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Abstract

The robustness of motor outputs to muscle dysfunction has been investigated using muscu-
loskeletal modeling, but with conflicting results owing to differences in model complexity and
motor tasks. Our objective was to systematically study how the number of kinematic
degrees of freedom, and the number of independent muscle actuators alter the robustness
of motor output to muscle dysfunction. We took a detailed musculoskeletal model of the
human leg and systematically varied the model complexity to create six models with either 3
or 7 kinematic degrees of freedom and either 14, 26, or 43 muscle actuators. We tested the
redundancy of each model by quantifying the reduction in sagittal plane feasible force set
area when a single muscle was removed. The robustness of feasible force set area to the
loss of any single muscle, i.e. general single muscle loss increased with the number of inde-
pendent muscles and decreased with the number of kinematic degrees of freedom, with the
robust area varying from 1% and 52% of the intact feasible force set area. The maximum
sensitivity of the feasible force set to the loss of any single muscle varied from 75% to 26%
of the intact feasible force set area as the number of muscles increased. Additionally, the
ranges of feasible muscle activation for maximum force production were largely uncon-
strained in many cases, indicating ample musculoskeletal redundancy even for maximal
forces. We propose that ratio of muscles to kinematic degrees of freedom can be used as a
rule of thumb for estimating musculoskeletal redundancy in both simulated and real bio-
mechanical systems.
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Introduction

Musculoskeletal models have been used to explore motor redundancy, demonstrating how
muscle dysfunction impacts motor output. For example, the effects of muscle weakness have
been explored to understand gait deficits in cerebral palsy [1] and stroke [2, 3], as well as to
predict outcomes of interventions that alter muscle function such as strengthening, tendon
transfer [4], or botulinin toxin injection [5]. However, the kinematic description of the skeletal
system can greatly alter the predicted force output of muscle activation [6], while the number
of modeled muscles can alter model sensitivity to variations in muscle properties [7]; generally,
studies of muscle dysfunction have not considered the effect of model complexity.

Studies show conflicting results about the robustness in biomechanical capabilities of
human limb musculoskeletal models to the loss of a single muscle. Removing a single muscle
typically has little effect on the ability of a lower-limb musculoskeletal model to reproduce
experimentally-measured joint torques during walking [8, 9]. Specifically, single muscle dys-
function can be compensated for by other muscles, as the upper and lower bounds on feasible
muscle activation ranges span 0 to 1 across most of the gait cycle in most muscles. In contrast
the feasible muscle activation ranges for a finger model of static force production were tightly
bounded [10]. The same study also showed that static force production in both the human fin-
ger and leg can be dramatically compromised by single muscle loss, as indicated by the vulner-
ability in the feasible force set that characterizes the maximum endpoint force in all directions
[11,12].

Such discrepancies in modeling studies of musculoskeletal redundancy likely arise from dif-
ferences in the number of kinematic degrees of freedom, number of muscles, and the task
examined. Planar leg models with three kinematic degrees of freedom (DoFs) and either nine
[13] or fourteen [10, 14] muscles have been used to investigate muscle function. Three-dimen-
sional (3D) models range from a human finger model with four DoFs and seven muscles [11],
to cat hindlimb models with seven DoFs and 31 muscles [15], and human lower leg models
with 23 DoFs and 92 muscles [9]. Such models have been used to examine variety of motor
tasks including standing balance, pedaling, isometric force generation, and walking. To our
knowledge, there has been no study systematically examining how various levels of model
complexity alter the robustness of the musculoskeletal system to muscle dysfunction within a
single motor task.

To resolve differences in prior literature, here we sought to explicitly examine how the kine-
matic complexity and the number of independent muscle actuators in a musculoskeletal
model alter the effects of muscle dysfunction on motor output for a single task. We compared
the robustness of six human leg models to single muscle loss during static force production.
The simplest planar model was similar to that used in Kutch and Valero-Cuevas (2011) [10],
and the most complex 3D model was similar to that used in Simpson et al. (2015) [9]. Because
our main objective was to directly compare the same measure of musculoskeletal redundancy
across models of varying complexity, including the sagittal plane model, we restricted our anal-
yses to endpoint force production in the sagittal plane. We show that robustness to muscle dys-
function decreases with the number of kinematic DoFs and increases with the number of
muscle actuators, and can greatly affect conclusions about how muscle strength affects bio-
mechanical function.

Materials and methods

We compared the robustness of six musculoskeletal models of the human leg to single muscle
loss during static force production in the sagittal plane. Models with low kinematic complexity
(Lo-DoF) had three planar DoFs; models with high kinematic complexity (Hi-DoF) had seven
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non-planar degrees of freedom. For each kinematic model, we simulated 14 muscle groups
(Lo-Mus), 26 (Int-Mus) muscle groups, and 43 independently controlled muscles (Hi-Mus).
For each model, we computed robustness and sensitivity to muscle dysfunction as the area of
the feasible force set preserved and reduced after the loss of any muscle (or muscle group),
respectively. As a further measure of redundancy, we tested whether feasible muscle activation
ranges at maximal force production were constrained or allowed a range of muscle activation
levels. All models, data, and codes for reproducing our results are available from the Dryad
Digital Repository: https://doi.org/10.5061/dryad.28pj314 [16].

Musculoskeletal models

We used a generic 3D musculoskeletal model of human leg (OpenSim Gait2392 [17]) with
seven kinematic DoFs (Hip: 3, Knee: 1, Ankle: 2, MTP: 1) and 43 muscles/muscle compart-
ments (Table 1). Posture was set to that resembling the mid-phase of pedaling at which experi-
mental and model-based feasible force sets has been identified previously [13]: 48° hip flexion,
0° hip adduction, 0° hip rotation, 53° knee flexion, 33° ankle plantarflexion, 0° subtalar inver-
sion, 0° metatarsophalangeal (MTP) joint angle. We selected such posture as it pertains to
maximal force generation during pedaling, and also avoids singularity in joint torque to end-
point force mapping. The pelvis was fixed in space and the endpoint defined as the location of
the MTP joint, which was pinned to the ground via a gimbal joint.

To systematically alter model complexity, we created six models from the generic OpenSim
model that varied in numbers of kinematic DoF and muscles. Two levels of kinematic DoF
complexity were used: all seven DoFs allowing 3D motion (Hi-DoF) and three sagittal plane
flexion/extension DoFs at the hip, knee, and ankle (Lo-DoF). Three sets of muscles were used:
the complete set of 43 muscles with independent control (Hi-Muscle), a reduced set of 26 mus-
cles with independent control (Int-Muscle), and a reduced set of 26 muscles with 14 indepen-
dent muscles/muscle groups (Lo-Muscle) (see Table 1), similar to Kutch & Valero-Cuevas
(2011). For completeness, we also created an alternative intermediate set of muscle actuators
(alt-Int-Muscle) that used all 43 muscle models but with only 26 31 independent controls. The
results from alt-Int-Muscle did not affect the general message of the results and were therefore
not reported (data available [16]).

Feasible force sets

To compute feasible force sets representing the bounds in biomechanical capability of each
model in generating static endpoint forces, we first defined a linear mapping between endpoint
force and muscle activation:

RFM a = ITPind = ‘Fnet’ (1)

act

where R is the moment arm matrix, FY, is a diagonal matrix of the maximum active muscle
force each muscle can produce for the given muscle posture, a is the muscle activation vector,
J is the Jacobian matrix that maps the end-point wrench into the resultant net joint torques

(1,,),and F, , is the endpoint wrench vector, however designated as force as moments were
constrained to be zero. The moment arm matrix R was obtained by OpenSim [17], communi-
cated via an application programming interface (API) to MATLAB (Mathworks, Inc., Natick,
MA, USA). The API was used to extract muscle tendon unit length, maximum isometric force,
optimal fiber length, tendon slack length, and pennation angle at optimum fiber length for
each muscle. These parameters and the force-length relationship from an existing Hill-type

muscle model [18] were used to calculate the active muscle force matrix, F [19]. To calculate

act
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Table 1. Muscles included in each model and their abbreviations.

Muscle Name

Abbreviation

“Lo-Muscle” Model

“Int-Muscle” Model

“Hi-Muscle” Model

14 muscles 26 muscles 43 muscles
Gluteus medius anterior 1 1 GMED1 1 GMED1
Gluteus medius middle 2 2 GMED2 2 GMED2
Gluteus medius posterior 3 GMedMin 3 GMED3 3 GMED3
Gluteus minimus anterior 4 4 GMIN1 4 GMIN1
Gluteus minimus middle 5 5 GMIN2 5 GMIN2
Gluteus minimus posterior 6 6 GMIN3 6 GMIN3
Semimembranosus 7 7 SEMIMEM 7 SEMIMEM
Semitendinosus 8 HAM 8 SEMITEN 8 SEMITEN
Biceps femoris long head 9 9 BFLH 9 BFLH
Biceps femoris short head 10 BFSH 10 BESH 10 BESH
Sartorius 11 SAR
Adductor longus 12 ADDL 12 ADDL 12 ADDL
Adductor brevis 13 ADDBREV
Adductor magnus superior 14 ADDMAGI1
Adductor magnus middle 15 ADDMAG2
Adductor magnus inferior 16 ADDMAG3
Tensor fascia latae 17 TFL 17 TFL 17 TFL
Pectinueus 18 PECT
Gracilis 19 GRAC
Gluteus maximus anterior 20 20 GMAX1 20 GMAX1
Gluteus maximus middle 21 GMax 21 GMAX2 21 GMAX2
Gluteus maximus posterior 22 22 GMAX3 22 GMAX3
Tliacus 23 ILIAC 23 ILIAC 23 ILIAC
Psoas 24 PSOAS
Quadratus femoris 25 QUADF
Gemellus 26 GEM
Piriformis 27 PIRI
Rectus femoris 28 RF 28 RF 28 RF
Vastus medialis 29 29 VM 29 VM
Vastus intermedius 30 VAS 30 VI 30 VI
Vastus lateralis 31 31 VL 31 VL
Gastrocnemius medial head 32 GAS 32 MEDGAS 32 MEDGAS
Gastrocnemius lateral head 33 33 LATGAS 33 LATGAS
Soleus 34 SOL 34 SOL 34 SOL
Tibialis posterior 35 TP 35 TP 35 TP
Flexor digitorum longus 36 FLEXD
Flexor hallucis longus 37 FLEXH
Tibialis anterior 38 TA 38 TA 38 TA
Peroneus brevis 39 PBREV 39 PBREV 39 PBREV
Peroneus longus 40 PLONG
Peroneus tertius 41 PTERT
Extensor digitorum longus 42 EXTD
Extensor hallucis longus 43 EXTH

Each gray box for the “Lo-Muscle” Model indicates grouped muscles.

https://doi.org/10.1371/journal.pone.0219779.t1001
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the Jacobian, J, we converted the OpenSim leg model to Neuromechanic software [20], which
has a function for numerically calculating the Jacobian between specified points on the model.
We computed each feasible force set in the joint torque space, utilizing the linear relationship
between endpoint force to net joint torque (Eq 1), because the Jacobian transpose for some models
was not invertible to define a direct linear mapping between muscle activation and endpoint force.
As in prior studies [21, 22], we used linprog.m in MATLAB to find @ that maximizes 7, in each

of the torque directions for 300 evenly spaced unit wrench vectors, F , , in the sagittal plane:

ITIA:dir|S't' aet H ITFdir andﬁ SE S L. (2)

maxz |Tnet ’
Note from Eq 1 that 7, , = RF", and in above equation (Eq 2) that J'F, is the projection of F
into torque space. Thus, the goal was to find a vector a that maximizes the magnitude of 7, , along

the direction of vector J'F .

Maximal endpoint force, F, ; MAX, in each specified direction was computed by multiply-

end

ing the relative magnitude of the actual torque vector to the unit force vector:

end

Foy MAX = [T, [/ 7 F g |IF g (3)

Each feasible force set was defined as the convex polygon that contained all sagittal plane com-

ponents of F:n 1 MAX as determined by the convhull.m function in MATLAB [22]. Although
our feasible force set was comprised of only the sagittal plane forces, optimization (Eq 2) was
solved with six-dimensional wrench vectors (F . ) that had non-zero elements only for the sag-
ittal plane force components. Also note that solution to above optimization for 3D models
(Hi-DoF) must satisfy the net torque requirements (Eq 1) in all of the seven DoFs, including
the three non-sagittal DoFs. Activations of muscles that were grouped in the Lo-Muscle Model
(Table 1) were constrained to be the same.

Robustness and sensitivity of feasible force set to single muscle loss

The impact of muscle dysfunction on motor output was determined by examining the effect of
single muscle loss on feasible force set area in the sagittal plane [10]. Single muscle loss was
simulated by constraining a single muscle’s activation level to zero and recalculating the feasi-
ble force set. Robustness and sensitivity of the feasible force set to single muscle loss was
defined as the percent area that was preserved and lost by loss of a given muscle, respectively.
By definition, sensitivity+robustness = 100%, such that an increase in muscle redundancy
would be indicated by an increase in feasible force set robustness to single muscle loss and a
decrease in feasible force set sensitivity to single muscle loss.

While we quantified and report both robustness and sensitivity to single muscle loss for
each muscle in each model, we focused our analyses of robustness and sensitivity to two differ-
ent types of single muscle loss: general and specific single muscle loss, respectively. To charac-
terize general capability of the model to maintain motor output against any potential muscle
loss of muscle function, we first focused on examining the robustness of each feasible force set
to general single muscle loss, defined as the percent area of the feasible force set unaffected by
the loss of any single muscle (Fig 1, green hashed areas), i.e. the intersection of all the feasible
force sets resulting from specific single muscle loss. To compare feasible force set area and
robustness across models, sagittal plane feasible force set areas were normalized to that of the
simplest model Lo-Muscle/Lo-DoF.

To characterize muscle-specific deficit at motor output, on the other hand, we focused on
examining the sensitivity of each feasible force set to specific single muscle loss, i.e. sensitive
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D Intact FFS . Region of FFS robust to general single muscle loss

Fig 1. Sagittal plane feasible force sets (FFSs) and their robustness and sensitivity to general single muscle loss.
Feasible force sets (blue regions) represent the set of all biomechanically feasible force vectors that each model can
produce at the endpoint, defined as the location of the MTP joint, assuming independent activation of individual
muscles. The area of each feasible force set in the sagittal plane is normalized with respect to that from the Lo-Muscle/
Lo-DoF model. Robustness and sensitivity of each feasible force set to general single muscle loss is quantified by the
percentage of the feasible force set occupied and unoccupied, respectively, by the robust region (green hashed regions),
defined as the set of forces unaffected by the loss of any single muscle. Feasible force sets in the top row (A, B, and C)
were created with three planar DoFs (Lo-DoF), while feasible force sets on the bottom row (D, E, and F) are from
models with seven, three-dimensional DoFs. Feasible force sets in the left column (A and D) are from models with a
grouped, reduced set of muscles (Lo-Muscle), totaling 14. The feasible force sets in the middle column (B and E) are
from models with an independent, reduced set of 26 muscles (Int-Muscle). The feasible force sets in the right column
(C and F) are from models with a set of 43 independent muscles (Hi-Muscle). In each panel, nMusc and nDoF stands
for number of muscles and number of degrees of freedom, respectively.

https://doi.org/10.1371/journal.pone.0219779.9001

region of the feasible force set that gets lost after dysfunction of a particular muscle (Fig 2, see

inset, blue area). In addition, we examined how grouping muscles, a simplification often used
in literature (e.g. Lo-Muscle model in our study), affects the feasible force set sensitivity to sin-
gle muscle (group) loss.

Feasible muscle activation ranges at maximum force

To quantify redundancy in muscle space, we identified feasible ranges of activation in individ-
ual muscles for maximal force in each model in all sagittal plane force directions. We used lin-
ear programming to find the upper and lower bounds on each individual muscle’s activation

[15] at each maximum endpoint forces F; S MAX:

J'F, ,MAX = RF" a, (4)
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Fig 2. Sensitivity and robustness of feasible force sets (FFSs) to specific single muscle loss. The inset (top right) shows the preserved (green) and lost (blue) area of
the feasible force set when one muscle, VL, is removed in the Hi-Muscle/Lo-DoF model. The sensitivity of the feasible force set to specific single muscle loss is defined as
the percent reduction of the feasible force set to loss of each individual muscle. Results are presented for all muscles in ascending orders for sensitivity (blue bars) and
descending order for robustness (green bars) for each model (each panel). The distribution of feasible force set sensitivity to single muscle loss is quantified by a box plot
(right side of each graph) and the values corresponding to each quartile are extended across each graph.

https://doi.org/10.1371/journal.pone.0219779.9g002

The minimum and maximum values of each element of a, a; were identified one at a time,
allowing the remaining elements of a to vary (from 0 to 1) as necessary,

min,-a; s.t. J'F,,MAX = RFY a (5)
min, —a, s.t. J*F, ,MAX = RF" a. (6)

Feasible muscle activation ranges were classified based on their width as determined
(width = 0), undetermined (width > 0), or unconstrained (width = 1).

Results

Intact feasible force sets were qualitatively similar to previous reports in humans [10, 13] and
animals [21] in that they were roughly elliptical with the axis approximately aligned with the
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limb axis, and the largest forces directed distally from the endpoint (Fig 1, blue areas). In gen-
eral, feasible force set area increased with the number of independent muscles (Fig 1, left to
right), and decreased with number of kinematic degrees of freedom (Fig 1, top to bottom); the
decrease in Hi- vs. Lo-DoF models was less pronounced in the Int-Muscle and Hi-Muscle
models.

Effect of model complexity on robustness to general single muscle loss

Feasible force set robustness to the loss of any single muscle increased with the number of
independent muscles (Fig 1, green areas). Lo-Muscle model feasible force sets were the small-
est and least robust to general single muscle loss (Fig 1A and 1D), while the Int-Muscle model
feasible force sets were slightly larger and significantly more robust to general single muscle
loss (Fig 1B and 1E). Hi-Muscle model feasible force sets had the largest area and were the
most robust to general single muscle loss (Fig 1C and 1F). However, larger feasible force set
areas did not always correspond to greater robustness to general single muscle loss (compare
Fig 1A and 1E).

Lo-DoF models were more robust than Hi-DoF models to the loss of any single muscle, but
these differences were much less pronounced as the number of independent muscles increased
(Fig 1, percent decrease from Lo-DoF to Hi-DoF: Lo-Muscle: 90%, Int-Muscle: 36%, and Hi-
Muscle: 6%). Feasible force set robustness to general single muscle loss was approximately 50%
in Hi-Muscle models, regardless of the number of DoFs.

Effect of model complexity on sensitivity to specific single muscle loss

Feasible force set sensitivity to loss of a single muscle (Fig 2, blue bars) decreased as the num-
ber of independent muscles increased (Fig 2, left to right) and was higher in Hi-DoF models
(Fig 2, top to bottom). The effects of increasing DoFs was less pronounced in models with
more independent muscles.

The maximum sensitivity of the feasible force set to the loss of a single muscle decreased
sharply as the number of independent muscles increased. In Lo-Muscle/Lo-DoF and Lo-Mus-
cle/Hi-DoF, the maximum single muscle loss sensitivities were 68% and 75%, respectively,
both due to loss of VAS (abbreviation defined in Table 1, Fig 2A and 2D). However, the maxi-
mum sensitivity was about 3 times smaller in Hi-Muscle models (26% for both Lo- and Hi-
DoF) due to loss of VL (Fig 2C and 2F).

The loss of particular muscles had drastically different effects on the feasible force set in Hi-
DoF versus Lo-DoF models. For example, the Int-Muscle/Lo-DoF feasible force set was least
sensitive to PBREV (0% sensitivity, Fig 2B) while Int-Muscle/Hi-DoF feasible force set was
most sensitive to PBREV (50% sensitivity, Fig 2E).

Grouping muscles increases sensitivity to single muscle loss

Feasible force set sensitivity to single muscle (group) loss increased dramatically when muscles
were grouped. Sensitivity to loss of a muscle group in the Lo-Muscle model (e.g. Fig 3A (VAS)
and 3D (HAM), blue areas) was much larger than the sensitivity to loss of the corresponding
muscles in the Int-Muscle model (e.g. Fig 3B (VM, VI, and VL) and 3E (SEMIMEM, SEMI-
TEN, and BFLH), blue areas). Only when all of the participating muscles were removed from
the Int-Muscle model, was the remaining feasible force set equivalent to loss of the grouped
muscle in the Lo-Muscle models (e.g. compare Fig 3A with 3C, and 3D with 3F). More than
half of the muscles to which the Hi-Muscle model feasible force sets were most sensitive (top
~20% in Fig 2C and 2F) were part of grouped muscles in the Lo-Muscle models (Fig 2A and
2D). The sum of the sensitivities to loss of the independent muscles within each group was
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Fig 3. Feasible force set sensitivity and robustness to loss of Vasti and Hamstring muscles in grouped and ungrouped
muscle models. Feasible force set sensitivity and robustness to single muscle loss of selected grouped muscles from Lo-
Muscle, (A) VAS and (D) HAM. Feasible force set sensitivity and robustness to single muscle loss of the independent
muscles from Int-Muscle corresponding to the grouped muscle from Lo-Muscle, (B) VM, VI, and VL and (E) SEMIMEM,
SEMITEN, and BFLH. (C) and (F) Feasible force set sensitivity and robustness to the loss of the group of corresponding
independent muscles from Int-Muscle (“grouped muscle loss”).

https://doi.org/10.1371/journal.pone.0219779.9003

approximately equal to the sensitivity of the loss of the entire group (e.g. compare Fig 3A with
3B, and Fig 3D with 3E). Discrepancies were due to slight differences in total feasible force set
area causing differences in sensitivity to single muscle loss across models (e.g. SOL: 11.6% vs
12.2% sensitive in Lo/Lo vs Int/Lo Models, Fig 2A and 2B).

Wide feasible muscle activation ranges for maximal force production

The degree of possible variation in a single muscle’s activity for maximal force production var-
ied widely across muscles and force directions, ranging from being fully determined to fully
unconstrained. Feasible muscle activation ranges at maximum force for each muscle (Fig 4)
varied between 0 and 1, (Fig 4, inner and outer circles, respectively) during maximum force
production across all sagittal plane directions. Feasible muscle activation ranges were deter-
mined to a single value in some directions (Fig 4A, width = 0, green solid lines), while undeter-
mined in other directions (Fig 4A width>0, green shaded area), delineating the range of
muscle activation for which it is possible to produce a maximal force in that direction.

Only the hip-knee bi-articular muscles were fully determined in maximum sagittal plane
force production (Lo-Muscle: 3 of 14 muscles, Int-Muscle: 5 of 26 muscles, Hi-Muscle: 7 of 43
muscles). These muscles were generally constrained to zero activation for about half of the
directions (e.g. Fig 4, left column, anterior-superior directions) and to full activation for the
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Fig 4. Feasible muscle activation ranges for maximum forces for selected muscles. (A) Feasible muscle activation ranges for the maximum sagittal plane forces for an
example muscle, MEDGAS, in the Hi-Muscle/Hi-DoF model. The inner black circle represents a muscle activation of zero and the outer black circle represents a muscle
activation of one, i.e. maximal activation. Each radial line between the two black circles corresponds to the feasible muscle activation range for a maximum force along
that direction in the sagittal plane (right: anterior, up: superior). The minimum and maximum feasible activations for the maximum force in each direction in the sagittal
plane are indicated in green. Feasible muscle activation ranges are either determined, i.e. with only one feasible solution, indicated by a solid green line (e.g., see posterior
force directions in A), undetermined, i.e. with more than one feasible solution, indicated by a green shared area between the lines representing minimum and maximum
feasible muscle activations (e.g., see anterior forces in A), or unconstrained (a subset of undetermined), i.e. where all solutions are feasible, represented by green shared
areas that span completely from the inner to the outer black circles (e.g., see inferior forces in A). (B) Feasible muscle activation ranges for selected muscles (columns) in

six models of varying complexity (rows).

https://doi.org/10.1371/journal.pone.0219779.9004

remaining directions (e.g. Fig 4, left column, posterior-inferior directions). Differences in
these muscles’ constrained activations across models were minor.

Most muscles were fully constrained in some maximum sagittal plane force directions, but
unconstrained in others (e.g. Fig 4, VAS and TA). These muscles were often constrained to
have zero activation in some directions, and maximal activation in the opposite direction.
However, they could adopt a range of activation level in other directions (e.g. Fig 4, VAS and
TA).

In some cases, undetermined feasible muscle activation ranges were unconstrained
(width = 1, green shaded area covers the entire area between the inner and outer circles) mean-
ing that activation of muscle can be any value between 0 and 1 during maximum force produc-
tion in that direction. The percentage of sagittal plane force directions with undetermined
feasible muscle activation ranges in at least one muscle was high in all models and only slightly
increased due to increased model complexity (Lo-Muscle/Lo-DoF: 86%, Hi-Muscle/Hi-DoF:
89%). Most undetermined feasible muscle activation ranges were also unconstrained.

Grouping muscles greatly limited the width of the unconstrained feasible muscle activation
ranges and affected the directions for which they were constrained or unconstrained (e.g. Fig
4, VAS). The range of directions in which muscles were unconstrained varied from most direc-
tions (e.g. TA) to approximately half of the directions (e.g. VAS).
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Discussion

Our work suggests that debates about the degree of musculoskeletal redundancy in the muscu-
loskeletal systems likely arise from difference in model complexity in prior studies. We show
that the impact of simulated muscle dysfunction using musculoskeletal models depends greatly
on kinematic complexity and numbers of independent muscle groups. Removing non-planar
DoFs increases model redundancy, decreasing the effect of muscle dysfunction on motor out-
put. By contrast, reducing the number of independent muscles or muscle groups decreases
musculoskeletal redundancy, amplifying the effects of muscle dysfunction. As a rule of thumb,
a ratio using the number of muscles-to-joints may be useful to compare the redundancy of
musculoskeletal models as well as real biomechanical systems.

Removing a kinematic DoF from a musculoskeletal model either increases the maximum
endpoint force in a given direction, or leaves it unchanged, leading to an increase in redundancy.
Conversely, if a DoF is created or unlocked, maximum endpoint force magnitudes can only
decrease or remain the same. Accordingly, we found that feasible force sets from planar models
were more robust to the loss of a single muscle than feasible force sets from 3D models with the
same set of muscles. One of the most impactful simplifications was locking the two non-planar
DoFs of hip rotation. In the planar model, only the contributions of hip muscle to sagittal plane
forces remained, without regard for their out-of plane contributions to endpoint force.

Removing a muscle from a musculoskeletal model either decreases the maximum endpoint
force in a given direction or leaves it unchanged, leading to a decrease in redundancy. When a
muscle is removed, it decreases the torque capacity of one or more DoFs, decreasing the maxi-
mum endpoint force in all direction limited by the torque capacity at those DoFs, and thus
muscle redundancy. Conversely, adding a muscle allows all maximum forces limited by the
torque capacity the DoF the muscle crosses to increase in magnitude. Accordingly, we found
that maximum force production in models with fewer independently-controlled muscles was
less robust to than models with more muscles but the same DoFs; grouping muscles drastically
reduced the robustness of the feasible force sets.

As a rule of thumb, the higher the ratio of muscle to kinematic DoFs, the greater the muscu-
loskeletal redundancy, reducing the effects of muscle dysfunction. We further propose that
muscles-to-DoFs ratio in the form of (# of muscles)/(# of kinematic DoF+1) can be a useful
measure for estimating musculoskeletal redundancy; this form accounts for the fact that mini-
mum number of tension-only actuators (e.g. muscles) to fully actuate a N-DoF serial manipu-
lator (e.g. leg) is N+1 [23, 24]. For example, our modified OpenSim leg model [17]-the most
complex model used in this study-had muscles-to-DoFs ratio of 5.4 and demonstrated ample
redundancy. This model was similar to that used to demonstrate that almost any single muscle
can be completely activated or deactivated while still generating joint torques in human walk-
ing [8, 9]. In contrast, the model with smallest number of muscles and higher kinematic com-
plexity had a muscle-to-DoFs ratio of 1.8, and was very sensitive to muscle dysfunction,
similar to prior results [10]. A human index finger model verified in cadaveric studies had a
muscles-to-DoFs ratio of 1.4 [10-12], and demonstrated high sensitivity to muscle loss. While
our analysis was based on leg models, muscles-to-DoFs ratio of most actuated subparts of the
human musculoskeletal system, including arm [25], fingers [6, 12], and spine [26, 27]fall
within the range we examined (Table 2). Therefore the number of muscles and DoFs may
explain discrepant results regarding the degree of redundancy in musculoskeletal systems.
However, the muscle-to-DoFs ratio is only a rule of thumb and care needs to be taken when
examining its relationship to paricular aspect of the degree of redundancy, which will depend
on the specific anatomy, posture, and the actions of muscles crossing the kinematic DoFs
[28-31].
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Table 2. Redundancy in representative models of subpart of the locomotor system.

Modeled subpart Total Meanzstd # of muscles per DoF
Lower extremity [32] 7 DoF ® 43 muscles 17+8.7

Upper extremity [25, 33] 7 DoF ® 50 muscles 22+3.4

Thumb [6] 5 DoF 8 muscles 6.0£2.2 9

Index finger [12] 4 DoF 7 muscles 5.3£0.4

Neck (Cervical spine) [26] 6 DoF 26 muscles 7.7+0.9

Lumbar spine [27] 3 DoF 9 210 (22 @) muscles 204+2.8 (22)

a) Translational DoF of patella constrained as a function of knee flexion angle.

Minimum # of muscles per DoF Redundancy measure
4 5.4
18 6.3
2 1.3
5 1.4
6 3.7
202 (22) 52.5(9.1)

b) Simplified to only include DoF proximal to wrist, i.e., excluding hand and fingers. Scapula and clavicle DoF constrained as a function of shoulder DoF.

¢) Considering also actions of muscles via proximal and terminal tendon slips.

d) DoF of 5 lumbar intervertebral joints constrained to be proportion of the total lumbar movement in each rotational DoF.

e) If 210 muscle fascicles modeled are grouped into 22 muscle groups (11 on each side), assuming common neural inputs to each group.

https://doi.org/10.1371/journal.pone.0219779.1002

Although we limited our comparison of musculoskeletal model redundancy to a static,
maximal force generation in the sagittal plane, our results likely extend to non-planar,
dynamic, and submaximal motor tasks. Human leg feasible force set is expected to have high-
est aspect ratio in the sagittal plane [13], where the shape and orientation may be sensitive to
model parameters. However, our previous work in a cat hindlimb model that had complexity
(muscles-to-DoFs ratio: 3.9) within the range of human limb models examined here suggests
that the overall shape and magnitude of feasible force set in models with such level of complex-
ity are not sensitive to model architectural and morphological parameters [21]. We made data-
set and linear models for generating three-dimensional feasible force set available for use [16]

in examining feasible force set in other motor tasks where force production in non-sagittal
plane can be important, e.g. for stabilitization in the frontal plane during standing balance [34]
or locomotion [35]. Motor tasks requiring submaximal forces, on the other hand, are generally
expected to confer greater robustness, and thus a higher degree of musculoskeletal redun-
dancy. Owing to linear construction of our models (Eq 1), the feasible forces we calculated
encapsulate force production at any level [36]. Impact of muscle dysfunction in force produc-
tion task at 50% of maximum level, for example, can thus be readily depicted by comparing
the robust area to the smaller feasible force set, i.e., geometrically scaled by 50% in all direc-
tons. Redundancy in muscle space, as quantified by feasible muscle activation ranges, are
expected to be greater in all models, as constained bounds in most muscles tend to emerge
near maximal force production [15, 37]. We have indeed found that feasible muscle activation
ranges for all muscles in all models were wider at 50% of maximum force, with many feasible
muscle activation ranges that were fully determined at maximum force in all directions becom-
ing fully unconstrained at 50% of maximum force in all directions (data available in [16]), fur-
ther supporting our findings of wide feasible muscle activation ranges for maximal force
production. Incorporating dynamics in a submaximal task, wide feasible muscle activation
ranges have been demonstrated in a complex model of human gait [9], indicating that single
muscles could be removed without loss of function [8, 38]. Similarly, a three-dimensional
upper extremity model demonstrated that during manual wheechair propulsion, substantial
reduction in strength of individual muscles can be compensated by other muscles [39].
Finally, our results highlight that musculoskeletal biomechanics are often insufficient to
determine muscle activity even in maximal force production tasks, allowing for variations in
neural strategies for muscular force production. The sensitive region of a feasible force set to
loss of a single muscle comprises all the force directions and magnitudes where the muscle is
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necessary to generate the maximal force [15]. However, feasible muscle activation ranges,
which explicitly identify the degree of possible variation in a single muscle’s activity [40], were
largely unconstrained in many cases, demonstrating the biomechanical latitude that the ner-
vous system has when selecting muscle activation patterns for the same motor task. As such,
multiple functional criteria such as stability, resistance to fatigue, or generalizability [41-43],
rather than single optimality [38, 44-49], may underlie the diversity in muscle activation pat-
terns observed across individuals with varying motor training or neurological health [50].

Author Contributions

Conceptualization: M. Hongchul Sohn, Lena H. Ting.

Data curation: M. Hongchul Sohn, Daniel M. Smith.

Formal analysis: M. Hongchul Sohn, Daniel M. Smith, Lena H. Ting.
Funding acquisition: Lena H. Ting.

Investigation: M. Hongchul Sohn, Daniel M. Smith, Lena H. Ting.
Methodology: M. Hongchul Sohn, Daniel M. Smith, Lena H. Ting.

Project administration: M. Hongchul Sohn, Lena H. Ting.

Resources: Lena H. Ting.

Software: M. Hongchul Sohn, Daniel M. Smith.

Supervision: M. Hongchul Sohn, Lena H. Ting.

Validation: M. Hongchul Sohn, Daniel M. Smith.

Visualization: Daniel M. Smith.

Writing - original draft: M. Hongchul Sohn, Daniel M. Smith, Lena H. Ting.
Writing - review & editing: M. Hongchul Sohn, Daniel M. Smith, Lena H. Ting.

References

1. Steele KM, van der Krogt MM, Schwartz MH, Delp SL. How much muscle strength is required to walk in
a crouch gait? J Biomech. 2012; 45(15):2564—9. Epub 2012/09/11. https://doi.org/10.1016/j.jbiomech.
2012.07.028 PMID: 22959837; PubMed Central PMCID: PMC3524281.

2. KnarrBA, Reisman DS, Binder-Macleod SA, Higginson JS. Understanding compensatory strategies for
muscle weakness during gait by simulating activation deficits seen post-stroke. Gait Posture. 2013; 38
(2):270-5. https://doi.org/10.1016/j.gaitpost.2012.11.027 PMID: 23273489; PubMed Central PMCID:
PMC3625686.

3. KnarrBA, Reisman DS, Binder-Macleod SA, Higginson JS. Changes in predicted muscle coordination
with subject-specific muscle parameters for individuals after stroke. Stroke Res Treat. 2014;
2014:321747. https://doi.org/10.1155/2014/321747 PMID: 25093141; PubMed Central PMCID:
PMC4096388.

4. Mogk JP, Johanson ME, Hentz VR, Saul KR, Murray WM. A simulation analysis of the combined effects
of muscle strength and surgical tensioning on lateral pinch force following brachioradialis to flexor polli-
cis longus transfer. J Biomech. 2011; 44(4):669—75. https://doi.org/10.1016/j.jpoiomech.2010.11.004
PMID: 21092963; PubMed Central PMCID: PMC3042533.

5. Thompson NS, Baker RJ, Cosgrove AP, Corry IS, Graham HK. Musculoskeletal modelling in determin-
ing the effect of botulinum toxin on the hamstrings of patients with crouch gait. Dev Med Child Neurol.
1998; 40(9):622-5. PMID: 9766740.

6. Valero-Cuevas FJ, Johanson ME, Towles JD. Towards a realistic biomechanical model of the thumb:
the choice of kinematic description may be more critical than the solution method or the variability/
uncertainty of musculoskeletal parameters. Journal of Biomechanics. 2003; 36(7):1019-30. https://doi.
org/10.1016/s0021-9290(03)00061-7 PMID: 12757811

PLOS ONE | https://doi.org/10.1371/journal.pone.0219779  July 24, 2019 13/16


https://doi.org/10.1016/j.jbiomech.2012.07.028
https://doi.org/10.1016/j.jbiomech.2012.07.028
http://www.ncbi.nlm.nih.gov/pubmed/22959837
https://doi.org/10.1016/j.gaitpost.2012.11.027
http://www.ncbi.nlm.nih.gov/pubmed/23273489
https://doi.org/10.1155/2014/321747
http://www.ncbi.nlm.nih.gov/pubmed/25093141
https://doi.org/10.1016/j.jbiomech.2010.11.004
http://www.ncbi.nlm.nih.gov/pubmed/21092963
http://www.ncbi.nlm.nih.gov/pubmed/9766740
https://doi.org/10.1016/s0021-9290(03)00061-7
https://doi.org/10.1016/s0021-9290(03)00061-7
http://www.ncbi.nlm.nih.gov/pubmed/12757811
https://doi.org/10.1371/journal.pone.0219779

@ PLOS|ONE

Model complexity influences robustness to muscle dysfunction

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

Raikova RT, Prilutsky BI. Sensitivity of predicted muscle forces to parameters of the optimization-based
human leg model revealed by analytical and numerical analyses. J Biomech. 2001; 34(10):1243-55.
PMID: 11522304.

Martelli S, Calvetti D, Somersalo E, Viceconti M, Taddei F. Computational tools for calculating alterna-
tive muscle force patterns during motion: A comparison of possible solutions. J Biomech. 2013. Epub
2013/06/25. https://doi.org/10.1016/j.jpiomech.2013.05.023 PMID: 237910883.

Simpson CS, Sohn MH, Allen JL, Ting LH. Feasible muscle activation ranges based on inverse dynam-
ics analyses of human walking. J Biomech. 2015; 48(12):2990-7. https://doi.org/10.1016/j.jpiomech.
2015.07.037 PMID: 26300401; PubMed Central PMCID: PMC4592831.

Kutch JJ, Valero-Cuevas FJ. Muscle redundancy does not imply robustness to muscle dysfunction. J
Biomech. 2011; 44(7):1264-70. https://doi.org/10.1016/j.jbiomech.2011.02.014 PMID: 21420091

Valero-Cuevas FJ. Predictive modulation of muscle coordination pattern magnitude scales fingertip
force magnitude over the voluntary range. J Neurophysiol. 2000; 83:1469-79. https://doi.org/10.1152/
jn.2000.83.3.1469 PMID: 10712473

Valero-Cuevas FJ, Zajac FE, Burgar CG. Large index-fingertip forces are produced by subject-indepen-
dent patterns of muscle excitation. J Biomech. 1998;31 693-703.

Gruben KG, Lopez-Ortiz C, Schmidt MW. The control of foot force during pushing efforts against a mov-
ing pedal. Exp Brain Res. 2003; 148(1):50-61. https://doi.org/10.1007/s00221-002-1276-5 PMID:
12478396.

Kuo AD, Zajac FE. A biomechanical analysis of muscle strength as a limiting factor in standing balance
posture. J Biomech. 1993; 26(1):137-50.

Sohn MH, McKay JL, Ting LH. Defining feasible bounds on muscle activation in a redundant bio-
mechanical task: practical implications of redundancy. J Biomech. 2013; 46(7):1363—-8. Epub 2013/03/
16. https://doi.org/10.1016/j.jpiomech.2013.01.020 PMID: 234894 36.

Data from: Effects of kinematic complexity and number of muscles on musculoskeletal model robust-
ness to muscle dysfunction. Dryad Digital Repository. [Internet]. 2019. Available from: https://doi.org/
10.5061/dryad.28pj314.

Delp SL, Anderson FC, Arnold AS, Loan P, Habib A, John CT, et al. OpenSim: open-source software to
create and analyze dynamic simulations of movement. IEEE Trans Biomed Eng. 2007; 54(11):1940—
50. https://doi.org/10.1109/TBME.2007.901024 PMID: 18018689.

Thelen DG. Adjustment of muscle mechanics model parameters to simulate dynamic contractions in
older adults. J Biomech Eng. 2003; 125(1):70. https://doi.org/10.1115/1.1531112 PMID: 12661198

Zajac FE. Muscle and tendon: properties, models, scaling, and application to biomechanics and motor
control. Crit Rev Biomed Eng. 1989; 17(4):359—411. PMID: 2676342.

Bunderson NE, Bingham JT, Sohn MH, Ting LH, Burkholder TJ. Neuromechanic: A computational plat-
form for simulation and analysis of the neural control of movement. International Journal for Numerical
Methods in Biomedical Engineering. 2012; 28(10):1015-27. Epub 2012/10/03. https://doi.org/10.1002/
cnm.2486 PMID: 23027632.

McKay JL, Burkholder TJ, Ting LH. Biomechanical capabilities influence postural control strategies in
the cat hindlimb. J Biomech. 2007; 40(10):2254—60. https://doi.org/10.1016/j.jpiomech.2006.10.013
PMID: 17156787

McKay JL, Ting LH. Functional muscle synergies constrain force production during postural tasks. J
Biomech. 2008; 41(2):299-306. Epub 2007/11/06. https://doi.org/10.1016/j.jpoiomech.2007.09.012
PMID: 17980370.

Lee JJ, Tsai LW. The Structural Synthesis of Tendon-Driven Manipulators Having a Pseudotriangular
Structure Matrix. Int J Robot Res. 1991; 10(3):255—62. https://doi.org/10.1177/027836499101000306
WOS:A1991FV84800006.

Inouye JM, Kutch JJ, Valero-Cuevas FJ. Optimizing the Topology of Tendon-Driven Fingers: Rationale,
Predictions and Implementation. Springer Trac Adv Ro. 2014; 95:247—-66. https://doi.org/10.1007/978-
3-319-03017-3_12 WOS:000339963200014.

Saul KR, Hu X, Goehler CM, Vidt ME, Daly M, Velisar A, et al. Benchmarking of dynamic simulation pre-
dictions in two software platforms using an upper limb musculoskeletal model. Comput Method Biomec.
2015; 18(13):1445-58. https://doi.org/10.1080/10255842.2014.916698 WOS:000347157000008.
PMID: 24995410

Vasavada AN, Li S, Delp SL. Influence of muscle morphometry and moment arms on the moment-gen-
erating capacity of human neck muscles. Spine (Phila Pa 1976). 1998; 23(4):412—-22. PMID: 9516695.

Christophy M, Faruk Senan NA, Lotz JC, O’Reilly OM. A musculoskeletal model for the lumbar spine.
Biomech Model Mechanobiol. 2012; 11(1-2):19-34. https://doi.org/10.1007/s10237-011-0290-6 PMID:
21318374.

PLOS ONE | https://doi.org/10.1371/journal.pone.0219779  July 24, 2019 14/16


http://www.ncbi.nlm.nih.gov/pubmed/11522304
https://doi.org/10.1016/j.jbiomech.2013.05.023
http://www.ncbi.nlm.nih.gov/pubmed/23791083
https://doi.org/10.1016/j.jbiomech.2015.07.037
https://doi.org/10.1016/j.jbiomech.2015.07.037
http://www.ncbi.nlm.nih.gov/pubmed/26300401
https://doi.org/10.1016/j.jbiomech.2011.02.014
http://www.ncbi.nlm.nih.gov/pubmed/21420091
https://doi.org/10.1152/jn.2000.83.3.1469
https://doi.org/10.1152/jn.2000.83.3.1469
http://www.ncbi.nlm.nih.gov/pubmed/10712473
https://doi.org/10.1007/s00221-002-1276-5
http://www.ncbi.nlm.nih.gov/pubmed/12478396
https://doi.org/10.1016/j.jbiomech.2013.01.020
http://www.ncbi.nlm.nih.gov/pubmed/23489436
https://doi.org/10.5061/dryad.28pj314
https://doi.org/10.5061/dryad.28pj314
https://doi.org/10.1109/TBME.2007.901024
http://www.ncbi.nlm.nih.gov/pubmed/18018689
https://doi.org/10.1115/1.1531112
http://www.ncbi.nlm.nih.gov/pubmed/12661198
http://www.ncbi.nlm.nih.gov/pubmed/2676342
https://doi.org/10.1002/cnm.2486
https://doi.org/10.1002/cnm.2486
http://www.ncbi.nlm.nih.gov/pubmed/23027632
https://doi.org/10.1016/j.jbiomech.2006.10.013
http://www.ncbi.nlm.nih.gov/pubmed/17156787
https://doi.org/10.1016/j.jbiomech.2007.09.012
http://www.ncbi.nlm.nih.gov/pubmed/17980370
https://doi.org/10.1177/027836499101000306
https://doi.org/10.1007/978-3-319-03017-3_12
https://doi.org/10.1007/978-3-319-03017-3_12
https://doi.org/10.1080/10255842.2014.916698
http://www.ncbi.nlm.nih.gov/pubmed/24995410
http://www.ncbi.nlm.nih.gov/pubmed/9516695
https://doi.org/10.1007/s10237-011-0290-6
http://www.ncbi.nlm.nih.gov/pubmed/21318374
https://doi.org/10.1371/journal.pone.0219779

@ PLOS|ONE

Model complexity influences robustness to muscle dysfunction

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

M.

42.

43.

44.

45.

46.

47.

48.

Chen G. Induced acceleration contributions to locomotion dynamics are not physically well defined.
Gait Posture. 2006; 23 (1):37—44. https://doi.org/10.1016/j.gaitpost.2004.11.016 PMID: 16311193

Jinha A, Ait-Haddou R, Herzog W. Predictions of co-contraction depend critically on degrees-of-free-
dom in the musculoskeletal model. J Biomech. 2006; 39(6):1145-52. https://doi.org/10.1016/j.
jbiomech.2005.03.001 PMID: 16549102.

van Antwerp K, Burkholder T, Ting L. Inter-joint coupling effects on muscle contributions to endpoint
force and acceleration in a musculoskeletal model of the cat hindlimb. J Biomech. 2007; 40(16):3570-9.
https://doi.org/10.1016/j.jpiomech.2007.06.001 PMID: 17640652

Zajac FE, Gordon ME. Determining muscle’s force and action in multi-articular movement. Exerc Sport
Sci Rev. 1989; 17:187—230. PMID: 2676547.

Delp SL, Loan JP, Hoy MG, Zajac FE, Topp EL, Rosen JM. An interactive graphics-based model of the
lower extremity to study orthopaedic surgical procedures. IEEE Trans Biomed Eng. 1990; 37(8):757—
67. https://doi.org/10.1109/10.102791 PMID: 2210784.

Holzbaur KR, Murray WM, Delp SL. A model of the upper extremity for simulating musculoskeletal sur-
gery and analyzing neuromuscular control. Ann Biomed Eng. 2005; 33(6):829—40. PMID: 16078622.

Bingham JT, Choi JT, Ting LH. Stability in a frontal plane model of balance requires coupled changes to
postural configuration and neural feedback control. J Neurophysiol. 2011; 106(1):437—48. https://doi.
org/10.1152/jn.00010.2011 PMID: 21543754; PubMed Central PMCID: PMCPMC3129728.

Donelan JM, Shipman DW, Kram R, Kuo AD. Mechanical and metabolic requirements for active lateral
stabilization in human walking. J Biomech. 2004; 37(6):827-35. https://doi.org/10.1016/j.jbiomech.
2003.06.002 PMID: 15111070.

Valero-Cuevas FJ. An integrative approach to the biomechanical function and neuromuscular control of
the fingers. J Biomech. 2005; 38(4):673-84. https://doi.org/10.1016/j.jpiomech.2004.04.006 PMID:
15713287.

Valero-Cuevas FJ, Cohn BA, Yngvason HF, Lawrence EL. Exploring the high-dimensional structure of
muscle redundancy via subject-specific and generic musculoskeletal models. J Biomech. 2015; 48
(11):2887-96. https://doi.org/10.1016/j.jpiomech.2015.04.026 PMID: 25980557; PubMed Central
PMCID: PMCPMC5540666.

van der Krogt MM, Delp SL, Schwartz MH. How robust is human gait to muscle weakness? Gait & Pos-
ture. 2012; 36(1):113-9. https://doi.org/10.1016/j.gaitpost.2012.01.017 PMID: 22386624

Slowik JS, McNitt-Gray JL, Requejo PS, Mulroy SJ, Neptune RR. Compensatory strategies during man-
ual wheelchair propulsion in response to weakness in individual muscle groups: A simulation study. Clin
Biomech (Bristol, Avon). 2016; 33:34—41. https://doi.org/10.1016/j.clinbiomech.2016.02.003 PMID:
26945719; PubMed Central PMCID: PMC4821704.

Cohn BA, Szedlak M, Gartner B, Valero-Cuevas FJ. Feasibility Theory Reconciles and Informs Alterna-
tive Approaches to Neuromuscular Control. Front Comput Neurosci. 2018; 12:62. https://doi.org/10.
3389/fncom.2018.00062 PMID: 30254579; PubMed Central PMCID: PMCPMC6141757.

Bunderson NE, Burkholder TJ, Ting LH. Reduction of neuromuscular redundancy for postural force
generation using an intrinsic stability criterion. J Biomech. 2008; 41(7):1537—44. https://doi.org/10.
1016/j.jbiomech.2008.02.004 PMID: 18374342

Loeb GE. Overcomplete musculature or underspecified tasks? Motor Control. 2000; 4(1):81-3; discus-
sion 97-116. PMID: 10675814.

Sohn MH, Ting LH. Suboptimal Muscle Synergy Activation Patterns Generalize their Motor Function
across Postures. Front Comput Neurosci. 2016; 10:7. https://doi.org/10.3389/fncom.2016.00007
PMID: 26869914; PubMed Central PMCID: PMC4740401.

Anderson FC, Pandy MG. Static and dynamic optimization solutions for gait are practically equivalent. J
Biomech. 2001; 34 153-61. PMID: 11165278

Buchanan TS, Shreeve DA. An evaluation of optimization techniques for prediction of muscle activation
patterns during isometric tasks. J Biomech Eng. 1996; 118:565—74. https://doi.org/10.1115/1.2796044
PMID: 8950661

Crowninshield RD, Brand RA. A physiologically based criterion of muscle force prediction in locomotion.
J Biomech. 1981; 14(11):793-801. PMID: 7334039

Erdemir A, McLean S, Herzog W, van den Bogert AJ. Model-based estimation of muscle forces exerted
during movements. Clin Biomech. 2007; 22(2):131-54. https://doi.org/10.1016/j.clinbiomech.2006.09.
005 PMID: 17070969

Herzog W, Leonard TR. Validation of optimization models that estimate the force exerted by synergistic
muscles. J Biomech. 1991; 24:31-9. PMID: 1791180

PLOS ONE | https://doi.org/10.1371/journal.pone.0219779  July 24, 2019 15/16


https://doi.org/10.1016/j.gaitpost.2004.11.016
http://www.ncbi.nlm.nih.gov/pubmed/16311193
https://doi.org/10.1016/j.jbiomech.2005.03.001
https://doi.org/10.1016/j.jbiomech.2005.03.001
http://www.ncbi.nlm.nih.gov/pubmed/16549102
https://doi.org/10.1016/j.jbiomech.2007.06.001
http://www.ncbi.nlm.nih.gov/pubmed/17640652
http://www.ncbi.nlm.nih.gov/pubmed/2676547
https://doi.org/10.1109/10.102791
http://www.ncbi.nlm.nih.gov/pubmed/2210784
http://www.ncbi.nlm.nih.gov/pubmed/16078622
https://doi.org/10.1152/jn.00010.2011
https://doi.org/10.1152/jn.00010.2011
http://www.ncbi.nlm.nih.gov/pubmed/21543754
https://doi.org/10.1016/j.jbiomech.2003.06.002
https://doi.org/10.1016/j.jbiomech.2003.06.002
http://www.ncbi.nlm.nih.gov/pubmed/15111070
https://doi.org/10.1016/j.jbiomech.2004.04.006
http://www.ncbi.nlm.nih.gov/pubmed/15713287
https://doi.org/10.1016/j.jbiomech.2015.04.026
http://www.ncbi.nlm.nih.gov/pubmed/25980557
https://doi.org/10.1016/j.gaitpost.2012.01.017
http://www.ncbi.nlm.nih.gov/pubmed/22386624
https://doi.org/10.1016/j.clinbiomech.2016.02.003
http://www.ncbi.nlm.nih.gov/pubmed/26945719
https://doi.org/10.3389/fncom.2018.00062
https://doi.org/10.3389/fncom.2018.00062
http://www.ncbi.nlm.nih.gov/pubmed/30254579
https://doi.org/10.1016/j.jbiomech.2008.02.004
https://doi.org/10.1016/j.jbiomech.2008.02.004
http://www.ncbi.nlm.nih.gov/pubmed/18374342
http://www.ncbi.nlm.nih.gov/pubmed/10675814
https://doi.org/10.3389/fncom.2016.00007
http://www.ncbi.nlm.nih.gov/pubmed/26869914
http://www.ncbi.nlm.nih.gov/pubmed/11165278
https://doi.org/10.1115/1.2796044
http://www.ncbi.nlm.nih.gov/pubmed/8950661
http://www.ncbi.nlm.nih.gov/pubmed/7334039
https://doi.org/10.1016/j.clinbiomech.2006.09.005
https://doi.org/10.1016/j.clinbiomech.2006.09.005
http://www.ncbi.nlm.nih.gov/pubmed/17070969
http://www.ncbi.nlm.nih.gov/pubmed/1791180
https://doi.org/10.1371/journal.pone.0219779

@ PLOS|ONE

Model complexity influences robustness to muscle dysfunction

49. Thelen DG, Anderson FC. Using computed muscle control to generate forward dynamic simulations of
human walking from experimental data. J Biomech. 2006; 39(6):1107—15. Epub 2005/07/19. https://doi.
org/10.1016/j.jpiomech.2005.02.010 PMID: 16023125.

50. Ting LH, Chiel HJ, Trumbower RD, Allen JL, McKay JL, Hackney ME, et al. Neuromechanical principles
underlying movement modularity and their implications for rehabilitation. Neuron. 2015; 86(1):38-54.

https://doi.org/10.1016/j.neuron.2015.02.042 PMID: 25856485; PubMed Central PMCID:
PMCPMC4392340.

PLOS ONE | https://doi.org/10.1371/journal.pone.0219779  July 24, 2019 16/16


https://doi.org/10.1016/j.jbiomech.2005.02.010
https://doi.org/10.1016/j.jbiomech.2005.02.010
http://www.ncbi.nlm.nih.gov/pubmed/16023125
https://doi.org/10.1016/j.neuron.2015.02.042
http://www.ncbi.nlm.nih.gov/pubmed/25856485
https://doi.org/10.1371/journal.pone.0219779

