with the objective function of mini-
mizing the error between the simulated joint moments from the generic model and the experi-
mental joint moments reported by Silder et al. [36]. The calibrated passive moments closely
resembled the measured passive joint moments reported by Silder et al. (S1 Fig). Detailed
information about the optimization routine is presented in S1 Appendix (section A: Calibra-
tion of passive forces).

2.4.3 Simulation workflow and optimized muscle-tendon parameters. We computed
muscle excitations, states, and state derivatives using four degrees of individualization in our
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Fig 1. Diagram of the simulation workflows. Computed inverse kinematics, inverse dynamics, muscle-tendon length, and moment
arms are inputs for all the simulation workflows. In simulation GEN, the performance criterion is the sum of squared muscle activations,
the muscle force (F) is the product of the maximum isometric force (FS,) and the muscle activation (a), force-velocity (f,), active force-
length (f;) and passive force-length (f,) relationships, and tendon force is the product of the maximum isometric force and the tendon
force-length (f;) relationship. In simulation PAS, passive force-length relationship (f, ) is updated based on the calibration of passive

joint angle-moment relationships in the generic musculoskeletal model. In simulation TEN, the tendon force-length relationship (f, ) is
updated based on personalized tendon stiffness values. In simulation EMG, the performance criterion incorporates a term to track
experimental EMGs.

https://doi.org/10.1371/journal.pcbi.1012411.9001

simulations by (1) starting from the scaled generic model and muscle recruitment based on
minimum effort, then consequently including (2) calibrated parameters of the muscle passive
forces from the generic model, (3) subject-specific personalization of Achilles and quadriceps
tendon stiffnesses, and (4) muscle controls informed with recorded EMGs (Fig 1). The follow-
ing simulations were performed in order of increasing complexity:

GEN: Minimal muscle effort with generic passive force. Muscle excitations were computed
assuming optimal motor control that minimizes the sum of squared muscle activations.

PAS: Minimal muscle effort with calibrated passive force. Muscle excitations were com-
puted assuming optimal motor control that minimizes the sum of squared muscle activations.

TEN: Minimal muscle effort with calibrated passive force and personalized tendon stiffness.
Muscle excitations were computed assuming optimal motor control that minimizes the sum of
squared muscle activations. Personalized Achilles and quadriceps tendon stiffnesses are as in
the simulation workflow EMG.

EMG: Muscle controls derived from minimal muscle effort and EMGs, with calibrated pas-
sive force and personalized tendon stiffness. Muscle excitations of the biceps femoris long
head, semitendinosus, vastus lateralis and medialis, tibialis anterior, gastrocnemius lateralis
and medialis, and soleus tracked the recorded time-series EMG data. The remaining muscle
excitations were computed, assuming optimal motor control to minimize the sum of squared
muscle activations. Thus, the objective function minimized two quantities: the sum of squared
muscle activations and the deviation between estimated excitations and recorded EMGs
(terms not equality weighted in the objective function). Achilles and quadriceps tendon
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stiffnesses were added as design variables and optimized using all the gait cycles simulta-
neously per subject.

In all simulations, inverse kinematics and inverse dynamics solutions were prescribed.
Also, muscle excitations were estimated by minimizing activations squared while imposing
that the moments produced by the muscle-tendon unit should equal the inverse dynamics
joint moments. To guarantee the feasibility of the optimization problem, we added ideal non-
physiological actuators at each joint, called reserve actuators. These actuators accounted for
the joint moments that the muscle-tendon actuators could not reproduce, and their use was
discouraged by penalizing their squared magnitude in the cost function. Detailed information
about the formulation of the optimization problems: constraints, objective function’s weights,
etc., is presented in S1 Appendix (section B: Simulation workflows).

2.4.4 Metabolic energy models. Muscle metabolic rates were estimated using six meta-
bolic energy models: Umberger et al. (UMO03) [14], Bhargava et al. (BH04) [12], Houdijk et al.
(HOO6) [15], Lichtwark and Wilson (LW07) [16], Umberger (UM10) [17] and Uchida et al.
(UC16) [38]. All were based on the first law of thermodynamics, and their main features are
summarized in the supplementary material (S1 Table). Briefly, muscle excitations, states, and
state derivatives over a gait cycle were used to compute the total rate of metabolic energy for
each muscle based on its contractile element work rate and heat rate components (Eq 2):

Ei(t) = WCEi(t) + HAi(t) + HMi(t) + Hsu(t) (2)

where, for muscle i at time ¢, E, is the metabolic rate, W ., is the contractile element work rate,
H , is the heat rate due to activation, H ,, is the heat rate due to maintenance, and H g, is the
heat rate due to shortening and lengthening. In all models, except LWO07, heat rates depend on
the muscle mass, computed based on muscle volume (see Musculoskeletal model, scaling
method, and inverse kinematics and dynamics) and muscle density [14].

Eccentric muscle work could result in negative metabolic rate estimation, which would
imply that muscles can absorb/gain energy during eccentric contractions. Although there is
evidence that muscles can absorb heat during lengthening [39], it is physiologically question-
able whether all chemical reactions are reversible when performing negative muscle work [40].
In this regard, in the LW07 model, half of the contractile element work is considered to be dis-
sipated as heat and the other half as energy absorption/gain. UM10 only includes concentric
contractile element work in estimating the metabolic rate, and UC16 constrains the metabolic
rate to be non-negative. The HO06 model did not describe the heat rate for eccentric contrac-
tion; nonetheless, its heat rate is typically assumed as zero [24,25] which leads to negative met-
abolic rates at eccentric contractions. It is also possible to estimate non-negligible negative
metabolic rates in the original formulations of the UM03 and BH04 models. As negative meta-
bolic rate is not explicitly addressed in BH04 and HO06 models, and as the UM03 model was
updated to UM10 in part for this reason, we opted to further modify H,, in BH04, HO06 and
UMO3 when E, < 0 to assume that negative metabolic rate is dissipated by heat, as per Uchida

etal. [18]; Hy, in Eq 2 is replaced by Hy;, .., for E, < 0 (Eq 3):
HSLi,mod(t) = _WCEi(t) - HAMi(t) for Ei(t) <0 (3)

This modification prevents the metabolic rate in the BH04, HO06, and UMO03 models from
becoming negative.

To illustrate the influence of muscle states on metabolic rates as well as the differences
between models, the metabolic energy rates of the soleus at various levels of muscle activations
and muscle states (Fig 2), as well as metabolic energy rates and muscle efficiency across fiber
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Fig 2. Metabolic rates in the soleus at different levels of muscle activations during shortening, isometric, and concentric

contractions (first row), and metabolic (E), work (w), and heat (k) rates during walking (second and thrid row). Metabolic rates
were computed using six models: Umberger et al. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15] (HOO06), Lichtwark and
Wilson [16] (LWO07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). The ratio of slow twitch muscle fiber, muscle mass, optimal
fiber length, and maximum voluntary contraction is assumed as 0.8, 0.48 kg, 4.5 cm, and 10 [optimal fiber lengths/second], respectively.
Simulated muscle metabolic rate as computed from one representative subject walking at preferred speed.

https://doi.org/10.1371/journal.pcbi.1012411.g002

lengths and fiber velocities (S2 Fig) were computed. During shortening contractions, the
UMO03 and UM10 models have identical shortening metabolic rates, and their energy effi-
ciency varies greatly within low activation levels. The LW07 model predicted the highest meta-
bolic rates, followed by the BH04, HO06, and UC16 models. The energy efficiency of the
BH04, HO06, and UC16 models is practically invariant across activation levels, while the
energy efficiency of the LW07 model is constant across activation levels. During isometric con-
tractions, the LWO7 predicted the highest metabolic rate, followed by the BH04 model and
then the UM03 and UM10 models, which have identical metabolic rates. A somewhat lower
value is predicted by the UC16 model and then the HO06 model. All models predict no meta-
bolic rates during lengthening contractions except the UM10 and LW07 models, where the lat-
ter predicted net negative energy.

2.4.5. Data and statistical analysis. We evaluated the agreement between computed mus-
cle excitations and muscle fiber lengths from each simulation workflow and available experi-
mental observations. Specifically, we compared the computed muscle excitations of most
muscles in the musculoskeletal model with digitalized values from Perry’s reported fine-wire
EMG observations. [41]. We also compared the computed normalized fiber lengths of gastroc-
nemius lateralis and medialis, soleus, and vastus lateralis with reported values from ultrasound
studies across walking speeds [42-47]. We then identified the workflow with the highest accu-
racy, i.e., whose computed muscle-tendon dynamics agreed overall best with experimental
findings. For this purpose, we computed the correlation coefficient and root-mean-square
error (rmse) between computed and experimental muscle excitations and fiber lengths.
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We evaluated metabolic energy models by comparing the experimental whole-body average
metabolic rates obtained from spiroergonometry and estimated whole-body average metabolic
rates from each simulation workflow. The experimental whole-body average metabolic rate was
computed based on the representative (3 minutes averaged) oxygen and carbon dioxide rate val-
ues for each speed using the Brockway equation [4]. The estimated whole-body average metabolic
rate was computed based on the metabolic rates from metabolic energy models, plus a basal rate
assumed to be 1.2 W/kg [14]. The estimated whole-body average was calculated as the integral
over time of the time-series metabolic rates of muscles divided by the duration of the gait cycle
and multiplied by two to account for two legs (as we simulated the dynamics of one leg).

We evaluated the time-series metabolic rates in one leg computed from metabolic energy
models. Specifically, we compared metabolic rates in workflows with increasing complexity,
i.e., between workflow GEN and PAS, PAS and TEN, and TEN and EMG, at each time
instance using a one-dimensional statistical non-parametric mapping toolbox (SnPM, o =
0.05, two-tailed paired t-test) [48]. Discrete variables, specifically timing of local maxima and
minima, were compared with the Wilcoxon signed-rank test.

The relative costs of the stance (initial foot contact to toe-off) and swing (toe-off to next
foot contact) phases were computed, normalized by the total energy cost of the gait cycle. The
estimated metabolic rates of the muscle function groups at the ankle, knee, and hip joints were
computed as a sum contribution of the uniarticular and biarticular muscles at each joint. For
biarticular muscles, the metabolic rate was distributed between joints based on the ratio of
moment arms, as implemented by Uchida et al. [18].

We used a repeated measure correlation [49] to determine whether correlations exist
between estimated and experimental whole-body metabolic rates, between the estimated rela-
tive cost of the muscle groups and walking speed, and between the estimated relative cost of
the stance and swing phases and walking speed. Repeated measure correlation, proposed by
Bland and Altman, was chosen as it is suitable for establishing linear relationships between
predicted and experimental metrics adjusting for inter-subject variability [50]. Linear regres-
sion, including all subjects and walking trials, would be unsuitable as it violates the assumption
of independence of observations [49]. Repeated measure correlation determines a common
within-subjects association, i.e., regression slope, and removes measured variance between
subjects. We also reported the differences/errors between estimated and experimental whole-
body average metabolic rates. Finally, we verified that the marker trajectory errors are within
recommended values from Hicks et al. [26] and that the computed joint angle and moment
(inputs in the simulation workflow) are in accordance with prior studies in the literature.
Detailed information about the marker trajectory errors, joint angle, and joint moments are
presented in S1 Appendix (section D: Simulation verification).

3. Results

3.1. Evaluation of muscle excitations, fiber lengths, and tendon stiffness
estimations

Calibration of passive forces improved the estimation of muscle excitations of the muscle func-
tion group at the hip and knee joints compared to the generic simulation workflow, and the
EMG-informed simulation workflow estimated large excitations in small muscles. Salient mus-
cle excitation features of adductor longus, extensor digitorum longus, extensor hallucis longus,
flexor digitorum longus, flexor hallucis longus, gastrocnemius medialis and lateralis, gluteus
medialis, gracilis, peroneus brevis and longus, sartorius, soleus, tibialis anterior, tibialis poste-
rior, vastus intermedius, lateralis, and medialis, were estimated with all simulation workflows
(Figs 3 and S3). Excitations of the muscle function groups at the hip and knee joints-adductor
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Fig 3. Computed and experimental muscle excitations and fiber lengths. Muscle excitations of biceps femoris long head (BF),
semitendinosus (ST), vastus lateralis (VL), vastus medialis (VM), tibialis anterior (TA), gastrocnemius lateralis (GL), gastrocnemius
medialis (GM) and soleus (SO) during the gait cycle at preferred walking speed (PWS) (left) and normalized fiber lengths of vastus
lateralis, gastrocnemius lateralis, gastrocnemius medialis, and soleus during the gait cycle across walking speeds with four simulation
workflows: Minimal muscle effort with generic passive force (GEN), with calibrated passive force (PAS), with calibrated passive force
and personalized tendon stiffness (TEN), and EMG-informed with calibrated passive force and personalized tendon stiffness (EMG).
Simulated muscle excitations and normalized fiber lengths represent the average values among all subjects. Measured EMGs represented
the average values among all subjects and were scaled using optimization variables in EMG. Experimental values of fiber lengths were
obtained by digitalizing previously reported experimental findings using ultrasound in vastus lateralis [42,43], gastrocnemius lateralis
[44,46], gastrocnemius medialis [45] and soleus [47]. Experimental fiber lengths were normalized based on average values reported from
a muscle architecture data set [52] when not otherwise reported in experimental studies. Horizontal lines above muscle excitations
indicate on/off timing for EMG signals, defined as >50% excitation.

https://doi.org/10.1371/journal.pcbi.1012411.9003

magnus, bicep femoris long head, gluteus maximus, semimembranosus, and semitendinosus-
were better modelled in the simulations with calibrated passive forces (PAS, TEN, and EMG),
compared to simulations with generic passive forces (Figs 3 and S3). The salient feature of the
rectus femoris excitation during the swing phase was better modelled with calibrated passive
forces (PAS, TEN, and EMG), while the salient features of adductor brevis, iliacus, psoas exci-
tations were not well estimated in any of the simulation workflows (53 Fig). The EMG-
informed simulation workflow (EMG) estimated a similar on/off pattern than the simulation
workflow TEN but estimated excitation substantially higher magnitudes, especially for the rec-
tus femoris and for small muscles around the ankle (e.g., flexor digitorum longus, S3 Fig).
Personalization of tendon stiffness improved the estimation of the normalized fiber lengths
compared to the generic tendon stiffness values, and the computed fiber lengths were affected
by informing the muscle control with EMGs. The personalized Achilles tendon stiffness (~160
N/mm) was within the in vivo measured values (141-170 N/mm) by Stenroth et al. [51] (see S1
Appendix, section B: Simulation workflow). Also, the personalized quadriceps tendon esti-
mated nearly isometric contraction of vastus lateralis during loading response with the simula-
tion workflow EMG, which aligns with previous experimental observations [42,43].
Simulation workflows without tendon stiffness personalization failed to estimate the operating
range of plantarflexors as suggested in the literature, i.e., models estimated that plantarflexor
muscles operated at the ascending limb or plateau (0.75 < normalized fiber length < 1.05)
instead of the descending limb (normalized fiber length > 1.05) (Fig 3). Fiber lengths were not
sensitive to the calibration of passive force-length relationship; muscles worked at the same
operating range between the simulation workflows GEN and PAS. However, fiber lengths
were affected by informing muscle excitations with EMGs. The simulation workflows TEN
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Fig 4. Quantitative differences between computed and experimental muscle excitations, fiber lengths, and whole-body average
metabolic rates. Correlation coefficient r and rmse (column 1) between computed and experimental muscle excitations and fiber
lengths, and differences between estimated and experimental metabolic whole-body average metabolic rates (columns 2-4, W/kg) with
four simulation workflows: Minimal muscle effort with generic passive force (GEN), with calibrated passive force (PAS), with calibrated
passive force and personalized tendon stiffness (TEN), and EMG-informed with calibrated passive force and personalized tendon
stiffness (EMG), using six metabolic energy models: Umberger et al. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15]
(HOO06), Lichtwark and Wilson [16] (LW07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). Bar plots shown mean value and
one standard deviation computed among all subjects and walking trials.

https://doi.org/10.1371/journal.pcbi.1012411.9004

and EMG estimated somewhat different fiber lengths, though they operated in similar regions.
The simulated vastus lateralis contracted concentrically and then eccentrically during the load-
ing response in the simulation workflow TEN. Overall, the simulation workflow TEN showed

the best estimation of muscle excitations and fiber lengths among all the simulation workflows

(Fig 4).

3.2. Evaluation of whole-body average metabolic rate estimations

Simulating muscle dynamics with calibrated muscle passive forces and personalization of ten-
don stiffness did not substantially improve the whole-body average metabolic rate estimation
compared to the generic simulation workflow, and the EMG-informed simulation workflow
overestimated metabolic rates. The differences and a linear relationship between the estimated
and experimental whole-body average metabolic rate, with slope m and correlation coefficient
r for all models and workflows, were analyzed for the full range of walking speeds (Figs 4 and
5). The lowest differences compared to experimental metabolic rates were observed in the sim-
ulations workflows GEN, PAS, and TEN with the BH04, HO06, and UC16 models (Fig 4). The
estimated whole-body average metabolic rate correlated well with the experimental measure-
ments with the generic simulation workflow (r>0.93) (GEN); and with the inclusion of cali-
brated passive forces and personalized tendon stiffness (TEN), the correlation slightly
increased (r>0.96) for all metabolic energy models (Fig 5). The correlation slopes were closest
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Fig 5. Repeated measures correlation between estimated and experimental whole-body average metabolic rates.
Repeated measures correlation between estimated and experimental whole-body average metabolic rate [W/kg] over a
range of metabolic demand with four simulation workflows: Minimal muscle effort with generic passive force (GEN),
with calibrated passive force (PAS), with calibrated passive force and personalized tendon stiffness (TEN), and EMG-
informed with calibrated passive force and personalized tendon stiffness (EMG), using six metabolic energy models:
Umberger et al. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15] (HO06), Lichtwark and Wilson [16]
(LWO07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). Each color represents an individual subject. An ideal
relationship, equivalent to y = x is illustrated as a dotted line. For each simulation workflow and metabolic energy
model, the slope m, correlation coefficient r, and p-value of the null hypothesis that no correlation between estimated
and experimental metabolic rate exists are shown as means of all subjects.

https://doi.org/10.1371/journal.pcbi.1012411.9005
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to 1.0 with the BH04 model (m = 1.04), followed by the UM10 and HO06 models (m = 0.90
and 0.86, respectively). Including EMGs in the muscle control increased the estimated meta-
bolic rate, led to overestimating the correlation slopes, and did not improve the correlation
coefficient in most metabolic energy models. Overall, the LW07 provided the lowest agree-
ment between estimated and experimental metabolic rates among the simulation workflows,
while the BH04 model showed the highest.

3.3. Estimated metabolic rates among levels of individualization

While within a given simulation workflow, the estimated magnitude, timing, and duration of
metabolic energy peaks were metabolic model-dependent (Fig 6), the levels of individualiza-
tion in the various workflows influenced the estimated metabolic rates time-series. At pre-
ferred walking speed, the generic simulation workflow (GEN) estimated metabolic rate peaks
near mid-stance, pre-swing, and initial swing, largely associated with action of the knee exten-
sors, plantarflexors, and hip flexors, respectively. With calibrated passive forces (PAS), the
overall metabolic rates are much lower during early swing (i.e., 0 to ~10% of the gait cycle,

p < 0.05 (all p values in this section are according to the SnPM test)) and higher in early stance
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Fig 6. Estimated metabolic rates among the simulation workflows. Estimation of metabolic rates in one leg at preferred walking speeds
with four simulation workflows: Minimal muscle effort with generic passive force (GEN), with calibrated passive force (PAS), with
calibrated passive force and personalized tendon stiffness (TEN), and EMG-informed with calibrated passive force and personalized
tendon stiffness (EMG), using six metabolic energy models: Umberger et al. [14] (UM03), Bhargava et al. [12] (BH04), Houdijk et al.
[15] (HO06), Lichtwark and Wilson [16] (LW07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). The estimated metabolic rate
represented the average values among all subjects, scaled by their mass. Statistically significant differences (SnPM test, p<0.05) are
shown in horizontal lines above each figure. They indicate differences between workflows GEN and PAS (brown), between workflows
PAS and TEN (purple), and between workflows TEN and EMG (cyan). The vertical line represented the toe-off event.

https://doi.org/10.1371/journal.pcbi.1012411.9006
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(i.e., ~58 to 69% of the gait cycle, p < 0.05) coinciding with higher computed excitation of hip
extensors and hip adductors in early stance and lower hip flexor excitation in early swing

(Fig 3) than with the workflow GEN. With personalized tendon stiffness (TEN), compared to
both workflow GEN and PAS, the peak metabolic rates during pre-swing tend to be lower and
earlier, and over a longer duration than with workflow PAS. The peak metabolic rate with
workflow TEN was lower than with workflow PAS in most of the metabolic energy models
(~55% of the gait cycle, p < 0.05 in all models except UC16), associated with lower but earlier
plantarflexor excitations near pre-swing. Also, with workflow TEN, the peak near early stance
was higher than with the workflow PAS (~8% of the gait cycle, p < 0.05), associated with
higher excitation of the vastus lateralis and medialis in early stance. With further information
from EMGs (EMG), the estimated metabolic rate again showed similar timing of metabolic
rate peaks compared with workflow TEN, but with a noticeably high offset throughout most of
the gait cycle (p < 0.05), associated with overall higher computed activations in small ankle
and knee muscles that were not tracked by EMG signals (S3 Fig).

3.4. Estimation of the metabolic rates at the whole-body and muscle
function group level

Metabolic peak rates were more pronounced as walking increased. At the muscle function
group level, the simulation workflow with calibrated muscle passive forces and personalization
of tendon stiffness (TEN) estimated that the first peak was mainly caused by knee and hip
extensors; the second peak by plantarflexors and abductors; and the third by hip flexors, hip
adductors, and knee extensors at preferred walking speed (Fig 7). In all the metabolic energy
models, except with the UM10 model, the highest cost is accounted by the plantarflexors
(18.4% to 24.7%), followed by the knee extensors (14.7% to 18.1%) and hip extensors (12.2% to
13%) (S2 Table). The hip adductors and abductors combined accounted for approximately
20% of the overall energy cost, and hip internal and external rotators required almost negligi-
ble cost. Detailed information about the comparison between metabolic rates is presented in
S1 Appendix (section C: Comparison of metabolic estimations among simulation workflows).

Walking speed influenced the estimated metabolic rates throughout the gait cycle primarily
by modulating the metabolic rate peaks as the speed increased. At the highest speeds, the peak
near pre-swing was dominant, and at slow walking speeds, the peaks were broadly similar,
wherein the peak near the early stance was lower than the others (Fig 8). Also, in all the meta-
bolic energy models, we found a low to moderate correlation between the relative cost of the
muscle function group (with respect to the total energy cost of the gait cycle) and the walking
speeds (54 Fig). In all the models, the relative cost of the ankle plantarflexors substantially
increased with walking speed (p<0.05), while hip flexors, adductors, and abductors decreased
(p<0.05). Trends in other muscle function groups were less pronounced (or not significant)
and dependent on the metabolic energy model.

3.5. Estimation of the relative costs of gait phases

The metabolic energy models in the simulation framework with the highest accuracy estimated
that the relative cost of the swing phase accounted for slightly more than one-quarter of the
total energy cost of the gait cycle and decreased with faster walking speed. At the preferred
walking speed, the simulation workflow with calibrated passive forces and personalization of
tendon stiffness (TEN) estimated a similar relative cost of the swing phase among metabolic
energy models. It varied from 26% with the BH04 model to 29.6% with the UM10 model

(Fig 9). In addition, we found a significant (p<0.05) yet moderate correlation between the
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Fig 7. Estimated metabolic rates of muscle function groups. Estimation of metabolic rates in the muscle function groups [W/kg] at
preferred walking speed with the simulation workflow based on minimal muscle effort with calibrated passive force and personalized
tendon stiffness (TEN), using six metabolic energy models: Umberger et al. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15]
(HOO06), Lichtwark and Wilson (LW07) [16], Umberger [17] (UM10), and Uchida et al. [18] (UC16). The estimated metabolic rates
represented the average values among all subjects, scaled by their mass. The vertical line represented the toe-off event.

https://doi.org/10.1371/journal.pcbi.1012411.9007

relative cost of gait phases and walking speed in all the metabolic energy models (Fig 9). The
correlation slope magnitudes varied from 3.57 with the UM10 model to 7.69 with the HO06
model.

4. Discussion

Models with calibrated passive forces and personalized tendon stiffness better estimate muscle
excitations, fiber lengths, and whole-body average metabolic rates across walking speeds com-
pared to generic simulation workflows. Perhaps unexpectedly, models that estimate muscle
excitation with information from experimentally-measured EMGs did not estimate metabolic
rate accurately. This observation can be attributed to experimental limitations that make it
possible to constrain only a subset of muscle EMGs. Muscle excitations are commonly vali-
dated by their agreement with EMGs [26]; muscle excitations informed by recorded EMGs
should be more reliable than muscle excitations obtained from only optimization routines. By
tracking EMGs closely (+/-0.01 tracking bound), our simulation has a relatively low sensitivity
to the objective function’s weights. Yet, estimated excitations in most of the non-tracked mus-
cles at the ankle and knee increased. We evaluated whether we could avoid this increment by
tracking EMGs less closely (+/-0.05 tracking deviation), but found instead estimations in
which the muscle-tendon states depended on the weights of the objective function, which is
likely not generalizable. We simultaneously tracked recorded EMGs and minimized muscle
activations, which derived into opposing goals in the objective function; see further discussion
in S1 Appendix (section B: Simulation workflows). Another alternative was to include only
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PWS (light grey), 100% PWS (dark grey), and 145% PWS (black) with the simulation workflow based on minimal muscle effort with
calibrated passive force and personalized tendon stiffness (TEN), using six metabolic energy models: Umberger et al. [14] (UMO03),
Bhargava et al. [12] (BH04), Houdijk et al. [15] (HO06), Lichtwark and Wilson [16] (LW07), Umberger [17] (UM10), and Uchida
etal. [18] (UC16). The estimated metabolic rates represented the average values among all subjects, scaled by their mass. The
vertical line represented the toe-off event across walking speeds.

https://doi.org/10.1371/journal.pchi.1012411.g008
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Fig 9. Estimated relative cost of gait phases. Cost of the stance and swing phase relative to the total energy cost in a gait cycle during
preferred walking speed [left] and vs. walking speeds [right] (in percentage) with the simulation workflow based on minimal muscle
effort with calibrated passive force and personalized tendon stiffness (TEN), using six metabolic energy models: Umberger et al. [14]
(UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15] (HO06), Lichtwark and Wilson [16] (LW07), Umberger [17] (UM10), and
Uchida et al. [18] (UC16). Pie chart areas are scaled based on the total energy cost. Individual subjects are illustrated in different colors,
and the slope and correlation coefficient from repeated measures correlation is indicated. The P-value was <0.05 for all correlations.

https://doi.org/10.1371/journal.pcbi.1012411.9g009
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muscles whose recorded EMGs were available, also called EMG-driven simulations in litera-
ture [53]. This approach also poses a challenge as EMGs from deep muscles cannot be
recorded using surface electromyography [23]; thus, the degree to which deep muscles influ-
ence the estimations is uncertain. Furthermore, higher estimated muscle excitations led to
overestimated metabolic rates in the simulation workflow EMG compared to TEN. This find-
ing suggests that informing muscle control with EMGs in only a subset of muscles might prop-
agate modelling errors that worsen estimates of muscle excitations and metabolic rate. Future
work using EMG-informed simulations might benefit by adjusting temporal parameters to
models of EMGs-to-force production better or by finding a better suitable trade-off between
tracking EMGs and minimizing muscle effort. We determined that simulation workflow TEN
had the highest accuracy in estimating muscle activations and fiber lengths among the simula-
tion workflows and, therefore, used it for subsequent muscle metabolic rate analyses.

Accounting for the individualization of muscle passive force-length relationship resulted in
higher accuracy in the estimated muscle control. The computed muscle control trajectory is a
result of the muscle-tendon properties and the performance criterion. We observed that simu-
lating muscle dynamics with the same objective function using calibrated muscle passive
force-length relationships resulted in more accurate muscle excitations, most notably at the
knee flexors, than using generic values. The original model proposed by Rajagopal et al.
included the latest dataset of muscle architecture but no information about the joint passive
moments [31]; our findings suggest that joint passive moments are critical for accurately esti-
mating muscle excitations around the knee and hip. Likely, other musculoskeletal models
derived from subject-specific data [54] might also benefit from incorporating a description of
the joint passive moments.

Compared to generic values, the calibrated values tended to produce passive forces at rela-
tively longer normalized fiber lengths and with less stiffness. The passive moment-angle rela-
tionships at the ankle, knee, and hip tended to be more compliant, which in turn affected the
computed muscle activity. For instance, with calibrated passive plantarflexion moments,
which tended to be more compliant than the generic passive moments, more soleus activation
was required to plantarflex the foot during mid- and terminal stance; conversely, with stiffer
passive moments, less synergistic muscle activity was required. Likewise, with calibrated
moments, nearly zero passive moments are produced at small knee flexion and different hip
flexion angles; muscle activation must thus generate practically the entire moment in positions
near the neutral angle. This mechanism explains why muscles such as in the biceps femoris
long head are active during the beginning and the end of the gait cycle with calibrated passive
forces but not with generic passive forces.

Modelling the Achilles tendon as highly compliant, with stiffness values within the mea-
sured values reported by Stenroth et al. [51], resulted in higher fiber length agreement with
ultrasound imaging and lower metabolic energy peaks than with a stiff tendon. Identifying
muscle-tendon properties using EMGs requires motion data from multiple trials to ensure it
represents subject-specific characteristics [55]. These findings suggest that our method might
be sufficient to capture this property in healthy individuals. Also, it showed the importance of
modeling tendon compliance in the energetic aspect of locomotion. Tendon compliance is
associated with high energy efficiency during walking and running [16,18]. In a previous simu-
lation study, higher Achilles tendon compliance resulted in lower metabolic rates due to lower
contractile element work and nearly isometric contraction during mid- and terminal stance,
compared to a stiffer generic stiffness [16]. The Achilles tendon stores energy during these gait
phases to later support plantarflexion motion, thus behaving as a “catapult” to assist the push-
off action in pre-swing [56]. We estimated that the energetic cost associated with this mecha-
nism resulted in an earlier peak metabolic rate (48% gait cycle with TEN vs. 55% with PAS,
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Wilcoxon test, p<0.05 in 4/6 and p = 0.0625 in 2/6 metabolic energy models) and a lower peak
metabolic rate during the push-off action in pre-swing (SnPM test, p < 0.05). A stiff Achilles
tendon, related to morphological pathologies [57], does not exhibit this trade-off, which
emphasizes the importance of modelling muscle-tendon mechanics with compliant tendons
during walking if metabolic rates are an outcome of interest.

Modelling the quadriceps tendon as highly compliant showed somewhat the opposite effect
than in the Achilles tendon. Interestingly, we observed that the metabolic peak rate during
early stance increased, followed by a small decrease in energy cost compared to a generic stiffer
quadriceps tendon. The fiber excursion of the vastus lateralis was larger than experimentally
observed [42,43], which might have increased the positive muscle work rate and, therefore,
overestimated the metabolic rate in the early stance. The main factor that might have obscured
our estimation is the simplifications of the muscle-tendon lengths of the knee extensors. The
quadriceps tendon and patellar ligament are lumped together as one parameter in the model
we used. Yet, these passive structures differ in function and mechanical properties [58].
Including the patellar ligament would decrease the quadriceps tendon length and, thus, the
estimated tendon compliance. A stiffer tendon implies its elongation is less sensitive to active
force production [11], decreasing muscle fiber excursion. Future studies might consider incor-
porating the patellar ligament to better estimate the muscle fiber and metabolic rates at the
knee extensor muscle group.

Our reported estimation of metabolic rates that are more accurate than prior comparison
studies is likely attributable in part to the consideration of negative metabolic rates and to the
complexity of the musculoskeletal model. It is not physiologically plausible to estimate net
energy absorption, i.e., gaining energy through an eccentric muscle contraction, as also
pointed out by Uchida et al. [18]. Miller observed that various metabolic energy models better
estimated measured energy cost when eccentric (negative) work was removed from the meta-
bolic cost computations [24]. We likewise truncated any non-negative metabolic rates. Our
results disagreed somewhat with those of Koelewijn et al. [25], who found that metabolic
energy costs with the BH04, HO06, UMO03, and LW07 were underestimated, especially at high
metabolic demands. Arguably, that we truncated the negative metabolic rate accounts for
some of this difference, but the disagreement is also likely attributable to their omission of
modelled muscles in the frontal plane. We estimated that nearly 1/5 of the total cost during
walking is produced by the hip abductors and adductors.

Metabolic energy models estimated metabolic rates that correlated well with measured
whole-body average metabolic rates, even in the generic simulation workflow, which might
tempt dubious conclusions about time-series metabolic rate. Our generic simulation workflow
(GEN) using the BH04 or HO06 models estimated an almost perfect agreement with measured
whole-body average metabolic rates across walking speeds, even though this simulation work-
flow poorly estimated excitation and fiber lengths as compared to the simulation workflow
TEN. Furthermore, the generic simulation workflow (GEN) estimated a large muscle energy
cost in pre-and initial swing as a product of poor modelling of passive forces, estimated a high
relative muscle energy cost in the swing phase with the BH04 or HO06 models (36.5 to 36.7%,
respectively), and failed to capture attenuated metabolic rate peaks due to highly compliant
tendons. For further discussion, see S1 Appendix (section C: Comparison of metabolic estima-
tions among simulation workflows). In this regard, caution should be taken to interpret meta-
bolic rates if the muscle activations and fiber lengths have not been validated.

Estimated metabolic rates of the muscle function groups with the BH04 and UM10 models
are aligned with and extend findings from previous simulation studies. Umberger estimated
that hip extensors, knee extensors, and ankle plantarflexors contributed the most to energy
cost during the stance phase at a preferred walking speed [17], similar to our findings.
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Umberger also found that the most prominent metabolic rate peak occurred in loading
response and was primarily attributed to hip extensors and hip extensors, wherein hip exten-
sors accounted for the highest metabolic cost among muscle groups. We observed a similar
timing of the metabolic rate peaks, though plantarflexors accounted for the highest metabolic
cost in our simulations. In addition, we identified a metabolic rate peak during the initial
swing caused by hip flexors, hip adductors, and knee extensors. In contrast, Umberger
observed little to no contribution to metabolic rate from the knee extensors, particularly the
rectus femoris. Discrepancies in metabolic rates are likely to be attributed to a higher muscle
activation of the hip and knee extensors at heel strike compared to our simulation and the lack
of rectus femoris activation during the initial swing estimated by Umberger. We estimated a
rectus femoris activation peak at the initial swing, which is consistent with experimental obser-
vation [31,59]. Interestingly, Umberger estimated that the relative cost of the swing phase is
29%, which is nearly identical to our estimations for the UM10 model. Mohammadzadeh

et al., using the UM 10 model with modifications of Uchida et al. [18], estimated that plantar-
flexors accounted for 57% of the total metabolic cost, the highest among muscle function
groups, followed by knee and hip extensors with 22% and 11%, respectively, and the ankle dor-
siflexors and knee flexors, combined, with only 10% during walking at 1 m/s [60]. While we
also identified that, among muscle function groups, the plantarflexors demanded the highest
metabolic cost, even at low speeds, our estimated costs are approximately 1/3 of their reported
magnitudes. The muscle actuators’ low fidelity to reproducing recorded knee and hip flexor
joint moments might explain the discrepancy. Their study simulated walking with muscle-ten-
don actuators driven by recorded EMGs and optimized fiber and tendon lengths, wherein
knee and hip flexors generated little to no moment compared to the inverse dynamics solution.
Neglecting such muscle groups resulted in overestimated metabolic cost of ankle plantarflexors
and knee extensors and failure to capture the metabolic cost of the hip flexors, the primary
muscle function group for the swing phase according to our estimations. Similarly, Markowitz
and Herr simulated walking using muscle-tendon actuators driven by recorded and digitalized
EMGs and optimized muscle-tendon parameters to estimate muscle forces and metabolic rate
using the UM10 model [27]. They estimated that the swing phase accounted for 26% of the
total cost of walking, identical to our estimations with the BH04 model and slightly lower than
the UM10 model (29.6%). In addition, we estimated a substantial cost of the hip adductor and
abductors, nearly 20%, which was not described in the previous studies as they simulated hip
articulation in the sagittal plane only. These comparisons suggest that estimated metabolic
rates in muscle function groups might be obscured by the accuracy of modeled muscle-tendon
mechanics. Future experimental studies might bring more insights to refine the estimates of
metabolic cost.

The relative energy cost of the gait phases is related to fundamental principles of walking
dynamics. An inverted pendulum model is frequently used to describe the dynamics of the leg
during the stance phase—a high degree of conservation of kinetic and potential energy of the
center of mass translates to a mechanically efficient gait [61]. Some mechanical energy is, how-
ever, lost during each step, most notably in the transition between the stance and swing phases.
Positive mechanical power, primarily during pre-swing, is required to preserve walking speed
during the step-to-step transitions, is the primary determinant of metabolic energy cost, and
increases with walking speed [62]. In accordance with this finding, we observed that the push-
off action of the plantarflexors during pre-swing accounted for the highest metabolic rates
among muscle groups and gait phases, and increased with walking speed. Likewise, the relative
cost of the swing phase decreased with walking speed, and is related to muscles’ active contri-
bution to advance the leg. The initiation of swing is produced by the combined action of ankle
push-off and hip flexion pull-off actions during pre-swing [63]. At slow walking speeds, less
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mechanical energy is stored by the plantarflexors in terminal stance and delivered during the
push-off action, compared to fast speeds [64], and relatively more hip flexor muscle activation
is required for a pull-off action [65]. We found that while the hip flexor muscle activations and
associated energy cost during swing did increase with walking speed, the energy costs during
stance increased more.

In summary, evaluating the mechanics and metabolic rates of muscles supported by various
degrees of experimental observation provides insights into the relationship between muscle-
tendon function and metabolic demands and suggests venues to improve our understanding
of metabolic rates. By incorporating muscle-tendon parameter individualization and selecting
a subset of metabolic energy models from the literature, we could accurately estimate whole-
body average metabolic rates and also provide time-series estimates at the muscle group level.
Furthermore, our observations lead to the following suggestions:

- Regarding modelling muscle-tendon dynamics, we recommend validating computed pas-
sive structures—specifically highly compliant tendons and passive force-length relationship, to
describe better time-series trends of muscle activations, fiber lengths, and, thus, metabolic
rates.

- Regarding modelling metabolic energy cost, models that account for heat rates based on
fiber-type composition and null or small eccentric contraction cost, such as in the BH04 (as
modelled in this study) and UM10 models, better describe the increment of the whole-body
metabolic rates across walking speeds compared to measured data.

- Among muscle function groups, the ankle plantarflexors account for the highest metabolic
cost across walking speeds. Also, plantarflexor activity becomes substantially more costly when
walking speed increases, whereas knee and hip extensor, the other muscle groups that account
for the highest metabolic rates, are proportionally unaffected by walking speed. This estima-
tion supports the argument that ankle plantarflexion motion is the main driver of metabolic
energy cost across walking speeds.

- For metabolic efficiency, it is relatively more important to assist muscle function groups
that support the swing phase, specifically hip flexors and adductors, at low rather than fast
walking speeds. Assistive devices that support hip flexors have been reported to significantly
reduce the metabolic rates near the preferred walking speed [66]. Likely, devices that support
hip flexors have more potential to reduce metabolic costs at slow rather than high walking
speeds.

- Hip abductors and adductors contribute to approximately one-fifth of the metabolic cost
at preferred walking speed; thus, devices that support and assist frontal plane hip muscles seem
recommended for walking efficiency. Moreover, supporting these muscles seems more impor-
tant at low rather than high walking speeds.

Future work in quantifying metabolic rates during motion might be dedicated to increasing
the complexity of the musculoskeletal geometry and examining other neuromuscular com-
mand models. We assumed that muscle moment arms and muscle-tendon lengths are scaled
versions of the generic musculoskeletal model, yet special attention might be warranted for
certain muscles whose attachments can be expected to induce large changes in computed mus-
cle dynamics [67]. Modelling assumptions of the muscle-tendon lengths significantly influ-
ences the computation of fiber excursion [68] and, thus, muscle work rate, which is a critical
value in estimating metabolic rates. Also, we assumed that a single performance criterion
solves muscle controls: the sum of squared muscle activations, while it might instead be a
product of various criteria simultaneously [69] or experimentally inferred by a more complex
muscle control paradigm, such as muscle synergies [70]. Future studies account for high accu-
racy in the estimated muscle-tendon geometry and muscle control, which might increase con-
fidence in muscle mechanics and metabolic cost predictions.
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Supporting information

S1 Appendix. This appendix describes in detail the calibration of passive forces (section
A), simulation workflows (section B), comparison of metabolic estimations among simula-
tion workflows (section C), and simulation verification (section D).

(PDF)

S1 Fig. Passive moment computed with calibrated and generic passive forces across joint
ranges of motion. Experimental data was reported by Silder et al. [36]. Positive moments refer
to ankle dorsiflexion, knee flexion, and hip flexion, respectively.

(TIFF)

S2 Fig. Metabolic rates and energy efficiencies in soleus. Metabolic rate (E) (above) and
energy efficiency (below), defined as the ratio between the contractile element work rate and
metabolic rate, for a general case of the soleus at several activation levels across normalized

fiber lengths (1,,), normalized fiber velocities (7,,) using six metabolic energy models: Umber-
ger et al. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15] (HOO06), Lichtwark and
Wilson [16] (LW07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). Metabolic rate

and energy efficiency for activation levels 0.01, 0.33, 0.66, and 1.00 are shown for [,, = 1, (plane
sections in red color gradient), and for v,, = 0.1 (plane sections in blue color gradient). Ratio
of slow twitch muscle fiber, muscle mass, optimal fiber length, and maximum voluntary con-
traction are assumed as 0.8, 0.48 kg, 4.5 cm, and 10 [optimal fiber lengths/second], respec-
tively.

(TIFF)

$3 Fig. Computed and experimental muscle excitations in the simulation workflows. Mus-
cle excitations of all muscle-tendon actuators in the musculoskeletal model at preferred walk-
ing speed with four simulation workflows: Minimal muscle effort with generic passive force
(GEN), with calibrated passive force (PAS), with calibrated passive force and personalized ten-
don stiffness (TEN), and EMG-informed with calibrated passive force and personalized ten-
don stiffness (EMG). Muscle names (plot titles) refer to their abbreviations in the
musculoskeletal model: adductor brevis (addbrev), adductor longus (addlong), adductor mag-
nus (addmagDist, addmaglsch, addmagMid, and addmagProx), biceps femoris long head
(bflh), biceps femoris short head (bfsh), extensor digitorum longus (edl), extensor hallucis
longus (ehl), flexor digitorum longus (fdl), flexor hallucis longus (thl), gastrocnemius lateralis
(gaslat), gastrocnemius medialis (gasmed), gluteus maximus (glmax1, glmax2, and glmax3),
gluteus medialis (glmed1, glmed2, and glmed3), gluteus minimus (glmin1, glmin2, and
glmin3), gracilis (grac), iliacus, peroneus brevis (perbrev), peroneus longus (perlong), piri,
psoas, rectus femoris (recfem), sartorius (sart), semimembranosus (semimem), semitendino-
sus (semiten), soleus, tensor fasciae latae (tfl), tibialis anterior (tibant), tibialis posterior (tib-
post), vastus intermedius (vasint), vastus lateralis (vaslat), and vastus medialis (vasmed).
Measured EMG signals were obtained by digitalizing data reported by Perry [41].

(TIFF)

S4 Fig. Relative metabolic cost of muscle function groups across speeds in the simulation
workflows. Percentage of the energy cost of the ankle dorsiflexors, ankle plantarflexors, knee
flexors, knee extensors, hip flexors, hip extensors, hip adductors, hip abductors, hip internal
rotators, and hip external rotators relative to the total energy cost in a gait cycle [%] vs. walking
speeds with the simulation workflow based on minimal muscle effort with calibrated passive
force and personalized tendon stiffness (TEN), using six metabolic energy models: Umberger
etal. [14] (UMO03), Bhargava et al. [12] (BH04), Houdijk et al. [15] (HO04), Lichtwark and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 21/26


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s005
https://doi.org/10.1371/journal.pcbi.1012411

PLOS COMPUTATIONAL BIOLOGY Modelling muscle mechanics and energetics during walking

Wilson [16] (LWO07), Umberger [17] (UM10), and Uchida et al. [18] (UC16). Individual sub-
jects are illustrated in different colors, and the slope and correlation coefficient from repeated
measures correlation is indicated.

(TIFF)

S1 Table. Components of the metabolic energy models. Principal characteristics of work
rate and heat rates in six metabolic energy models: Umberger et al. [1] (UMO03), Bhargava et al.
[2] (BH04), Houdijk et al. [3] (HOO06), Lichtwark and Wilson [4] (LW07), Umberger [5]
(UM10), and Uchida et al. [6] (UC16). The UMO03, UM10, and UC16 models had one expres-

sion that described both the activation (H,) and maintenance (H,,) heat rates.
(PDF)

S2 Table. Relative metabolic cost of muscle function groups at preferred walking speed.
Percentage of the metabolic cost of the ankle dorsiflexors (AD), ankle plantarflexors (AP),
knee flexors (KF), knee extensors (KE), hip flexors (HF), hip extensors (HE), hip adductors
(HD), hip abductors (HB), hip internal rotators (HI), and hip external rotators (HO) relative
to the total energy cost in a gait cycle [%] at preferred walking speed with four simulation
workflows: Minimal muscle effort with generic passive force (GEN), with calibrated passive
force (PAS), with calibrated passive force and personalized tendon stiffness (TEN), and EMG-
informed with calibrated passive force and personalized tendon stiffness (EMG), using six
metabolic energy models: Umberger et al. [1] (UMO03), Bhargava et al. [2] (BH04), Houdijk
etal. [3] (HO04), Lichtwark and Wilson [4] (LW07), Umberger [5] (UM10), and Uchida et al.
[6] (UC16).

(PDF)

Author Contributions
Conceptualization: Israel Luis, Elena M. Gutierrez-Farewik.
Data curation: Israel Luis.

Formal analysis: Israel Luis, Maarten Afschrift, Friedl De Groote, Elena M. Gutierrez-
Farewik.

Funding acquisition: Elena M. Gutierrez-Farewik.

Investigation: Israel Luis, Elena M. Gutierrez-Farewik.

Methodology: Israel Luis, Maarten Afschrift, Friedl De Groote, Elena M. Gutierrez-Farewik.
Project administration: Israel Luis, Elena M. Gutierrez-Farewik.

Resources: Elena M. Gutierrez-Farewik.

Software: Israel Luis, Maarten Afschrift.

Supervision: Elena M. Gutierrez-Farewik.

Validation: Israel Luis, Maarten Afschrift.

Visualization: Israel Luis.

Writing - original draft: Israel Luis, Elena M. Gutierrez-Farewik.

Writing - review & editing: Israel Luis, Maarten Afschrift, Friedl De Groote, Elena M. Gutier-
rez-Farewik.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 22/26


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012411.s007
https://doi.org/10.1371/journal.pcbi.1012411

PLOS COMPUTATIONAL BIOLOGY Modelling muscle mechanics and energetics during walking

References

1. Waters RL, Mulroy S. The energy expenditure of normal and pathologic gait. Gait Posture. 1999.
https://doi.org/10.1016/s0966-6362(99)00009-0 PMID: 10575082

2. Collins SH, Wiggin MB, Sawicki GS. Reducing the energy cost of human walking using an unpowered
exoskeleton. Nature. 2015; 522: 212-215. https://doi.org/10.1038/nature 14288 PMID: 25830889

3. McCain EM, Dick TJM, Giest TN, Nuckols RW, Lewek MD, Saul KR, et al. Mechanics and energetics of
post-stroke walking aided by a powered ankle exoskeleton with speed-adaptive myoelectric control. J
Neuroeng Rehabil. 2019; 16: 1-12. https://doi.org/10.1186/s12984-019-0523-y PMID: 31092269

4. Brockway JM. Derivation of formulae used to calculate energy expenditure in man. Hum Nutr Clin Nutr.
1987; 41: 463-471. PMID: 3429265

5. Zamparo P, Monte A, Pavei G. Energetics (and Mechanical Determinants) of Sprint and Shuttle Run-
ning. Int J Sports Med. 2023. https://doi.org/10.1055/a-2184-9007 PMID: 37956876

6. Selinger JC, Donelan JM. Estimating instantaneous energetic cost during non-steady-state gait. J Appl
Physiol. 2014; 117: 1406—1415. https://doi.org/10.1152/japplphysiol.00445.2014 PMID: 25257873

7. Beck ON, Gosyne J, Franz JR, Sawicki GS. Cyclically producing the same average muscle-tendon
force with a smaller duty increases metabolic rate. Proceedings of the Royal Society B: Biological Sci-
ences. 2020;287. https://doi.org/10.1098/rspb.2020.0431 PMID: 32811308

8. Monte A, Zamparo P. Impairments in muscle shape changes affect metabolic demands during in-vivo
contractions. Proceedings of the Royal Society B: Biological Sciences. 2023;290. https://doi.org/10.
1098/rspb.2023.1469 PMID: 37670588

9. VanDerZee TJ, Kuo AD. The high energetic cost of rapid force development in muscle. Journal of
Experimental Biology. 2021;224. hitps://doi.org/10.1242/jeb.233965 PMID: 33707194

10. Slade P, Kochenderfer MJ, Delp SL, Collins SH. Sensing leg movement enhances wearable monitoring
of energy expenditure. Nat Commun. 2021; 12: 1-11. https://doi.org/10.1038/s41467-021-24173-x
PMID: 34257310

11. Zajac FE. Muscle and tendon: properties, models, scaling, and application to biomechanics and motor
control. Crit Rev Biomed Eng. 1989; 17: 359-411. PMID: 2676342

12. Bhargava LJ, Pandy MG, Anderson FC. A phenomenological model for estimating metabolic energy
consumption in muscle contraction. J Biomech. 2004; 37: 81-88. https://doi.org/10.1016/s0021-9290
(03)00239-2 PMID: 14672571

13. Lichtwark GA, Wilson AM. A modified Hill muscle model that predicts muscle power output and effi-
ciency during sinusoidal length changes. Journal of Experimental Biology. 2005; 208: 2831-2843.
https://doi.org/10.1242/jeb.01709 PMID: 16043588

14. Umberger BR, Gerritsen KGM, Martin PE. A model of human muscle energy expenditure. Comput
Methods Biomech Biomed Engin. 2003; 6: 99—111. https://doi.org/10.1080/1025584031000091678
PMID: 12745424

15. Houdijk H, Bobbert MF, De Haan A. Evaluation of a Hill based muscle model for the energy cost and effi-
ciency of muscular contraction. J Biomech. 2006; 39: 536—-543. https://doi.org/10.1016/j.jbiomech.
2004.11.033 PMID: 16389094

16. Lichtwark GA, Wilson AM. Is Achilles tendon compliance optimised for maximum muscle efficiency dur-
ing locomotion? J Biomech. 2007; 40: 1768—1775. https://doi.org/10.1016/j.jpiomech.2006.07.025
PMID: 17101140

17.  Umberger BR. Stance and swing phase costs in human walking. J R Soc Interface. 2010; 7: 1329—
1340. https://doi.org/10.1098/rsif.2010.0084 PMID: 20356877

18. Uchida TK, Hicks JL, Dembia CL, Delp SL. Stretching your energetic budget: How tendon compliance
affects the metabolic cost of running. PLoS One. 2016; 11. https://doi.org/10.1371/journal.pone.
0150378 PMID: 26930416

19. Dembia CL, Silder A, Uchida TK, Hicks JL, Delp SL. Simulating ideal assistive devices to reduce the
metabolic cost of walking with heavy loads. PLoS One. 2017; 12: 1-25. https://doi.org/10.1371/journal.
pone.0180320 PMID: 28700630

20. Arones MM, Shourijeh MS, Patten C, Fregly BJ. Musculoskeletal Model Personalization Affects Meta-
bolic Cost Estimates for Walking. Front Bioeng Biotechnol. 2020;8. https://doi.org/10.3389/fbioe.2020.
588925 PMID: 33324623

21. Falisse A, Serrancoli G, Dembia CL, Gillis J, Jonkers |, De Groote F. Rapid predictive simulations with
complex musculoskeletal models suggest that diverse healthy and pathological human gaits can
emerge from similar control strategies. J R Soc Interface. 2019; 16: 1-10. https://doi.org/10.1098/rsif.
2019.0402 PMID: 31431186

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 23/26


https://doi.org/10.1016/s0966-6362%2899%2900009-0
http://www.ncbi.nlm.nih.gov/pubmed/10575082
https://doi.org/10.1038/nature14288
http://www.ncbi.nlm.nih.gov/pubmed/25830889
https://doi.org/10.1186/s12984-019-0523-y
http://www.ncbi.nlm.nih.gov/pubmed/31092269
http://www.ncbi.nlm.nih.gov/pubmed/3429265
https://doi.org/10.1055/a-2184-9007
http://www.ncbi.nlm.nih.gov/pubmed/37956876
https://doi.org/10.1152/japplphysiol.00445.2014
http://www.ncbi.nlm.nih.gov/pubmed/25257873
https://doi.org/10.1098/rspb.2020.0431
http://www.ncbi.nlm.nih.gov/pubmed/32811308
https://doi.org/10.1098/rspb.2023.1469
https://doi.org/10.1098/rspb.2023.1469
http://www.ncbi.nlm.nih.gov/pubmed/37670588
https://doi.org/10.1242/jeb.233965
http://www.ncbi.nlm.nih.gov/pubmed/33707194
https://doi.org/10.1038/s41467-021-24173-x
http://www.ncbi.nlm.nih.gov/pubmed/34257310
http://www.ncbi.nlm.nih.gov/pubmed/2676342
https://doi.org/10.1016/s0021-9290%2803%2900239-2
https://doi.org/10.1016/s0021-9290%2803%2900239-2
http://www.ncbi.nlm.nih.gov/pubmed/14672571
https://doi.org/10.1242/jeb.01709
http://www.ncbi.nlm.nih.gov/pubmed/16043588
https://doi.org/10.1080/1025584031000091678
http://www.ncbi.nlm.nih.gov/pubmed/12745424
https://doi.org/10.1016/j.jbiomech.2004.11.033
https://doi.org/10.1016/j.jbiomech.2004.11.033
http://www.ncbi.nlm.nih.gov/pubmed/16389094
https://doi.org/10.1016/j.jbiomech.2006.07.025
http://www.ncbi.nlm.nih.gov/pubmed/17101140
https://doi.org/10.1098/rsif.2010.0084
http://www.ncbi.nlm.nih.gov/pubmed/20356877
https://doi.org/10.1371/journal.pone.0150378
https://doi.org/10.1371/journal.pone.0150378
http://www.ncbi.nlm.nih.gov/pubmed/26930416
https://doi.org/10.1371/journal.pone.0180320
https://doi.org/10.1371/journal.pone.0180320
http://www.ncbi.nlm.nih.gov/pubmed/28700630
https://doi.org/10.3389/fbioe.2020.588925
https://doi.org/10.3389/fbioe.2020.588925
http://www.ncbi.nlm.nih.gov/pubmed/33324623
https://doi.org/10.1098/rsif.2019.0402
https://doi.org/10.1098/rsif.2019.0402
http://www.ncbi.nlm.nih.gov/pubmed/31431186
https://doi.org/10.1371/journal.pcbi.1012411

PLOS COMPUTATIONAL BIOLOGY Modelling muscle mechanics and energetics during walking

22. Farris DJ, Hicks JL, Delp SL, Sawicki GS. Musculoskeletal modelling deconstructs the paradoxical
effects of elastic ankle exoskeletons on plantar-flexor mechanics and energetics during hopping. Jour-
nal of Experimental Biology. 2014; 217: 4018-4028. https://doi.org/10.1242/jeb.107656 PMID:
25278469

23. Jackson RW, Dembia CL, Delp SL, Collins SH. Muscle-tendon mechanics explain unexpected effects
of exoskeleton assistance on metabolic rate during walking. Journal of Experimental Biology. 2017;
220: 2082—2095. https://doi.org/10.1242/jeb.150011 PMID: 28341663

24. Miller RH. A comparison of muscle energy models for simulating human walking in three dimensions. J
Biomech. 2014; 47: 1373-1381. https://doi.org/10.1016/j.joiomech.2014.01.049 PMID: 24581797

25. Koelewijn AD, Heinrich D, van den Bogert AJ. Metabolic cost calculations of gait using musculoskeletal
energy models, a comparison study. PLoS One. 2019; 14. https://doi.org/10.1371/journal.pone.
0222037 PMID: 31532796

26. Hicks JL, Uchida TK, Seth A, Rajagopal A, Delp SL. Is My Model Good Enough? Best Practices for Veri-
fication and Validation of Musculoskeletal Models and Simulations of Movement. J Biomech Eng.
2015;137. https://doi.org/10.1115/1.4029304 PMID: 25474098

27. Markowitz J, Herr H. Human Leg Model Predicts Muscle Forces, States, and Energetics during Walk-
ing. PLoS Comput Biol. 2016; 12: 1-30. https://doi.org/10.1371/journal.pcbi.1004912 PMID: 27175486

28. Sartori M, Maculan M, Pizzolato C, Reggiani M, Farina D. Modeling and simulating the neuromuscular
mechanisms regulating ankle and knee joint stiffness during human locomotion. J Neurophysiol. 2015;
114: 2509-2527. https://doi.org/10.1152/jn.00989.2014 PMID: 26245321

29. Bohannon RW. Comfortable and maximum walking speed of adults aged 20-79 years: Reference val-
ues and determinants. Age Ageing. 1997; 26: 15—-19. https://doi.org/10.1093/ageing/26.1.15 PMID:
9143432

30. Hermens HJ, Freriks B, Disselhorst-Klug C, Rau G. Development of recommendations for SEMG sen-
sors and sensor placement procedures. Journal of Electromyography and Kinesiology. 2000; 10: 361—
374. https://doi.org/10.1016/s1050-6411(00)00027-4 PMID: 11018445

31. Rajagopal A, Dembia CL, DeMers MS, Delp DD, Hicks JL, Delp SL. Full-Body Musculoskeletal Model
for Muscle-Driven Simulation of Human Gait. IEEE Trans Biomed Eng. 2016; 63: 2068—2079. https://
doi.org/10.1109/TBME.2016.2586891 PMID: 27392337

32. Handsfield GG, Meyer CH, Hart JM, Abel MF, Blemker SS. Relationships of 35 lower limb muscles to
height and body mass quantified using MRI. J Biomech. 2014; 47: 631-638. https://doi.org/10.1016/j.
jbiomech.2013.12.002 PMID: 24368144

33. De Groote F, Kinney AL, Rao A V., Fregly BJ. Evaluation of Direct Collocation Optimal Control Problem
Formulations for Solving the Muscle Redundancy Problem. Ann Biomed Eng. 2016; 44: 2922—-2936.
https://doi.org/10.1007/s10439-016-1591-9 PMID: 27001399

34. Luis |, Afschrift M, De Groote F, Gutierrez-Farewik EM. Evaluation of musculoskeletal models, scaling
methods, and performance criteria for estimating muscle excitations and fiber lengths across walking
speeds. Front Bioeng Biotechnol. 2022; 10. https://doi.org/10.3389/fbioe.2022.1002731 PMID:
36277379

35. Lai AKM, Arnold AS, Wakeling JM. Why are Antagonist Muscles Co-activated in My Simulation? A Mus-
culoskeletal Model for Analysing Human Locomotor Tasks. Ann Biomed Eng. 2017; 45: 2762-2774.
https://doi.org/10.1007/s10439-017-1920-7 PMID: 28900782

36. Silder A, Whittington B, Heiderscheit B, Thelen DG. Identification of passive elastic joint moment-angle
relationships in the lower extremity. J Biomech. 2007; 40: 2628—-2635. https://doi.org/10.1016/j.
jbiomech.2006.12.017 PMID: 17359981

37. Thelen DG. Adjustment of muscle mechanics model parameters to simulate dynamic contractions in
older adults. J Biomech Eng. 2003; 125: 70-77. https://doi.org/10.1115/1.1531112 PMID: 12661198

38. Uchida TK, Seth A, Pouya S, Dembia CL, Hicks JL, Delp SL. Simulating ideal assistive devices to
reduce the metabolic cost of running. PLoS One. 2016; 11: 1-19. https://doi.org/10.1371/journal.pone.
0163417 PMID: 27656901

39. ABBOTT BC AUBERT XM. Changes of energy in a muscle during very slow stretches. Proc R Soc
Lond B Biol Sci. 1951; 139: 104—117. https://doi.org/10.1098/rspb.1951.0049 PMID: 14911817

40. Yamada K. Energetics of muscle contraction: further trials. The Journal of Physiological Sciences.
2017; 67: 19-43. https://doi.org/10.1007/s12576-016-0470-3 PMID: 27412384

41. Perry J. Gait Analysis: Normal and Pathological Function. SLACK Incorporated, New Jersey. Thoro-
fare: SLACK Incorporated; 1992.

42. Bohm S, Marzilger R, Mersmann F, Santuz A, Arampatzis A. Operating length and velocity of human
vastus lateralis muscle during walking and running. Sci Rep. 2018; 8. https://doi.org/10.1038/s41598-
018-23376-5 PMID: 29567999

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 24/26


https://doi.org/10.1242/jeb.107656
http://www.ncbi.nlm.nih.gov/pubmed/25278469
https://doi.org/10.1242/jeb.150011
http://www.ncbi.nlm.nih.gov/pubmed/28341663
https://doi.org/10.1016/j.jbiomech.2014.01.049
http://www.ncbi.nlm.nih.gov/pubmed/24581797
https://doi.org/10.1371/journal.pone.0222037
https://doi.org/10.1371/journal.pone.0222037
http://www.ncbi.nlm.nih.gov/pubmed/31532796
https://doi.org/10.1115/1.4029304
http://www.ncbi.nlm.nih.gov/pubmed/25474098
https://doi.org/10.1371/journal.pcbi.1004912
http://www.ncbi.nlm.nih.gov/pubmed/27175486
https://doi.org/10.1152/jn.00989.2014
http://www.ncbi.nlm.nih.gov/pubmed/26245321
https://doi.org/10.1093/ageing/26.1.15
http://www.ncbi.nlm.nih.gov/pubmed/9143432
https://doi.org/10.1016/s1050-6411%2800%2900027-4
http://www.ncbi.nlm.nih.gov/pubmed/11018445
https://doi.org/10.1109/TBME.2016.2586891
https://doi.org/10.1109/TBME.2016.2586891
http://www.ncbi.nlm.nih.gov/pubmed/27392337
https://doi.org/10.1016/j.jbiomech.2013.12.002
https://doi.org/10.1016/j.jbiomech.2013.12.002
http://www.ncbi.nlm.nih.gov/pubmed/24368144
https://doi.org/10.1007/s10439-016-1591-9
http://www.ncbi.nlm.nih.gov/pubmed/27001399
https://doi.org/10.3389/fbioe.2022.1002731
http://www.ncbi.nlm.nih.gov/pubmed/36277379
https://doi.org/10.1007/s10439-017-1920-7
http://www.ncbi.nlm.nih.gov/pubmed/28900782
https://doi.org/10.1016/j.jbiomech.2006.12.017
https://doi.org/10.1016/j.jbiomech.2006.12.017
http://www.ncbi.nlm.nih.gov/pubmed/17359981
https://doi.org/10.1115/1.1531112
http://www.ncbi.nlm.nih.gov/pubmed/12661198
https://doi.org/10.1371/journal.pone.0163417
https://doi.org/10.1371/journal.pone.0163417
http://www.ncbi.nlm.nih.gov/pubmed/27656901
https://doi.org/10.1098/rspb.1951.0049
http://www.ncbi.nlm.nih.gov/pubmed/14911817
https://doi.org/10.1007/s12576-016-0470-3
http://www.ncbi.nlm.nih.gov/pubmed/27412384
https://doi.org/10.1038/s41598-018-23376-5
https://doi.org/10.1038/s41598-018-23376-5
http://www.ncbi.nlm.nih.gov/pubmed/29567999
https://doi.org/10.1371/journal.pcbi.1012411

PLOS COMPUTATIONAL BIOLOGY Modelling muscle mechanics and energetics during walking

43. Chleboun GS, Busic AB, Graham KK, Stuckey HA. Fascicle length change of the human tibialis anterior
and vastus lateralis during walking. Journal of Orthopaedic and Sports Physical Therapy. 2007; 37:
372-379. https://doi.org/10.2519/jospt.2007.2440 PMID: 17710906

44. Farris DJ, Raiteri BJ. Elastic ankle muscle-tendon interactions are adjusted to produce acceleration dur-
ing walking in humans. Journal of Experimental Biology. 2017; 220: 4252—4260. https://doi.org/10.
1242/jeb.159749 PMID: 28954818

45. Farris DJ, Sawicki GS. Human medial gastrocnemius force-velocity behavior shifts with locomotion
speed and gait. Proc Natl Acad Sci U S A. 2012; 109: 977-982. https://doi.org/10.1073/pnas.
1107972109 PMID: 22219360

46. Hamard R, Aeles J, Kelp NY, Feigean R, Hug F, Dick TUM. Does different activation between the medial
and the lateral gastrocnemius during walking translate into different fascicle behavior? Journal of Exper-
imental Biology. 2021;224. https://doi.org/10.1242/jeb.242626 PMID: 34096594

47. LaiA, Lichtwark GA, Schache AG, Lin Y-C, Brown NAT, Pandy MG. In vivo behavior of the human
soleus muscle with increasing walking and running speeds. J Appl Physiol. 2015; 118: 1266-1275.
https://doi.org/10.1152/japplphysiol.00128.2015 PMID: 25814636

48. Pataky TC, Vanrenterghem J, Robinson MA. Zero- vs. one-dimensional, parametric vs. non-parametric,
and confidence interval vs. hypothesis testing procedures in one-dimensional biomechanical trajectory
analysis. J Biomech. 2015; 48: 1277-1285. https://doi.org/10.1016/j.jbiomech.2015.02.051 PMID:
25817475

49. Bakdash JZ, Marusich LR. Repeated measures correlation. Front Psychol. 2017;8. https://doi.org/10.
3389/fpsyg.2017.00456 PMID: 28439244

50. Myles PS, CuiJ. |. Using the Bland-Altman method to measure agreement with repeated measures.
British Journal of Anaesthesia. Oxford University Press; 2007. pp. 309-311. https://doi.org/10.1093/
bja/aem214 PMID: 17702826

51. Stenroth L, Peltonen J, Cronin NJ, Sipila S, Finni T. Age-related differences in Achilles tendon proper-
ties and triceps surae muscle architecture in vivo. J Appl Physiol. 2012; 113: 1537—-1544. https://doi.org/
10.1152/japplphysiol.00782.2012 PMID: 23042907

52. Ward SR, Eng CM, Smallwood LH, Lieber RL. Are current measurements of lower extremity muscle
architecture accurate? Clin Orthop Relat Res. 2009; 467: 1074—1082. https://doi.org/10.1007/s11999-
008-0594-8 PMID: 18972175

53. Lloyd DG, Besier TF. An EMG-driven musculoskeletal model to estimate muscle forces and knee joint
moments in vivo. J Biomech. 2003; 36: 765-776. https://doi.org/10.1016/s0021-9290(03)00010-1
PMID: 12742444

54. Charles JP, Grant B, D’Ao(it K, Bates KT. Subject-specific muscle properties from diffusion tensor imag-
ing significantly improve the accuracy of musculoskeletal models. J Anat. 2020; 237: 941-959. https://
doi.org/10.1111/joa.13261 PMID: 32598483

55. Falisse A, Van Rossom S, Jonkers |, De Groote F. EMG-Driven Optimal Estimation of Subject-SPE-
CIFIC Hill Model Muscle-Tendon Parameters of the Knee Joint Actuators. IEEE Trans Biomed Eng.
2017; 64: 2253-2262. https://doi.org/10.1109/TBME.2016.2630009 PMID: 27875132

56. Ishikawa M, Komi P V., Grey MJ, Lepola V, Bruggemann G-P. Muscle-tendon interaction and elastic
energy usage in human walking. J Appl Physiol. 2005; 99: 603-608. https://doi.org/10.1152/
japplphysiol.00189.2005 PMID: 15845776

57. Petrovic M, Maganaris CN, Deschamps K, Verschueren SM, Bowling FL, Boulton AJM, et al. Altered
Achilles tendon function during walking in people with diabetic neuropathy: implications for metabolic
energy saving. J Appl Physiol. 2018; 124: 1333—-1340. https://doi.org/10.1152/japplphysiol.00290.2017
PMID: 29420151

58. Sprague A, Epsley S, Silbernagel KG. Distinguishing Quadriceps Tendinopathy and Patellar Tendino-
pathy: Semantics or Significant? Journal of Orthopaedic & Sports Physical Therapy. 2019; 49: 627—
630. https://doi.org/10.2519/jospt.2019.0611 PMID: 31475629

59. Nene A, Mayagoitia R, Veltink P. Assessment of rectus femoris function during initial swing phase. Gait
Posture. 1999; 9: 1-9. https://doi.org/10.1016/s0966-6362(98)00042-3 PMID: 10575064

60. Mohammadzadeh G. A, Antonellis P, Malcolm P. Differences between joint-space and musculoskeletal
estimations of metabolic rate time profiles. PLoS Comput Biol. 2020; 16: 1-27. https://doi.org/10.1371/
journal.pcbi.1008280 PMID: 33112850

61. Kuo AD, Donelan JM. Dynamic Principles of Gait and Their Clinical Implications. Phys Ther. 2010; 90:
157-174. https://doi.org/10.2522/ptj.20090125 PMID: 20023002

62. Kuo AD, Donelan JM, Ruina A. Energetic Consequences of Walking Like an Inverted Pendulum: Step-
to-Step Transitions. Exerc Sport Sci Rev. 2005; 33: 88-97. https://doi.org/10.1097/00003677-
200504000-00006 PMID: 15821430

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 25/26


https://doi.org/10.2519/jospt.2007.2440
http://www.ncbi.nlm.nih.gov/pubmed/17710906
https://doi.org/10.1242/jeb.159749
https://doi.org/10.1242/jeb.159749
http://www.ncbi.nlm.nih.gov/pubmed/28954818
https://doi.org/10.1073/pnas.1107972109
https://doi.org/10.1073/pnas.1107972109
http://www.ncbi.nlm.nih.gov/pubmed/22219360
https://doi.org/10.1242/jeb.242626
http://www.ncbi.nlm.nih.gov/pubmed/34096594
https://doi.org/10.1152/japplphysiol.00128.2015
http://www.ncbi.nlm.nih.gov/pubmed/25814636
https://doi.org/10.1016/j.jbiomech.2015.02.051
http://www.ncbi.nlm.nih.gov/pubmed/25817475
https://doi.org/10.3389/fpsyg.2017.00456
https://doi.org/10.3389/fpsyg.2017.00456
http://www.ncbi.nlm.nih.gov/pubmed/28439244
https://doi.org/10.1093/bja/aem214
https://doi.org/10.1093/bja/aem214
http://www.ncbi.nlm.nih.gov/pubmed/17702826
https://doi.org/10.1152/japplphysiol.00782.2012
https://doi.org/10.1152/japplphysiol.00782.2012
http://www.ncbi.nlm.nih.gov/pubmed/23042907
https://doi.org/10.1007/s11999-008-0594-8
https://doi.org/10.1007/s11999-008-0594-8
http://www.ncbi.nlm.nih.gov/pubmed/18972175
https://doi.org/10.1016/s0021-9290%2803%2900010-1
http://www.ncbi.nlm.nih.gov/pubmed/12742444
https://doi.org/10.1111/joa.13261
https://doi.org/10.1111/joa.13261
http://www.ncbi.nlm.nih.gov/pubmed/32598483
https://doi.org/10.1109/TBME.2016.2630009
http://www.ncbi.nlm.nih.gov/pubmed/27875132
https://doi.org/10.1152/japplphysiol.00189.2005
https://doi.org/10.1152/japplphysiol.00189.2005
http://www.ncbi.nlm.nih.gov/pubmed/15845776
https://doi.org/10.1152/japplphysiol.00290.2017
http://www.ncbi.nlm.nih.gov/pubmed/29420151
https://doi.org/10.2519/jospt.2019.0611
http://www.ncbi.nlm.nih.gov/pubmed/31475629
https://doi.org/10.1016/s0966-6362%2898%2900042-3
http://www.ncbi.nlm.nih.gov/pubmed/10575064
https://doi.org/10.1371/journal.pcbi.1008280
https://doi.org/10.1371/journal.pcbi.1008280
http://www.ncbi.nlm.nih.gov/pubmed/33112850
https://doi.org/10.2522/ptj.20090125
http://www.ncbi.nlm.nih.gov/pubmed/20023002
https://doi.org/10.1097/00003677-200504000-00006
https://doi.org/10.1097/00003677-200504000-00006
http://www.ncbi.nlm.nih.gov/pubmed/15821430
https://doi.org/10.1371/journal.pcbi.1012411

PLOS COMPUTATIONAL BIOLOGY

Modelling muscle mechanics and energetics during walking

63.

64.

65.

66.

67.

68.

69.

70.

Lewis CL, Ferris DP. Walking with increased ankle pushoff decreases hip muscle moments. J Biomech.
2008; 41: 2082—-2089. https://doi.org/10.1016/j.jpiomech.2008.05.013 PMID: 18606419

Lipfert S, Gunther M, Renjewski D, Seyfarth A. Impulsive ankle push-off powers leg swing in human
walking. Journal of Experimental Biology. 2014; 217: 1831-1831. https://doi.org/10.1242/jeb.097345
PMID: 24363410

Andersson EA, Nilsson J, Thorstensson A. Intramuscular emg from the hip flexor muscles during
human locomotion. Acta Physiol Scand. 1997; 161: 361-370. https://doi.org/10.1046/j.1365-201X.
1997.00225.x PMID: 9401589

Kim J, Quinlivan BT, Deprey LA, Arumukhom Revi D, Eckert-Erdheim A, Murphy P, et al. Reducing the
energy cost of walking with low assistance levels through optimized hip flexion assistance from a soft
exosuit. Sci Rep. 2022; 12: 1—13. https://doi.org/10.1038/s41598-022-14784-9 PMID: 35768486

Ackland DC, Lin YC, Pandy MG. Sensitivity of model predictions of muscle function to changes in
moment arms and muscle-tendon properties: A Monte-Carlo analysis. J Biomech. 2012; 45: 1463—
1471. https://doi.org/10.1016/j.jpbiomech.2012.02.023 PMID: 22507351

Blemker SS, Delp SL. Rectus femoris and vastus intermedius fiber excursions predicted by three-
dimensional muscle models. J Biomech. 2006; 39: 1383—1391. https://doi.org/10.1016/j.joiomech.
2005.04.012 PMID: 15972213

McDonald KA, Cusumano JP, Hieronymi A, Rubenson J. Humans trade off whole-body energy cost to
avoid overburdening muscles while walking. Proceedings of the Royal Society B: Biological Sciences.
2022; 289. https://doi.org/10.1098/rspb.2022.1189 PMID: 36285498

Meyer AJ, Eskinazi |, Jackson JN, Rao A V., Patten C, Fregly BJ. Muscle synergies facilitate computa-
tional prediction of subject-specific walking motions. Front Bioeng Biotechnol. 2016; 4. https://doi.org/
10.3389/fbioe.2016.00077 PMID: 27790612

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012411  September 13, 2024 26/26


https://doi.org/10.1016/j.jbiomech.2008.05.013
http://www.ncbi.nlm.nih.gov/pubmed/18606419
https://doi.org/10.1242/jeb.097345
http://www.ncbi.nlm.nih.gov/pubmed/24363410
https://doi.org/10.1046/j.1365-201X.1997.00225.x
https://doi.org/10.1046/j.1365-201X.1997.00225.x
http://www.ncbi.nlm.nih.gov/pubmed/9401589
https://doi.org/10.1038/s41598-022-14784-9
http://www.ncbi.nlm.nih.gov/pubmed/35768486
https://doi.org/10.1016/j.jbiomech.2012.02.023
http://www.ncbi.nlm.nih.gov/pubmed/22507351
https://doi.org/10.1016/j.jbiomech.2005.04.012
https://doi.org/10.1016/j.jbiomech.2005.04.012
http://www.ncbi.nlm.nih.gov/pubmed/15972213
https://doi.org/10.1098/rspb.2022.1189
http://www.ncbi.nlm.nih.gov/pubmed/36285498
https://doi.org/10.3389/fbioe.2016.00077
https://doi.org/10.3389/fbioe.2016.00077
http://www.ncbi.nlm.nih.gov/pubmed/27790612
https://doi.org/10.1371/journal.pcbi.1012411

