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Abstract

The functioning of the neuromuscular system is an important factor for quality
of life. With the aim of restoring neuromuscular function after limb amputa-
tion, novel clinical techniques such as the agonist-antagonist myoneural inter-
face (AMI) are being developed. In this technique, the residual muscles of an
agonist-antagonist pair are (re-)connected via a tendon in order to restore their
mechanical and neural interaction. Due to the complexity of the system, the
AMI can substantially profit from in silico analysis, in particular to determine
the prestretch of the residual muscles that is applied during the procedure and
determines the range of motion of the residual muscle pair. We present our
computational approach to facilitate this. We extend a detailed multi-X model
for single muscles to the AMI setup, that is, a two-muscle-one-tendon system.
The model considers subcellular processes as well as 3D muscle and tendon
mechanics and is prepared for neural process simulation. It is solved on high
performance computing systems. We present simulation results that show (i) the
performance of our numerical coupling between muscles and tendon and (ii) a
qualitatively correct dependence of the range of motion of muscles on their pre-
stretch. Simultaneously, we pursue a Bayesian parameter inference approach to
invert for parameters of interest. Our approach is independent of the underly-
ing muscle model and represents a first step toward parameter optimization, for
instance, finding the prestretch, to be applied during surgery, that maximizes
the resulting range of motion. Since our multi-X fine-grained model is compu-
tationally expensive, we present inversion results for reduced Hill-type models.
Our numerical results for cases with known ground truth show the convergence
and robustness of our approach.
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1 | INTRODUCTION

Diseases of the musculoskeletal system can result in a severe restriction of the quality of life. The simulation and iden-
tification of individual parameters of human skeletal muscle action is emerging as a valuable tool for individualized
treatment of diseases or surgical planning. It constitutes a complex task typically involving the coupling of several muscles
and the nervous system. Humans are able to activate their muscles in a highly controlled way and to sense the position
of their limbs even with eyes closed. These skills are summarized under the term ‘proprioception’ and are enabled by
sophisticated interactions within the neuromuscular system, that is, between skeletal muscles, the nervous system and
mechanosensors. Movement commands are generated in the brain and transferred to the muscles via the neural system.
Specialized sensory organs monitor the resulting movement and provide the nervous system with information on the
position of the muscle or the limb (cf. Figure 1A) [55]. The nervous system then adjusts the control command [55].

Skeletal muscles are only able to contract in one direction. Therefore, they typically work in pairs of an agonist and an
antagonist, in order to allow for the multi-directional movement of the limbs. Agonist-antagonist muscle pairs are coupled
mechanically by bones, tendons and other structures. In addition, muscle pairs are coupled by nervous pathways, which
transmit sensory information. For instance, if one muscle is activated, the nervous system processes sensory information
from the agonist as well as from the antagonist to generate a targeted control command [55]. Any intervention to this
system is prone to disturb its sensitive control principle.

Surgical interventions, in particular amputations, are a major intrusion into this system. Conventional amputations
destroy the mechanical link between residual muscles and thereby heavily impair the exchange of proprioceptive sensory
information [35, 75]. Further, little attention has been given to tendons so far, even knowing that many proprioceptive
sensory organs are located at the musculo-tendinous junctions [52]. The agonist-antagonist myoneural interface (AMI)
is an emerging surgical approach that aims to overcome these drawbacks [44]. The procedure is based on establishing
a mechanical connection between residual muscles with the goal to maintain the mechanical and sensory coupling of
naturally linked muscles (Figure 1B) [44]. First results show that the control of the residual muscles is improved and pain
is reduced in patients after receiving an AMI [90, 94]. In the future, the AMI procedure has the potential to deliver neural
feedback to the user and, thereby, facilitate the control of advanced prosthetic limbs [45].

However, such a complex surgery requires a careful pre-surgery evaluation and planning, for example, to decide which
muscles are suitable and how exactly their mechanical connection should be designed in surgery. Under undisturbed con-
ditions, all muscles in the body are prestretched by a certain amount via their connections to joints and bones, that is, they
would be shorter in a completely relaxed state. Since muscle stretch is directly related to the muscle’s force-production
capability, the prestretch directly influences the force that can be applied to the joint and the antagonistic muscle, respec-
tively and, thus, the quality of the muscle functionality [33]. Further, damaged or degenerated muscle tissue influences the
active and passive mechanical properties of the muscles and thus, the mechanical and sensory interaction between them.

1.1 | Goals and challenges

We propose and pursue a close co-design approach for the development of a simulation-based optimization framework
(in silico laboratory) to support the identification of optimal physiological and anatomical parameters for the surgical
amputation procedure. We address the prestretch of the residual muscles, and thus the resulting range of motion, as
our first use case. By co-design, we mean that we have to consider and develop three methodological components: (i)
clinical experiments, (ii) detailed mathematical models for muscle physiology and neural feedback loops, (iii) an inversion
approach allowing us to identify parameters under uncertainty and based on sparse data.

This requires complex coupled simulations involving at least two muscles and their mechanical connection by a ten-
don, each of the muscles being described by multi-scale multi-physics hierarchical muscle models. These span from 0D
sarcomere models over 1D activation potential diffusion and reaction along muscle fibers to 3D (nonlinear) mechanical
deformation. Also, models of sensory organs that provide the central nervous system with information on the muscle’s
state and neuron models that activate the muscles after integrating central activation commands and information from
sensory organs must be included.

A simulation framework for such a multi-X model needs to provide numerical and software coupling among strongly
different temporal and spatial scales and dimensions of the model parts as well as between muscle and tendon in addition
to optimized numerical methods for the individual scales. To achieve the desired accuracy, high resolutions and, thus,
high performance computing techniques are required.
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FIGURE 1 Our target application—agonist-antagonist muscle pairs and the associated sensory feedback loop in a healthy lower leg
(A) and after AMI (agonist-antagonist myoneural interface) amputation (B). In more detail, the left picture (A) shows the stretch reflex as an
exemplary sensory reflex. A lengthening of the agonist muscle (red) is registered by sensory organs within the muscle. In response, the
sensory organs activate populations of neurons (circles) in the spinal cord via synapses (triangles). Consequently, the monosynaptic stretch
reflex pathway (light blue) leads to an activation of the agonist muscle. Additionally, the disynaptic reciprocal inhibition pathway (dark blue)
leads to the inhibition of the antagonist muscle (pink). Tendons are shown in orange. The right picture (B) shows the anatomical situation
after transtibial amputation. The residual muscles are surgically connected by their tendons (orange) to build an agonist-antagonist muscle
pair. The connected tendons are placed through an artificial guide (green).

To identify parameters of interest in the model, that is, to infer their values and to ultimately optimize those param-
eters, statistical methods can be used. To do so, our multi-X models need to be solved many times. For instance, we
want to infer the prestretch given the targeted range of motion of the two-muscle-one-tendon system in the AMI. Solving
such severely ill-posed inversion problems under significant uncertainty of measurements is a formidable challenge. In
terms of clinical experiments, access to data and observations that allow to derive a clinically meaningful and computable
objective function is mandatory.

1.2 | Contributions, limitations, and paper structure

In this paper, we approach the envisioned in silico laboratory for the AMI from two sides and present first results. Cur-
rently, some limitations are unavoidable, which we sketch in the following alongside our concrete contributions. Also,
we do not employ clinical data in a more than qualitative way yet.

Section 2 provides the necessary background in terms of neuromuscular physiology, clinical procedures and clini-
cal requirements. In Section 3, we first provide the state-of-the-art in neuromuscular system modeling and simulation
as it applies to our AMI setting. We then present our full multi-X model of the muscle-tendon-muscle setting, com-
prising these three so-called participants. Their coupling is outlined in Section 4, along with implementation details
and the numerical approaches for the full forward model in the OpenDiHu and preCICE software frameworks. The
implementation currently does not support full neural coupling between the participants, but only the mechanical
coupling.

As explained above, the simulation of the full multi-X model is computationally challenging. Thus, to simultaneously
make progress toward parameter inference and, ultimately, parameter optimization, we need to resort to a simplified for-
ward model. For this, we adapt well-known Hill-type models in Section 5. Section 6 then provides background on Bayesian
statistics, inversion and parameter inference, followed by a description of Markov Chain Monte Carlo and Hamiltonian
Monte Carlo methods.

Section 7 presents and discusses our results. We start with a brief validation of the full multi-X single muscle setup to
proceed to the two-muscle-one-tendon simulation. The experiments highlight the performance of our numerical coupling
between muscles and tendon and demonstrate a qualitatively correct dependence of the range of motion of muscles on
their prestretch. They also indicate the need for careful choice of various numerical thresholds to stabilize the coupling.
For the parameter inference based on the reduced, less costly Hill-type models, we assume that we know the actual
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range of motion and invert for the corresponding prestretch. Compared to the known ground truth, we demonstrate the
convergence and robustness of our approach.
In Section 8, we conclude, summarize and discuss our plans for future work.

2 | MUSCLE PHYSIOLOGY AND CLINICAL PROCEDURES

In this section, we provide the necessary background in terms of neuromuscular physiology that is required for our sim-
ulation and optimization approach. In addition, we briefly describe clinical procedures and clinical requirements that
motivate the formulation of our approaches and show their clinical relevance and feasibility.

2.1 | Basic anatomy and physiology of the neuromuscular system

The neuromuscular system, which enables movement, is composed of skeletal muscles, neurons and sensory organs. The
neurons are the control elements that activate muscles, while the sensory organs monitor the state of the muscle. The
sensory information is forwarded to the neurons, which, in turn, adjust their activation command to the muscle, which
eventually contracts and produces a joint movement (cf. Figure 1A) [55].

Skeletal muscles are structured hierarchically. The basic unit of a skeletal muscle is the sarcomere. Nearby sarcomeres
are arranged together in myofibrils. Several parallel myofibrils constitute a skeletal muscle fiber, which corresponds to a
muscle cell and can extend to the full length of the muscle. Muscle fibers are grouped together in fascicles, that constitute
the entire muscle [62].

The basic functional unit for muscle activation is the motor unit. A motor unit consists of a nerve cell (motor neuron)
and all the muscle fibers that it innervates. The muscle fibers are activated by an electrical signal, the so-called action
potential, which is produced by the motor neuron and transmitted to the muscle fibers at the so-called neuromuscular
junction [26]. The action potential propagates through the muscle fibers toward both ends of the muscle, leading to the
generation of force in the sarcomeres, which builds up and results in the contraction of the muscle fiber. Thereby, every
action potential triggers a force twitch of defined amount. Consequently, muscle force can be regulated by two means:
(i) by increasing the number of motor units, and thus fibers, that are recruited; and (ii) by increasing the frequency with
which recruited muscle fibers are activated. The total muscle force is the sum of the individual force responses of the
recruited fibers. Finally, a movement is created by transmitting muscle force to the joint via tendons.

Overall, the activity of the motor neurons and the respective motor units is determined by central input from the
brain and the information provided by sensory organs. The feedback provided from sensory organs is organized in reflex
pathways [55]. Thereby, the most important sensory organs are muscle spindles, which are sensitive to muscle length
and length changes [61]. They also provide the sensory information for the most direct reflex pathway, which is the
monosynaptic stretch reflex (Figure 1A, light blue). Thereby, muscle spindle activity increases the activity of the motor
neurons and consequently leads to contraction of the agonist muscle [89, 104]. In contrast, the reciprocal inhibition
reflex delivers the same stretch information to the motor neurons of the antagonistic muscle and decreases their activity
(Figure 1A, dark blue) [20, 58].

The reflex pathways induce an interaction between agonist and antagonist via the neural system. In addition,
muscles are mechanically coupled via joints and their maximum force production capability is length and velocity
dependent [33, 38]. Thus, for an optimal control and performance of a two-muscle system, mechanical parameters
such as the prestretch of the components are decisive. Prestretch results from the fact that the muscle is always slightly
stretched in all joint positions by its connection to tendons and bones. Prestretch is defined as the length difference
between the (theoretical) fully relaxed muscle length and its actual maximally relaxed length within the human body.
The prestretch in combination with the passive material properties also restricts the maximal range of motion of muscles
and joints on a purely mechanical basis.

2.2 | Clinical procedures and requirements

Lower limb amputation still affects more than 60 000 people per year in Germany [102]. Conventional amputation tech-
niques wrap the residual muscle bellies around the transected bone [30]. This disrupts the natural mechanical connection
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between agonist and antagonist muscles. Since muscles can only actively contract and not elongate, two muscles, that is,
an agonist and an antagonist, are necessary to move a joint and their control is largely determined by feedback from the
muscle’s sensory organs [55, 79]. Consequently, a disruption of the natural connection between agonist and antagonist
heavily distorts natural sensory feedback and poses a major challenge for muscle-controlled prostheses [44]. To overcome
these drawbacks, a new surgical technique is currently introduced, the so called agonist-antagonist myoneural interface
(AMI) [44]. Thereby, two residual muscles are surgically connected by a tendon (or artificial tissue) within the residual
limb (Figure 3) [44]. This technique restores the natural mechanical and sensory connection of the agonist-antagonist
muscle pair.

While the results from the first patients look promising, some questions remain unanswered [90, 94]. In the healthy
joint, the mechanical coupling between a muscle pair is determined by multiple factors, for example, the lever arm,
the weight of the limb and the mechanical properties of the entirety of the tissue that is connected to the joint. In an
AMI muscle pair, the mechanical coupling is mainly determined by the amount by which the remaining muscles are
prestretched when connected as well as their active and passive tissue properties. The mechanical coupling not only
determines the range of motion of the remaining muscles but also directly influences the sensory information about
length and tension in the muscle that is delivered to the central nervous system. The range of motion of the AMI can
clinically be determined by ultrasound tracking of implanted tantalum beads [94]. These measurements deliver relative
fascicle strain measures or the absolute muscle excursion during contraction [16, 91, 94]. First results indicate that a large
range of motion of the AMI is beneficial for both, limb perception and control of the residual muscles [91, 95]. However,
the optimal prestretch to achieve this is not known a priori. This motivates our approach for aiming at a model-based
framework to calculate the optimal prestretch for a maximal range of motion of the AMI construct.

3 | THE ELECTROPHYSIOLOGICAL MUSCLE MODEL

The mathematical modeling of skeletal muscles is a nontrivial task due to their complex multi-scale nature. In this section,
we give a short overview of the state-of-the-art presented in literature in Section 3.1, followed by a detailed description of
the multi-scale mixed-dimensional coupled model we use in this paper as a high fidelity forward model in Section 3.2.

3.1 | State-of-the-art in neuromuscular system modeling and simulation

Existing computational models of the neuromuscular system vary widely in the components considered and their level of
detail. Most simulations of (parts of) the musculoskeletal system appeal to multi-body simulation frameworks, in which
the mechanical behavior of skeletal muscles and the corresponding tendons is modeled with substantially simplified
muscle models. For instance, multi-body musculoskeletal simulations are mostly based on inverse dynamics using an
optimization criterion such as the minimal squared muscle activation sum or the minimal metabolic cost of transport
to determine muscle activation given a particular motion [2, 77]. Although such models have been used to investigate
movement disorders [87], neglecting the physiology and spatial heterogeneity of the neural system considerably limits
their application as predictive in silico laboratories. On the other hand, the activity of neurons and sensory organs can be
included into the model to determine the activation command to the muscles. Such neuronal models considering spinal
circuits and basic reflex pathways have been successfully coupled with, for example, 1D Hill-type muscle models and
multi-body simulation frameworks [e.g., 24, 27, 51, 56, 93, 96].

Although these models are useful to investigate motor control strategies, 1D muscle models and multi-body simu-
lations fail to fully capture the effect of anatomical and/or surgical adaptations within the musculoskeletal system and
cannot correlate kinematic in silico predictions with other projections of neuromuscular activity such as electromyogram
(EMG) recordings. Further, the spatial distribution of sensory organs within the muscles cannot be represented [86].

Those limitations can be overcome by using continuum mechanical models, based on classical field theories. While
there exist several approaches for continuum mechanical muscle models [e.g., 10, 22, 54, 64, 82], system models con-
sidering 3D muscle models, neurons and sensory feedback are rare. Volk et al. [100] integrated a pool of motor neurons
within a finite element framework. Therein, they modeled the bony structure of the joint in 3D, but used one-dimensional
Hill-type models to represent the muscles.

Very promising are so-called multi-scale multi-physics muscle models, which combine continuum mechanics models
with electrophysiology models [e.g., 41, 43, 81]. These models are able to capture many relevant physical phenomena that
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occur at different temporal and spatial scales: They model the subcellular ion dynamics that lead to force generation at
the scale of milliseconds and micrometers, as well as the action-potential propagation and mechanical deformation in the
scale of seconds and centimeters. Such models are capable of providing a detailed physiological description of the process
of force generation in the muscle and its deformation. Further, the inherent structure of multi-scale models offers the
possibility to extend the system by further components, such as sensory organs and reflex pathways.

3.2 | An agonist-antagonist two-muscle-one-tendon model

We now discuss an electrophysiological model of a muscle pair for the particular setting where the agonist and the antag-
onist are mechanically connected by a tendon in the course of the AMI amputation of a limb. The anatomical setup of the
model is shown in Figure 1B. For this, we build on the scalable electrophysiological muscle model based on the works in
[e.g., 11,41, 83].

Each participant is represented by a continuum mechanics three-dimensional model. The problem’s system of
equations originates from the conservation of mass and momentum for each participant:

pmiXm =V - (Ppassive(FMl) + Pactive(Fm1, ¥M1) — leFK/[Yl‘) > divxm; =0 in Qum1 X [0, Tena), ®
pXve =V - (Ppassive(FMZ) + Poctive(Fm2, M2) — pMZF;/Ig) > div Xy, =0 in Quz X [0, Tena), @)
pr¥r = V - (Ppassive(Fr) — prF;") div Xp = 0 in Qr X [0, Tena). 3)

At the interfaces 0Qy;.r and 0€ .1 between the muscle and the tendon, kinematic and dynamic conditions must be
satisfied:

XM = Xr, Xyv1 = X, P(Fy\) = P(Fr) on 0Qu.T, “4)

XMz = X, Xy = X, P(F\,) = P(Fr) on Q7. (5)

For simplicity, we omit the subscripts M1, M2 and T in our explanation of the Equations (1)-(5). The equations
describe the evolution of the muscles’ and the tendon’s material point displacements x, velocities X, and pressure p. The
material density of each participant is indicated by p while F represents the deformation gradient. The right hand sides of
the equations comprise the divergence of the first Piola Kirchhoff stress tensor P, which can be decomposed in an active
and a passive part. The active part contribution only appears in the muscle participants. A term pF~! enters the equation
to ensure the incompressibility constraint (det(F) = 1), with p being a Lagrange multiplier that can be interpreted as
pressure.

The passive response of the muscle and the tendon tissue is modeled by an incompressible transversely isotropic
material model. For the tendon, we use the formulation proposed in [15], which describes the high stiffness in fiber
direction. In case of the muscle, the passive behavior is modeled by the sum of an isotropic and an anisotropic contribution
as presented in [41]. We use the Mooney-Rivlin material formulation for the isotropic part, and a function of the fiber
stretch Af to model the anisotropic behavior in the muscle fiber direction ay. Overall, the model for the passive response
of the muscle has four material parameters that are set as in [39].

The active stress tensor P,.ive(F, ) represents stresses generated by active muscle contraction. It is defined as a func-
tion of the deformation gradient tensor F and the lumped activation parameter y. We assume that the active stress
contribution acts only along the fiber direction a, as presented in [41].

3.2.1 | Subcellular model

The lumped activation parameter y = H(y, 4r, 4) required in Equations (1) and (2) is determined by the so-called sub-
cellular model. H is a function of the internal state variables summarized in the vector y, the fiber stretch A and the
fiber contraction velocity /¢ [40]. It describes the active muscle stress generation on a microscopic scale, that is, within
sarcomeres of the muscle fibers. To compute the vector of state variables y, we use the Hodgkin-Huxley Razumova
model [40, 47, 78]. It models the activation of ion channels in response to changes in the muscle fiber’s transmembrane
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potential VX and is given by a system of differential-algebraic equations (DAEs) for each sarcomere:

3_3; = Gy, Vrfn) and [y = ion(Vrfn, y), (6)
where G is a function given by the Hogdkin-Huxley Razumova model and Ij, is the ionic current across the membrane

of the muscle fibers.

3.2.2 | Action potential propagation model

Equation (6) considers isolated processes that take place in one sarcomere. Another equation is required to account for
the propagation of the action potential, that is, to describe the evolution of the value of V2 at each sarcomere’s location.
To do so, we model each muscle fiber explicitly by solving the monodomain equation

Ve 1 (1 Vi ¢ ‘
o L A0t~ lon(V.y) +S(V) ) in 2

in each fiber f, where Q denotes the one-dimensional fiber domain and s the spatial position along the fiber [41]. A, is
a factor for the membrane area to domain volume relation, Cfn is the membrane’s electrical capacitance and o is the
effective conductivity. S(V3,) is a source term that models the activation of the fiber by motor neurons, described below.

3.2.3 | Motor neuron pool model

The activation of muscle fibers through the source term S(V3)) in Equation (7) takes place at the so-called neuromuscular
junctions, see Section 2.1. At the neuromuscular junction, a motor neuron’s nerve fiber attaches to the muscle fiber mem-
brane. Each motor neuron innervates multiple fibers of the same muscle and each muscle is innervated by one motor
neuron pool. For the definition of the neuromuscular junction and the allocation of fibers to motor neurons, see [64]
and [81].

We model each motor neuron by an equivalent electric circuit model based on [19] and [73, 83]. The model consid-
ers two anatomical compartments, which represent the cell body (soma) and the dendrite. Each compartment considers
a number of ion channels, which allow current exchange between the intra- and extracellular space. The time points
of the action potentials, which finally activate the muscle fibers, are determined from the time course of the soma’s
membrane potential V. That means, whenever the soma’s membrane potential exceeds a threshold, S(V})) is temporar-
ily set to a supra-threshold value, causing a nonzero action potential in the respective muscle fibers. The membrane
potentials V3, and V¢ in the soma and dendrite compartments are described by two coupled ordinary differential
equations (ODEs):

avg 1

— = — (- (vd) -1V, ve)) . (®)

dt C?n( 10n( m) C( m m))

dVrSn 1 S S S d S i

0= L (2 (Va) ~ TV V) + Dy, ) + L) ©
m

The capacitance of the membrane in each compartment is denoted by C4 and C3,, respectively. The two equations are
linked to each other through coupling currents Ig and I}, where Ig = —I, due to the conservation of electric charge.
Jion summarizes the ionic currents crossing the respective membrane. I} (V) is composed of a leakage current and the
currents through sodium and two types of potassium channels. The variables describing the ionic currents are determined
from four ODEs [73, 83]. In the dendrite the ionic current is solely composed of a leakage current. Iy represents inputs
from the central nervous system, Igingle the current originating from the sensory organs, that is, the summed muscle
spindle activity. Af and Ar denote the fiber stretch and stretch velocity, respectively. In summary, each motor neuron is
described by a system of six coupled ordinary ODE:s.
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3.24 | Sensory organ model

Sensory organs, that is, muscle spindles are located at a few positions in each muscle. They detect macroscopic length
changes in the muscle and provide the motor neurons with this information. The muscle spindle firing rate Ia; of a spindle
Jjis modeled according to [68]. We summarize the contributions of all spindles within one muscle in Igindte:

N, spindle

Ipindte(As, Af) = Z wj Ia; <ﬂjf ﬂé) (10)

J=1

where N is the number of spindles within the muscle, /11% and )Li denote the fiber stretch and stretch velocity at the location
of spindle j. The weight w; can account for the different strengths and signs of the monosynaptic and the reciprocal
inhibition reflex pathway (cf. Figure 3). Iyindle is used as an input to the motor neuron model (Equation 9). So far, we only
consider the spindle feedback of the same muscle, that is, the monosynaptic stretch reflex.

4 | IMPLEMENTATION OF THE MULTI-X FORWARD MODEL

In this section we discuss the implementation of the electrophysiological model presented in Section 3.2. A skeletal mus-
cle can contain up to a few hundred thousand fibers and each fiber has an average of 50 000 sarcomeres [62]. Thus,
electrophysiologically-based simulations of skeletal muscles with a realistic description of the activation process and the
force generation require the use of high performance computing frameworks. Besides, given the multi-X nature of the
presented muscle model, a highly modular software is desired. The open-source neuromuscular simulation framework
OpenDiHu fulfills these requirements and is our software of choice to implement the full muscle’s forward model. To
create the two-muscle-one-tendon AMI model, we use a partitioned coupling approach and couple three independent
OpenDiHu instances using the open-source coupling library preCICE. In the following, we first present the implemen-
tation of the model for a single muscle in OpenDiHu (Section 4.1) before explaining the coupling between muscles and
tendon to establish the simulation environment for the two-muscle-one-tendon system via preCICE (Section 4.2).

4.1 | Implementation of the electrophysiological muscle model in OpenDiHu

OpenDiHu is an open-source software framework for scalable biophysical simulations of the neuromuscular system.! It
provides an extensive list of physics-specific solvers for electrophysical processes, generation of forces and mechanical
muscle deformation among others, which can be combined in a tree-fashion to create a custom-made solver.

In our case, we combine five physics-specific solvers as shown in Figure 2. We select the physics-specific solvers
according to the models described in Section 3.2, for example, the continuum mechanics solver uses an incompress-
ible transversely isotropic Mooney-Rivlin model, the action-potential propagation solver computes the monodomain
equation, etc. OpenDiHu’s subcellular model equations are not hard-coded, but imported via a code generator from a
CelIML file to mitigate errors and facilitate reproducibility. CellML is a language based on XML markup that has become
a standard to exchange and store reaction models in the biological community [21]. The CellML files used by OpenDiHu
and our case are stored online under an open-access policy.?

For each physics-specific solver we have to specify a spatial and time discretization. The muscle is represented by the
3D mesh of the finite element continuum mechanics solver. We use 3D hexahedral elements to discretize the muscle
domain in space. Quadratic ansatz functions are used for x and x, while we use linear ansatz functions for p. Embedded in
the continuum mechanics domain, we create n 1D fiber meshes. The fiber meshes are identical and have a higher spatial
resolution than the continuum mechanics mesh. To exchange information between the fibers and the mechanics mesh,
the volumetric data mapping feature of OpenDiHu based on linear interpolation is used. The remaining physics-specific
solvers are not mesh-based. The subcellular model solver is called at every point of the 1D fiber meshes, but the solver
does not use geometrical information and simply takes an electrical signal as an input.

Thttps://github.com/opendihu/opendihu.
Zhttps://doi.org/10.5281/zenodo.4705944.
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FIGURE 2 Full muscle’s forward model, consisting of five different physics-specific solvers here represented by boxes. The arrows
between boxes show the data dependencies between sub-models. In light blue, we highlight the transfer of data between the muscle spindles
and the motor neuron pool (the monosynaptic reflex pathway). In green, we show the volumetric coupling that takes place between the fibers
model and the mechanics model.
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FIGURE 3 Forward model of the AMI amputation. The dark blue arrows show the neural coupling between the two muscles (the
reciprocal inhibition pathway), while the black arrows show the mechanical coupling at the contact surface of the muscle participants and
the tendon.

Regarding time discretization, OpenDiHu allows users to select different time step and time integration methods
for each physics-specific solver. We use a Strang splitting to solve the monodomain Equation (7) in each fiber, splitting
between the reaction term (subcellular processes) and the diffusion term (action potential propagation). The reaction
term covers a smaller time scale and uses the Heun integrator, whereas the diffusion term occurs at a larger time scale
and uses the implicit Euler scheme. The continuum mechanics solver also uses the implicit Euler scheme.

4.2 | Coupling with preCICE

For the realization of the two-muscle-one-tendon AMI model, it is necessary to couple three instances of OpenDiHu,
called participants in the following. They are distinguished by color in Figure 3. The agonist and antagonist muscle par-
ticipants are identical and consist of the multi-X forward muscle model described previously, while the tendon consists of
a single continuum mechanics physics-specific solver. Each participant is defined by a 3D mesh with no overlap between
the meshes of different participants and shared interfaces between the agonist and the tendon as well as between the
tendon and the antagonist.
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Figure 3 displays the flux of information. Most of the arrows connecting boxes show interactions between
physics-specific modules of the same OpenDiHu participant. However, the arrows painted in black and dark blue depict
interactions between different OpenDiHu participants, which we implement using the open-source coupling library
preCICE.? preCICE is a library for partitioned multi-physics simulations that allows for a minimally invasive integration
and for the coupling of multiple participants and combinations of strong and weak coupling options [18]. Besides, it
provides ready-to-use state of the art data mapping methods as well as acceleration methods. The preCICE library is used
by each participant of a coupled simulation via so-called adapters, pieces of additional software that call preCICE via its
application user interface (API). In the following, we describe our specific choices for the coupling instances in our setting.

4.2.1 | Mechanical coupling

The mechanical coupling between the tendon and each of the muscles is realized as a partitioned Dirichlet-Neumann
coupling, that is, the participants solve their equations separately and exchange the following data after each coupling iter-
ation: At the muscle-tendon interface, one participant sends the values of the displacement x and velocity x while the other
sends the values of stresses P. Incoming displacement and velocity values are read and enforced by a Dirichlet boundary
condition, whereas incoming values of traction are applied using a Neumann boundary condition. A proof-of-concept of
a muscle-tendon complex using the preCICE surface adapter has already been presented in [65]. In this paper, we present
the three participant coupling connecting two muscles via a tendon for the first time. Using explicit coupling, that is,
calling each participant only once per coupled time step is enough in some cases, however, prone to instabilities and inac-
curacies. To improve the stability and accuracy of the coupling, we added implicit coupling in the preCICE adapter for
OpenDiHu, that is, to iterate between participants until convergence of all coupling variables, that is, tractions, velocities
and displacements at both muscle-tendon interfaces. To accelerate these iterations, we use the quasi Newton acceleration
methods offered by preCICE [18, 59].

4.2.2 | Neural coupling

The dark blue arrows in Figure 3 show the reciprocal inhibition pathway, or in other words, the neural coupling. Note
that this is an example of unidirectional coupling and the data to be sent by each muscle to the other muscle trans-
ferred are essentially the same transferred by the monosynaptic stretch reflex pathway within a single muscle, which is
already implemented in OpenDiHu. The implementation of the neural coupling is still missing, but can be done with
tools provided by preCICE.

5 | ASIMPLIFIED FORWARD PROBLEM FOR INVERSION

The computational model presented in Sections 3.2 and 4.1 is a forward problem, determining deformations and forces
in a very accurate and detailed manner, due to its multi-X nature. As described in Section 2, AMI as clinical application
ultimately requires optimal physiological parameters or, in general, the identification of (patient specific) parameters
based on experimental data. This is an inverse problem, that is, we need to determine plausible input parameters of the
simulation based on a known set of output data, given by experimental observations. In our particular case, we want to
determine the unknown muscle prestretch from mechanical experiments.

Obviously, solving inverse problems is costly as it requires repeated solutions of forward problems with varying inputs.
Ultimately, for very fine-scale reference solutions, the multi-scale hierarchical muscle model from Section 3.2 must be
employed. However, to facilitate and speed up the development process of our optimization approach, the fully resolved
model (temporarily) needs to be replaced by a simplified model. Thus, we simulate the muscle behavior based on Hill-type
muscle models. These models provide a less complex computation by only solving a system of ODEs. The downside is that
these models do not account for microscale information about the muscle, and also do not account for spatial extensions
of the muscle. Such effects thus need to be modeled in full dimension. We adapt such a model to the AMI setup of a
two-muscle-one-tendon system, which calculates the range of motion of the system for given prestretch.

3https://github.com/precice/precice.
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FIGURE 4 Simple Hill-type model approach for a two-muscle-one-tendon system. The forces are divided into active muscle forces
FacE, passive muscle forces Fpyr and a passive force Fprg caused by the tendon.

5.1 | A Hill-type two-muscle-one-tendon model

Hill-type models are a class of muscle models which aim to predict the lumped passive and active muscle forces during
movement on a macroscopic scale [14, 46]. Therefore, the behavior of the muscle system is divided into single distinct
components, that is, active contractile elements for force generation and passive elements as response to stretch and
contraction [84]. The passive stress-strain relation for the muscle follows a highly nonlinear hyperelastic behavior and
we assume a muscle-tendon system without external forces and friction [66].

For simplicity, Hill-type muscle models combine the influence of excitation, activation and motor unit recruitment
dynamics of the neuromuscular system into a single activation parameter [14]. Figure 4 shows the basic components of
our Hill-type two-muscle model with a connecting tendon. The muscles are fixed at the outer ends, the output of the
model is the movement of the two muscle ends connected to the tendon (i.e., the positions x; and x,). While the tendon is
described by a simple spring-type mechanical behavior, the two muscles have an additional active component. The final
model is given by a system of ODEs derived from the balance of forces at the muscle ends:

mX(t) = Fpre(t) — Face1(f) — Fpmei (8), (11)
myXo(t) = —Fpre(t) + Facea(t) + Fpmea(8). (12)

Here, ¢ is the simulation time and x; and x, are the displacements at the muscle-tendon connections compared
to the stress-free positions. The effective mass m; for i € {1,2} is derived from the mass of each muscle and the
tendon [36, 80, 97]. Facg; is the active force of the contractile element and Fpyg; the passive muscle force for muscle i.
Fprg is the passive force induced by the tendon.

In the following, we introduce the equations for all force components, following [84]. We omit the muscle numbering
1 and 2 as all formulas hold for both muscles.

5.1.1 | Active force Facg generated by the contractile element
The active force Facg generated by the contractile element depends on a force-length relationship given by a function

fL depending on the muscle length ¢, a force-velocity relationship given by a function f, depending on the contraction
velocity vy, and an activation function a,

Face(t) = Fy' - a(®) - fu(@m(®)) - fuom(t), (13)
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with the maximum isometric force F(I)VI. The activation a with values between zero and one is defined by a first order
ODE [76]:

L (1= a@) - u® + - @min — a®) - (1 - u(t). (14)

Trise Ttall

at) =

u € {0,1} is the neural input at time ¢, and the time activation and deactivation constants s, and g,y account for the
time delay between the neural stimulation of the muscle and the actual force generation through cross-bridge cycling.
The functions fi, and f, are chosen according to the muscle model proposed by Thelen in [84]. ani, is a constant safety
factor for numerical stability.

5.1.2 | Passive force Fpmg

The passive force generation of the muscle depends on the ratio between the actual muscle length #) and the stress-free
length Z52ck:

el (2 1)) -
u ) (15)
exp(kpg) — 1

Fpme(Zm(t)) = Fy' -

This addresses the nonlinear hyperelastic stress-strain behavior. kpg is an exponential shape factor and e(l;’l the passive
muscle strain due to the maximum isometric force F}.

5.1.3 | Passive tendon force Fprg

The passive tendon force is described in [84, Eq. 8], where the specific numbers are fitted to experimental studies on
human tendons and is given by

FM - 0.10377(exp(91 - ex(t)) — 1) if 0 < ex(t) < 0.01516,

(16)
FM . (37.526 - ex(t) — 0.26029) if 0.01516 < er(f) < 0.1

Fpre(@1(t)) = {

Cp(t) =5k

with tendon strain er(t) = .Hereis f%laCk the stress-free length of the tendon. The passive tendon force is divided

f’srlack
in an initial nonlinear toe region followed by a linear function.
More detailed information about Hill-type muscle models is given in the literature [8, 9, 23, 37, 74, 85, 98].

5.2 | Incorporating prestretch as optimisation parameter

As discussed in Section 2.2 a parameter of special interest for clinical applications like AMI is the prestretch of the muscle
for fixed observed physiological properties. Adapted to our two-muscle-one-tendon system, the prestretches are related to
the stretch of the muscles and tendon at the start of the simulation and are therefore defined by the displacements x; (0)
and x,(0) of the muscles at time zero and stress-free length #512°, £53 and 51k of the muscle or tendon:

M1 ° " M2 °
0 fslack —x,(0 fslack 0) — 0 I/pslack
ps (0 + 7y PS X%2(0) + £33 s x2(0) —x1(0) + 75 a7
M1 T slack ’ M2 T slack ’ T T slack
LﬂMl bﬂMZ {T

5.3 | Example

To demonstrate that the simplified model works as expected and shows a substantial sensitivity to prestretch, we depict the
solution of the system of ODEs given by Equations (11) and (12) in Figure 5A. For this example, muscle 1 is prestretched
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FIGURE 5 Model validation example: Changes of muscle stretch of the two muscles relative to the prestretched muscle length at time
zero compared to the activation of the muscles (A) and for a comparison for different prestretches of muscle 1 (ps-m1) (B).

with ’115151 = 1.2 and muscle 2 is less prestretched with /lf/lsz = 1.03, but both muscles have the same absolute length in
their prestretched states, before neural stimulation is applied. The changes in length over time are induced by the distinct
activation of both muscles and by the fact that the system is not in equilibrium at time zero: The tendon has no prestretch.
Each muscle receives neural stimulation for one second, starting from time zero, that is, immediately at the beginning of
the simulated time, for muscle 1 and after two seconds of simulated time for muscle 2. Therefore we set the neural input

u for each muscle to

{1 ifo<t<1 {1 if2<t<3
uMl(t) = and uMz(t) = . (18)
0 else 0 else

That is, first muscle 1 acts as agonist and muscle 2 as antagonist, and then vice versa. We observe that the activation of
the muscles increases and decreases with a small delay compared to the neural stimulations due to the time delay between
stimulation and the resulting force generation in the muscle. Further, we observe that when the agonist is activated,
its length decreases and the antagonist is elongated until the opposing force of the antagonist is similar to the active
contractile force. The same behavior occurs when muscle 2 is activated, that is, becomes the agonist. Comparing the
length changes for the activation of muscle 1 and muscle 2, we observe deviating results. These differences result from
the larger prestretch of muscle 1 compared to muscle 2. This also leads to different lengths in the final steady-state when
no muscle is activated any more.

To emphasize the direct connection between prestretch and the muscle behavior, we compare the results of the system
of ODEs for different prestretches of muscle 1 with a fixed prestretch of muscle 2 with Af/lsz = 1.03 in Figure 5B. We observe
that only slight changes occur in the contraction of muscle 1 because the prestretch of muscle 2 is fixed and, therefore, the
opposing force generation remains the same. On the other hand, when muscle 2 contracts, muscle 1 is stretched more the
smaller the prestretch of muscle 1 is. In this case the point where the induced forces by the muscles are equal is reached
for a larger absolute stretch of muscle 1. In the time between 4 and 6 seconds oscillations occur for the cases where the
prestretch is small in both muscles. This is expected since the small prestretch in the whole system corresponds to a small
physical damping after releasing the system at the end of the activation of muscle 2.
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6 | BAYESIAN INFERENCE

Models like those presented in Sections 3.2 and 5 can calculate the behavior of muscles given characteristics and param-
eters of the muscle(s), the tendon and the neuromuscular system. In clinical applications like the AMI amputation
procedure, the problem is that these characteristics are typically unknown, and only an intended behavior of the muscle
is known. An inverse problem of the given models has to be solved, as certain input parameters for the forward problems
are unknown. Ultimately, we not only want to determine these parameters, but rather solve the optimization problem
arising in AMI surgeries related to the unknown parameters. Specifically, we aim to determine the optimal prestretch of
the two muscles that leads to a maximal range of motion. In this paper, we limit ourselves to inverting for the prestretch
from a given range of motion. Measurements and the realization of prestretching a muscle are prone to various uncertain-
ties, such as measurement errors and model inaccuracies. In the following, we introduce the background of the inverse
problem formulation and our inversion approach.

6.1 | The inverse problem

The setup for our inverse problem is a two-muscle-one-tendon system as shown in Figure 4, for our Hill-type model that
we have to employ for reasons of computational efficiency. The goal of this example is to find the prestretches of both
muscles or, more specifically, their stress-free length to reach a requested range of motion. Based on our model formulation
presented in Section 5, we can calculate the maximal and minimal extension of both muscles given stress-free lengths
and initial lengths by solving Equations (11) and (12). To formulate the inverse problem, we introduce a so-called forward
operator

g : R?* > R, (19)

where the input for g consists of the stress-free lengths of the two muscles, and the output is the minimal and maximal
length for each of the two muscles.

In the Bayesian setting that we propose to pursue, measurement errors and model inaccuracies are considered by a
forward problem with uncertainties [103],

g0) =F(©)+¢, (20)

where F denotes the observed values, that is, in our case minimal and maximal muscle extension, and & € R* the
measurement errors. The entries of £ are assumed to be additive, and normally distributed, that is, & ~ N0, 6err ;) for
j€{1,2,3,4}. O is the vector of investigated physiological input parameters, for example, the prestretch of the first and
second muscle.

The basic idea of the inverse problem is to determine values for the input parameters of the forward problem, such
that these input parameters lead to solutions close to the observed experimental data in some norm,

min |[g(0) — Fops| %, (21)

where Fgps denotes measurement data. In our case, this inverse problem is particularly challenging due to the uncertain-
ties and measurement errors, and thus, we pursue a Bayesian approach.

6.2 | Bayesian inference as a statistical inversion approach

The Bayesian statistical approach is particularly attractive for our inverse problem setting, as Bayesian inference models
both the observables and the parameters as random quantities to address the uncertainties of the involved data [53, 103].
Instead of delivering the one and only correct set of parameters ©@* for the observed output, Bayesian inference calculates
a so-called posterior probability density z(@|F obs) [92] of the parameters from a given prior (i.e., initial estimate) density.
F obs denotes observed model data (measurements).
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The theoretical justification of the approach stems from Bayes’ theorem of conditional probabil-
ity describing the posterior density distribution = of the input parameters @ given the observed output
values Fops [92]:

L(F 5bs|©) 70 (O)

w(O|F obs) = ZF obe)

, (22)

Here, ry is the prior distribution of the input parameters. It contains the statistical initial estimate derived, for
example, from expert knowledge or averages over many individuals, for the parameters @. Via Equation (22), it is
improved with the help of observed data Fops [42]. £ is the likelihood distribution of the observed data, given the input
parameters. For a normally distributed uncertainty parameter & of the forward problem (20), the likelihood distribution
is also normally distributed with

: i(©) — 7:‘0 S.J 2
Verlloows L2\ o

=

Note that this also justifies, from a computational perspective, the necessity of the simplified model from Section 5,
as each evaluation of the likelihood function £ entails one execution of the forward simulation. 7 is the unconditional
distribution of the observed output as a constant scaling factor, which is in general unknown, but ensures the condition
that the integral of the posterior density 7#(®|F obs) Over the parameters @ is one. Since the forward operator g appearing
in the formula for the posterior in Equation (22) is not explicitly given, but requires solving our model equations, it is
also not possible to give a closed formula for the posterior and plot the respective probability density. Thus, sampling
strategies are required in order to approximate the posterior density with the help of bin counts as depicted, for example,
in Figure 10B,D.

Within this approach, we choose the Markov Chain Monte Carlo (MCMC) method [67] for sampling, due
to its wide scope for realistic statistical modeling [32]. However, MCMC is quite simple, and can be inefficient
as it rejects many samples after the expensive solution of the respective forward problem. The Hamiltonian
Monte Carlo (HMC) method [25, 63, 72] improves the MCMC methods by including Hamiltonian dynam-
ics to the method, motivated by molecular dynamics [1]. In the following, we describe the idea of the MCMC
method, and how we can improve its efficiency by introducing the improved sampling strategy with the HMC
method.

6.2.1 | The Markov Chain Monte Carlo method

The Markov Chain Monte Carlo method draws samples from the sought distribution with a cleverly constructed Markov
chain: We start with an initial parameter sample ©° and generate a ‘chain’ of further samples ®", n = 1,2, ... following
an iterative process [92]: (i) Generate a new sample candidate ®' by sampling from a preselected proposal distribution
(0 |F gs)q(0"10")
7 (0 F 4s)q(0']0)
an equal distribution U°(0, 1); (iv) ifu < «, accept the sample candidate and set ol = @/, clse rejectit and set ol = @ .
Note that the evaluation of the posterior distribution for the computation of the acceptance criterion is not explicitly
needed because of the quotient we can neglect the constant distribution # of Equation (22). New sample candidates are
accepted with a rate motivated by the Monte Carlo integration theory [17]. In essence, the number of iterations spent in
a particular region of the parameter space is proportional to the posterior density in that region. Thus, the density of the
MCMC samples represents the posterior distribution of the investigated physiological input parameters [92]. If sample
candidates are drawn from a normal distribution, that is, ®§ = ®l." + v; with v; ~ N(0, Oprop,i) With i € {1,2}, the MCMC
method is called random-walk Metropolis-Hastings algorithm. The basic structure of the MCMC method is sketched in
Algorithm 1 [92].
The problem with the Metropolis-Hastings algorithm is that, because of the normally distributed proposal distri-
bution, the samples are highly correlated and the proposal is chosen independently of the underlying muscle-tendon
model.

q(®'|®™); (ii) compute an acceptance criterion a(®@’|®™) = min { 1 }; (iii) draw a random variable u from
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Algorithm 1. Sketch of the Markov Chain Monte Carlo method

Input: Fops, start proposal @° for input data, prior information
Output: Samples for input values drawn from the posterior distribution
1: function MCMC
2: for n =0 : MCMC-iterations — 1) do

3 Propose @’ ~ q(@'|0")

: 1@") = mi (0| Fy)(0"]6)
4 Compute a(®’|®") = min { 1, O a8 }
5 Draw u from (0, 1)

6: if u<a then
7 ®n+1 — @I
8 else

9 ®n+1 = Q"
10: end if
11: end for

12: end function

6.2.2 | The Hamiltonian Monte Carlo method

We propose to employ an improved MCMC, the Hamiltonian Monte Carlo method, with less correlated samples, which
are chosen using existing information about the posterior distribution of the physiological parameters. As an improved
proposal mechanism, the Hamiltonian Monte Carlo method (HMC) uses Hamiltonian dynamics to explore the parame-
ter space more efficiently by using gradient information of the posterior density and therefore suppressing the diffusive
behavior of simple random-walk proposals [101]. It has been demonstrated that HMC outperforms many existing MCMC
algorithms, especially in high-dimensional, continuous, and correlated problems [53]. For proposing a new sample, the
HMC method executes time steps of a second order ordinary differential equation [72]

0 = M1V U(®) with U(®) = —log [75(0)L(F ops|O)], (24)

where M is a symmetric, positive definite covariance matrix. Thus, new samples are chosen in a direction related to the
steepest ascent of the posterior density. Equation (24) is equivalent to the first order system

49, _oH (25)
dt opi
dp; 0H
L el 2
o 20, (26)
with the so-called Hamiltonain function
TM—l
H(®,p) = K(») + U®) with K(p) = ==L @7

The value of the Hamiltonian H is an invariant of the solution trajectories of Equations (25) and (26). We preserve this
property by using the Leapfrog scheme, a second order symplectic time stepping scheme to solve Equations (25) and (26)
[6, 72, 105]. As initial values, we choose the current newest sample ®” and a random momentum p = MO € R? by
drawing a sample from the normal distribution N'(0, 1) for each entry. As the time stepping scheme preserves the value
of H only approximately, we choose the deviation in H as acceptance criterion a. A sketch of one HMC step for proposing
a new sample inside the MCMC iteration (Algorithm 1) is shown in Algorithm 2, as well as an adapted calculation of the
acceptance criterion « [72].

One downside of the HMC method is that we need to calculate the gradient of the function U, that is, the gradient of the
multiplication of the likelihood distribution and the prior distribution. This gradient especially includes the calculation
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Algorithm 2. Sketch of one Hamiltonian Monte Carlo step

Input: e, L, Q"
Output: @"*!
1: function HMC-STEP
Choose p ~ N(0,1)?
Calculate ®' and p’ by executing L Leapfrog discretisation steps
with time step size € and initial conditions ® = ©" and ® = M~'p for Equation (24).
Compute a = exp(U(O™) — U(O®") + K(p) — K(p"))
Generate u ~ U°(0,1)
if u<a then
@n+1 — (,_)I
else
@n+1 = Q"
11: end if
12: end function

R AN A R i 4

-
=4

of the gradient of the forward problem itself. This is much easier for our simple model presented in Section 5 than for the
full model from Section 3.2.

The choice of the number of Leapfrog steps and the time step size e for the solution of the Hamiltonian system (25)
and (26) is a crucial part of the method. The number of steps is estimated by using an adaptive HMC method as extension
of HMC, called No-U-Turn-Sampler (NUTS). NUTS calculates the number of steps, such that if we use more steps the
distance between the actual sample and the new proposal no longer increases [48]. This technique aims to efficiently
chart the whole investigated parameter domain which means that we do not have to hand-tune the number of Leapfrog
steps. However, with respect to simulation runtime we cap the maximum number of Leapfrog steps for one iteration by
setting a threshold.

The optimal values of HMC parameters can be different for the starting phase of the simulation, which still depends on
the randomly chosen starting sample, and the later stationary phase of the simulation. Therefore, a dual averaging method
can be included in the NUTS for adaptively adjusting the step size e, especially in the starting phase of the simulation [48].
This adaption is important because if ¢ is too small we waste computational time on executing too many tiny steps and if
¢ is too large the rejection rates of the algorithm increase, therefore again wasting computational time.

For more detailed information about Bayesian inference, the MCMC method and the HMC method we refer to the
literature [5-7, 13, 28, 34, 42, 50, 60, 70, 71, 88].

7 | NUMERICAL RESULTS

In this section, we present numerical results for both our detailed biophysiological model and for Bayesian inversion
based on the simplified Hill-type model. The purpose of our numerical experiments is, first, to show that both models are
sensitive to the amount of prestretch. This means the range of motion changes depending on prestretch and the optimal
amount of prestretch is not trivial to determine. Second, we show that our Bayesian inversion approach is a powerful tool
to identify the distribution of an unknown prestretch for a given range of motion.

7.1 | Coupled simulation of the forward model

For our full three-dimensional forward model, we start with simulations of a single muscle scenario to validate the
dependence of the simulated range of motion on the muscle prestretch. In a second experiment, we present results
for the two-muscle-one-tendon scenario and show that our numerical coupling of different muscle and tendon partic-
ipants via quasi-Newton methods in preCICE leads to the expected results, if a fully implicit scheme is used for all
participants.
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TABLE 1 Full model simulations: resolution of the mesh in the mechanics solver and the action-potential propagation solver for the
muscle simulation (left), resolution of the mesh in the mechanics solver for the tendon simulation (center), choice of time steps for the
muscle participant (right).

Muscle size (cm) 3.0x3.0x15.0 Tendon size (cm) 3.0%x 3.0 X 55.0 At yechanics 0.01 ms

Finite elements 4x4x%x36 Finite elements 4x4x12 distrang le—3 ms

Fibers 6X6 @i 0.5e—3 ms

Sarcomeres per fiber 60 dtgittusion le—3 ms
7.1.1 | General setup and parameters

Before explaining the single muscle and the two-muscle-one-tendon scenario in detail, we present parameters used for
both scenarios. For the single muscle setup, we solve Equations (1) and (6)-(7), whereas Equations (1)-(7) are used for the
two-muscle-one-tendon scenario. As a simplification in both scenarios, we assume rectangular muscles and a rectangular
tendon, where the muscles have a size of 15 cm X 3 cm X 3 cm each, and the tendon has a size of 5 cm X 3 cm X 3 cm.
Details on the spatial discretization of the muscles and the tendon are shown in Table 1. Muscle fibers and sarcomeres
are distributed uniformly within the muscle. Details on the choice of material parameters for the muscle and the tendon
can be found in Tables A1-A3 in the Appendix.

The muscle and tendon mechanics solvers (Equations 1-3) use a time step dtmechanics = 0.01ms, which is also used as
coupling time step in the two-muscle-one-tendon case. The time steps for the other solvers involved in each muscle are
listed in Table 1. We use Strang splitting as described in Section 4 with time step size disiang. For the diffusion term in
Equation (7) we use dtgisusion, While for the reaction term (Equation 6) we use dt eaction-

7.1.2 | Single muscle simulation

In this first experiment we split the simulation in two parts: first we compute the initial prestretch state of the muscle,
and then we compute the contraction of the muscle.

The initial prestretch state of the muscle is computed by applying an external pulling force on one end, while the other
end is fixed. To do so, we use OpenDiHu to solve the steady state simplification of Equation (1).

In the second part of the simulation, we use OpenDiHu’s physics-specific solvers for the continuum mechanics
(Equation 1), subcellular processes (Equation 6) and action-potential propagation (Equation 7). The boundary conditions
are changed with respect to the first part of the simulation: where we had a pulling force, we apply a homogeneous Dirich-
let boundary condition, while a homogeneous Neumann boundary condition (zero forces) is used for the other end, that
was previously fixed. We simulate the contraction of the muscle for a time span of 20 ms, which is the approximated time
that the action potential takes to propagate from the neuromuscular junctions to the fibers’ ends in our muscle.

The two parts of the simulation are englobed in the same OpenDiHu solver, which couples the physics-specific solvers
used in both parts. At the start of the first part of the simulation, we assume that the initial displacement and velocity are
zero, whereas for the second part of the simulation, the initial conditions are given by the final state of the first part of the
simulation.

As shown in Table 2, we have experimented with multiple scenarios, for example, by varying the magnitude of the
applied external force. In addition to the scenarios presented in Table 2, we have also considered a scenario with no
prestretch. In the case of no prestretch, running the first part of the simulation is redundant, since the muscle remains
unaltered.

Results of the single muscle setup

The resulting elongation is computed by averaging over the values at the single elements of each boundary to compute
the total length of the muscle and then subtracting the initial length of the muscle. Table 2 shows the results for the first
part of the simulation. We can visualize the results in Figure 6 for the case of an external pulling force of 5 and 20 N. Note
that forces in Table 2 and in Figure 6 are total forces, which are divided by the area of the boundary surface to generate
stress (Neumann) boundary conditions.
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TABLE 2 Single-muscle scenario: different prestretch scenarios for a 15 cm X 3 cm X 3 cm muscle.

Applied force Resulting elongation
1N 0.15cm
5N 0.83 cm
10N 1.86 cm
20N 4.95cm

Note: The table shows the applied force and the resulting length difference.

displacement (cm) displacement (cm)
-8.3e-01 -0.6 -0.4 -0.2 0.0e+00 -5.0e4+00 -4 -3 -2 -1 0.0e+00

A) (B)

FIGURE 6 Single-muscle scenario: Geometry of the muscle after the prestretch simulation for an applied force of 5N (A) and 20N (B).
The reference configuration is shown in black.

The results of the contraction part of the simulation for the different prestretch scenarios from Table 2, as well as for
the no prestretch scenario, are shown in Figure 7. The initial absolute length of the muscle is different for each case, due
to the different results of the first part of the simulation.

Observations and discussion of the single-muscle setup

Because we are considering an incompressible material, the result of applying a force to generate prestretch is a longer but
thinner muscle, as observed in Figure 6. The more force we apply, the more the muscle elongates. In Figure 7, we see that
the muscle’s ability to contract depends on the initial prestretch. The muscle contracts increasingly more for prestretch
forces of 1, 5, and 10 N, but for a prestretch of 20 N, the muscle does not contract. The simulation results presented in
Figure 7 are consistent with experimental observations. The active muscle force has been reported to first increase with
stretch and then decrease, such that no measurable contraction is possible for muscles with very large prestretch [33].

7.1.3 | Two-muscle-one-tendon simulations

In this three-participant scenario, we mechanically couple two muscles and a connecting tendon as shown in Figure 8.
The figure shows the initial geometry for the simulation. In this setup, we impose an activation in muscle 1 via the source
term S(V,,), while muscle 2 is not activated and can thus only move in response to the contraction of muscle 1. Both
muscles are fixed with homogeneous Dirichlet boundary conditions at the left or the right boundary, that is, the end
that is not connected to the tendon. To couple the two muscles with the tendon, we use Dirichlet-Neumann coupling.
More specifically, we transfer stresses from muscle 1 to the tendon and displacements and velocities from the tendon to
muscle 1, whereas we transfer stresses from the tendon to muscle 2 and velocities and displacements from muscle 2 to the
tendon. The muscles’ and tendon’s meshes have been chosen to ensure matching meshes at the muscle-tendon interfaces.
Thus, we do not need sophisticated mapping methods, but we can use nearest neighbor mapping, which is the fastest
mapping method provided by preCICE.

In terms of coupling schemes, preCICE allows us to choose between a composition of bi-coupling schemes and the
multi-coupling scheme if we couple more than two participants. This means that we can either apply the same scheme,
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FIGURE 7 Single-muscle scenario: Development of the muscle contraction over time for different forces used to prestretch the muscle.
The absolute muscle length (A) and the relative muscle length in percentage of the fully relaxed muscle length of 15 cm (B) are shown.

muscle 2
muscle 1

FIGURE 8 Two-muscle-one-tendon scenario: initial setup, where muscle 1 and muscle 2 are mechanically connected by the tendon.
In muscle 1, we show the fiber mesh and mark the first sarcomeres that are electrically stimulated in the simulation in red.

for example, quasi-Newton to all coupling variables at all interfaces between all participants or define separate coupling
schemes for each interacting pair of participants. It is known that using implicit coupling is necessary to avoid numerically
induced nonphysical behavior, particularly if we send stresses from a stiff material (e.g., the tendon) to a soft material (e.g.,
muscle 2). Thus, in case of a combination of bi-coupling schemes, we select explicit coupling to couple muscle 1 to the
tendon and implicit coupling to couple the tendon to muscle 2. Using the multi-coupling scheme provided by preCICE
is equivalent to using implicit coupling both at the muscle 1—tendon interface and at the tendon—muscle 2 interface
and to handle all coupling variables in a single quasi-Newton solver. The parameters to configure implicit coupling with
preCICE, including the stopping criteria (maximal number of coupling iterations and relative/absolute tolerances) are
given in Table A4 in the Appendix of this paper.

To accelerate the implicit coupling iterations within each time step for the coupled simulation, we apply quasi-Newton
acceleration using a residual-sum preconditioner for both coupling options—the implicit part of bi-coupling and the
multi-coupling. For exact parameter choices, see Table A5 in the Appendix. For the exact definition of these parameters,
we refer to the preCICE documentation.*

“https://precice.org.
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FIGURE 9 Two-muscle-one-tendon scenario: Results for the change in length of the muscles and the tendon with respect to initial
length without prestretch. Muscle 1 contracts due to activation, which results in the elongation of muscle 2. We compare two different
coupling configurations for preCICE: a composition of bi-coupling schemes, which crashes after less than 4 ms (A), and the multi-coupling
scheme, which yields stable results (B). We also compare the contraction of the muscle within the AMI setup to that of a single muscle.

Results for the two-muscle-one-tendon setup

Figure 9 shows the change in length for both muscles throughout the first 10 ms simulated time. If a composition
of bi-coupling schemes is used, the simulation becomes unstable and crashes as shown in Figure 9A, whereas, if the
multi-coupling scheme is used, the simulation is stable as can be seen in Figure 9B. In Figure 9B, we observe how mus-
cle 1 contracts, muscle 2 elongates, and the tendon’s length remains almost constant. Figure 9C compares the contraction
of an isolated muscle to the contraction of the muscle 1 in the AMI setup. We observe that the isolated muscle contracts
more than muscle 1. Besides, the contraction starts much earlier than in muscle 1. Note that in both cases the simulation
starts from a no-prestretch state.

Observations and discussion of the two-muscle-one-tendon setup

Figure 9A shows the expected results: when muscle 1 contracts, muscle 2 elongates. That the length of the tendon
remains constant can be explained because tendon tissue is much stifter than muscles. In terms of stability of the
numerical coupling between the three participants, Figure 9A,B shows that the quasi-Newton coupling via preCICE
leads to stable results only if we choose fully implicit coupling between all participants. The multi-coupling scheme is
more stable than the composition of bi-coupling schemes, since only this option in preCICE avoids explicit coupling
completely. When we use explicit coupling, the contraction of muscle 1 is computed without considering the addi-
tional mass of the tendon and of muscle 2 that is accelerated, nor the fixed end of muscle 2. Thus, the displacements
and the velocities sent to the tendon are overestimated, which quickly leads to oscillations and finally the crash of
the simulation.

The reduced contraction of muscle 1 compared to the single muscle scenario in Figure 9C, can be explained
due to the additional mass of the tendon and the second muscle and its inertia. The activation of the muscle in
both scenarios is performed identically, but in the AMI setup the muscle is attached to a tendon and a second
muscle and the whole system is fixed with homogeneous Dirichlet boundary conditions at both ends, while the
single muscle has an open end, that is, a homogeneous Neumann boundary condition. This means that the mus-
cle activation in the two-muscle-one-tendon scenario has to overcome a much larger resistance than in the single
muscle case.

7.2 | Bayesian inference results

In this section, we validate the feasibility of the Markov Chain Monte Carlo methods presented in Section 6 for the
estimation of model parameters in a simplified Hill-type muscle model introduced in Section 5.



22033 (E; M cciungen HOMS-PONS ET AL.

7.2.1 | Description of the muscle setup

The muscle setup is a two-muscle-one-tendon system as shown in Figure 4. At time zero, the observed length of both
muscles is 15 cm and the tendon has a length of 5 cm. The tendon is assumed to be stress-free at time zero, but the muscles
are assumed to be prestretched. Note that this initial state is not an equilibrium state of the system since stresses in the
two muscles and in the stress-free tendon are not balanced. Starting at time zero first muscle 1 is activated for one second,
acting as agonist, followed by another second with no activation and a third second with activation of muscle 2, now
acting as agonist. Then the activation is stopped completely and, thus, the system approaches its steady state.

The parameters of interest for this example are the prestretches of both muscles or, equivalently, their stress-free
lengths required to reach a requested range of motion for each muscle. Hereby, the range of motion is given by the minimal
(contraction) and maximal (extension) length of each muscle, that results from the given activation of both muscles.
Therefore, the forward operator for our inversion problem is a mapping from R? to R* and we use the simplified Hill-type
muscle model presented in Section 5 to obtain the solution of the forward problem. In the investigated case, we set the
targeted maximal length of muscle 1 to 18.3 cm and its minimal length to 8.7 cm, for muscle 2, we analogously choose 21.0
and 11.5 cm. These values represent the observed data of our use case for the solution of the inverse problem. The exact
stress-free muscle lengths to generate these extensions are known for validation purposes and are 12.5 cm for muscle 1
and 14.5 cm for muscle 2.

The effective muscle masses m; and m, are set to one for simplicity. The maximum isometric force was arbitrarily
chosen in the range of experimental data as F; é"’ = 6280 N [98]. All further model parameters of the Hill-type muscle model
are chosen similar to [66, 84] and are displayed in the Appendix A.2 in Tables A6 and A7. We mention that all values of
the muscle-tendon setup are chosen in a generic way and do not represent specific muscles as we only demonstrate the
concept of the Bayesian inference models.

To calculate the estimated distribution of the stress-free length for each muscle (or equivalently their prestretch), we
use the Hamiltonian Monte Carlo method presented in Section 6. The prior information about the stress-free muscle
lengths of both muscles is a normal distribution given as N '(13.5, 6.0). For the calculation of the gradient required in
the HMC method, we use automatic differentiation. This allows for the accurate evaluation of derivatives at machine
precision and ideal asymptotic efficiency [3, 49].

For the adaptive calculation of the number of Leap-frog steps we use the NUTS presented in Section 6. With respect to
simulation runtime we set the cap of the maximum number of steps of the NUTS algorithm to 12. To reach a feasible step
size e we use the adaptive dual averaging method in a pre-run of HMC for 1000 iterations, where the maximum number of
steps of the NUTS is capped at 8 to save runtime in the pre-run, and ¢ is adapted in each iteration. We observe that in this
pre-run e converges to an order of magnitude between 0.01 and 0.02. Therefore we set ¢ = 0.02 for the final run. Addition-
ally, we add noise to the fixed step size e for each iteration of the HMC algorithm to prevent the HMC algorithm from get-
ting stuck in one fixed setting, such that e is finally uniformly distributed with e ~ 1°(0.01, 0.03). At last, we run the HMC
algorithm for 1000 iterations with a burn-in of 500 iterations. The samples generated during the burn-in phase are dropped
later for the calculation of the HMC results. As start sample for the stress-free muscle lengths we set for each muscle a
length of 14 cm. Additional parameters set for the simulations are displayed in the Appendix A.2 in Tables A8 and A9.

7.2.2 | Simulation results

The HMC results are presented by showing both all sampling values over the sampling iterations in Figure 10A,C and his-
tograms of all samples ®" for n € {500, ... ,1000} in Figure 10B,D. The histograms show relative frequencies of samples
in given intervals and, thus, an approximation of the respective posterior probability density for the stress-free muscle
lengths. We drop the first 500 samples, which stem from the burn-in phase of the algorithm. Figure 11 shows the dis-
tribution of samples in the two-dimensional space spanned by the stress-free lengths of both muscles. In Figure 12, we
compare the results for different start samples.

In Figure 13, we compare the so-called effective sample size (ESS) for different sampling strategies as a measure for
potential autocorrelations within a chain. The ESS captures how many independent samples are required to obtain the
same amount of information as generated by the MCMC algorithm [99]. The effective sample size is defined as

Nes (28)

B N
1+2Y2r
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FIGURE 10 Bayesian inversion experiments: results of the Hamiltonian Monte Carlo sampling method for the stress-free length of
muscle 1 (A,B) and muscle 2 (C,D). These results are displayed as trace plots (blue: dropped samples due to the burn-in phase, magenta: used
samples) (A,C) and histograms derived from all used samples (Data) with associated probability density functions (PDF) (B,D).

where r, is the autocorrelation in the samples with lag t and N is the length of the Markov chain. The ESS is computed for
each parameter separately and therefore we label a single chain for a single parameter of MCMC as ®; with i € {1,2}, such
that ® = [0, 0;] and O" = [@", @;’] The autocorrelation can be empirically approximated with the natural estimator of
the autocovariance function [31] given as

N-t
6w = < 3 [0 - ] [0 ], 29)
n=1
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FIGURE 12 Bayesian inversion experiments: comparison of the results from the Hamiltonian Monte Carlo sampling method for the
stress-free length (SF-length) of the muscles for different start samples with [14.0, 14.0] (red), [11.0, 11.0] (blue), [14.5,12.5] (green), leading
to three different Markov chains. The results are displayed as probability density function (left) and trace plot (right) for muscle 1 (A) and
muscle 2 (B).
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FIGURE 13 Bayesian inversion experiments: evolution of bulk effective sample size (ESS) for a run of 1000 iterations of the
Hamiltonian Monte Carlo sampling method ca. 50% (A), the nonimproved Markov Chain Monte Carlo method in the best case ca. 10% (B)
and in the worst case ca. 2% (C) of the total number of samples generated.

with the empirical expectation value

N
Lo 1 n
v = 5 200 (30)
n=0
such that the autocorrelation with lag ¢ is
Po= (31)
COVy

However, in Figure 13 we display the ‘bulk-ESS’, a specialized ESS. The bulk-ESS checks especially how good the
center of the distribution is resolved and focuses on a better resolution of point estimates, which we are interested in for
the stress-free muscle lengths. It is directly derived from the ESS (28) by using a rank normalization, further details are
described in [99]. In addition, Figure 14 shows the autocorrelation within the chains for different lags up to 100 iterations.

7.2.3 | Observations and discussion

In Figures 10A and 11, we observe that the generated samples for different true stress-free muscle lengths cluster around
amean value that depends on the true value although they have the same prior distributions as initial guess and the same
starting sample.
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FIGURE 14 Bayesian inversion experiments: autocorrelation 7, between the samples for different lags ¢ of the Markov Chain for a run
of 1000 iterations of the Hamiltonian Monte Carlo sampling method (A), nonimproved Markov Chain Monte Carlo method in the best case
(B) and in the worst case (C) for different start samples.

The distributions approximated by the histograms in Figure 10B,D take a similar shape as a Gaussian distribution and
have an expected value of 12.385 cm for muscle 1 and 14.518 cm for muscle 2 with standard deviations of 0.532 cm and
0.612 cm, respectively. Therefore the expected values resulting from the HMC algorithm are very close to the exact values
of 12.5 cm for muscle 1 and 14.5 cm for muscle 2, shown in Figure 11.

When we compare the results for the three different start samples [14.0, 14.0], [11.0, 11.0], and [14.5, 12.5] in multiple
runs, the resulting distributions, shown in Figure 12, seem to converge to the same distribution for each muscle inde-
pendent of the starting sample. To analyze the convergence more rigorously, we calculate the ‘estimated potential scale
reduction’ R [99]. R measures the similarity of different MCMC chains by the comparison of the between-sequence vari-
ance B and the within-sequence variance W for M independently sampled sequences respectively chains of length N.
Like the ESS, R is calculated separately for each single parameter. R for a single parameter is defined as

R=1/ P withvar=""Lwylp (32)
w N N
where the between-sequence variance is defined as
N + 1 - 1w
B=—— 2K — ) with g5 = =Y 0™ and fiyy = — Y AF 33
Y 1};(/4N Amn) Ay anz‘{ ; Amn M};#N (33)

with @:”k denoting sample n of parameter i in sequence k and the within-sequence variance W

M N
1 ~k \2 . ~k \2 1 nk Ak N2
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var overestimates the variance for overdispersed starting points and for finite N, whereas W underestimates the vari-
ance of @;. W and var converge to the true variance of the sequences from opposite directions, such that the estimated
potential scale reduction R approaches one. For the three different chains R is 1.00 for muscle 1 and 1.01 for muscle 2
implying convergence of the chains for each dimension separately.

Autocorrelation within a chain is another issue to address, because it increases the uncertainty of the estimation
of posterior quantities of interest. In Figure 13, we observe that for the MCMC method described in Section 6.2.1 the
effective sample size in the best case of the runs for different start samples is close to 10 % of the total number of samples
generated. Even in the worst case of these three runs, the effective sample size is just below 2 % compared to 50 % for
the HMC method from Section 6.2.2. This is a direct consequence of the autocorrelation within the chains shown in
Figure 14. The autocorrelation of the samples of the HMC method already drops under a negligible threshold at a lag of 5
samples compared to the nonimproved MCMC, whereas in the worst case the autocorrelation dropped under a negligible
threshold only after around a lag of 75 samples.

In conclusion, we have shown, that the HMC method provides good results for predicting the distribution of the
stress-free muscle length, if we know the range of motion of the muscles in a Hill-type muscle model. Additionally, we
have seen that the improved HMC method generates samples with notably less autocorrelation than the standard MCMC
method and therefore we obtain more information for the desired distribution with less samples. Finally, by comparing
different samples we could confirm convergence of the chains relative to each other by calculating the estimated potential
scale reduction. However, the estimated potential scale reduction and effective sample sizes are only initial indications
of convergence of the MCMC method itself. This is due to the fact that they especially depend on the standard deviation
of each chain but do not take into account the exact solution of the optimization problem [99].

8 | CONCLUSION AND OUTLOOK

We have presented first steps toward a comprehensive simulation, parameter inversion and optimization tool for coupled
electrophysiological muscle-tendon-muscle systems as they are for example relevant in novel AMI surgery techniques.
The AMI technique aims to improve the surgery outcome in terms of control and sensory pathways of the remaining parts
of an amputated limb by re-establishing the physiological agonist-antagonist connections between muscles via a tendon.

We are approaching our goal from two sides: On the one hand, we develop a highly detailed simulation environment
for full three-dimensional forward simulations including muscle activation via motor neurons and sensory feedback for
a single muscle and between agonist and antagonist. On the other hand, we develop a Bayesian parameter estimation
approach that delivers estimations of muscle prestretch, that is, the difference between the length of a muscle in a relaxed
position in a physiological setting, that is, fixed by tendons, and the completely relaxed muscle length when detaching
the muscle from all connections. This prestretch is known to be an important parameter to achieve an optimal range of
motion and, thus, a valuable parameter in situations such as surgeries where this prestretch is artificially reconstructed.

Ultimately, we intend to replace the simplified Hill-type muscle models currently used in our Bayesian approach as
a forward operator by more sophisticated surrogate models. Here, we envision (patient-)tailored data-based surrogates
that are generated based on our full three-dimensional muscle models including all activation and sensory feedback
components.

Currently, we simulate highly simplified muscle geometries with our full three-dimensional model presented in
Section 3.2 and do not yet include the sensory feedback. However, we have shown that our partitioned simulation
approach can yield a stable solver and delivers qualitatively plausible results for the two-muscle-on-tendon system if
numerical thresholds are chosen carefully. A cadaver study, which is currently underway, will provide us with the nec-
essary geometric parameters to generate more realistic muscle geometries. Experiments, which assess the reflex activity
in AMI patients, which are also currently underway, will help us to complete and validate the sensory feedback model.
Since sensory feedback is not only provided by muscle spindles but also other sensory organs, for example, Golgi-tendon
organs, they can be included in the model [52]. With these enhancements, we expect to be able to realistically simulate
three-dimensional deformations in more realistic muscle geometries. This will be important since changes to the geome-
try and position of the residual muscles during AMI surgery are expected to affect the contractile behavior of the muscles
as well as the sensory feedback [44], since sensory organs, in particular muscle spindles, are distributed across the muscle
and deliver location dependent feedback to the neural system [4, 86].

In order to increase the numerical efficiency of the coupled simulation, we will further optimize the quasi-Newton
coupling methods and their numerical parameter configuration alongside with extending the coupling from the current
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mechanical coupling between each muscle and the connecting tendon to the coupling between the two muscles via the
sensory feedback.

In terms of the Bayesian approach, we have shown the potential of the method with Hamiltonian Monte-Carlo sam-
pling for stochastic parameter inversion and simplified Hill-type muscle models. Ultimately, Bayesian inference will be
replaced by Bayesian optimization to find the prestretch that maximizes the range of motion instead of only identifying
the correct prestretch for a given range of motion. Bayesian inference might still be used to find the optimal parame-
ters for the sensory feedback loops. Data for this inference will become available from the clinical reflex studies that are
currently being conducted.

By including a new surrogate generated from our full muscle model we intend to improve the HMC algorithm through
more elaborate initial conditions. We envision to reach faster execution times for each forward problem computation
leading to increasing especially the capped number of Leap-frog steps in the NUTS for more accurate and informative
results due to an improvement of each single sample in HMC. The prestretch optimization should eventually also take
the sensory feedback into consideration as a second optimization criterion in addition to the range of motion of the AMI.

With respect to the AMI application, we envision to provide guidance on the optimal prestretch for different conditions
determined by, for example, residual muscle length or tissue state. Especially the revision procedures, that is, creating an
AMI after a previous conventional amputation, still pose major challenges [44]. Providing guidance to the treatment of
revision cases would make the procedure accessible to many more patients.

In conventional amputations, little attention was given to tendons even knowing that many proprioceptive sensory
organs, for example, Golgi-tendon organs, are located at the musculo-tendinous junctions [52]. The bradytrophy nature of
the tendons and the risk of infection might be one explanation [69]. Using the extended model, we can explore the poten-
tial role of Golgi-tendon organs for AMI patients. With regard to the control of myocontrol prostheses [45], predictions of
the EMG signals of the residual muscles can provide valuable insights. Also, this is only possible with a three-dimensional
muscle model [57]. The full three-dimensional muscle model can potentially also be used as an education tool for sur-
geons, orthopedic technicians or physiotherapists. Further, it can be applied to other applications, for example, to improve
the outcome of tendon transfers in hand surgery [12, 29].
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APPENDIX

In this Appendix, we present all parameters used to configure the simulation and inversion runs in Section 7. Note that
not all parameters have been introduced in this paper, but are required as input for the respective simulation and Bayesian
inversion software. We use the respective naming and notation of these tools.

A.1 Parameters for the full muscle model simulations in Section 7.1

The material parameters for the three-dimensional electrophysiological muscle and tendon model in Tables A1-A3 have
been used as input/configuration values for all simulation results presented in Section 7.1. We used OpenDiHu (commit
6ee259¢) for the muscle and tendon model. We refer to the OpenDiHu documentation® for the exact definition of the
material parameters.

TABLE Al Material parameters for muscle fibers (Equation 7).
Am Cm Oeff

500.0 cm™! 0.58 uF/cm? 3.828 mA/cm

TABLE A2 Material parameters for nonlinear tendon.
c ca ct cat ctt mu k1 k2

9.98 N/cm? 14.02 14.7 9.64 11.24 3.76 N/cm? 42.217e3 N/cm? 411.360e3 N/cm?

TABLE A3 Material parameters for Mooney-Rivlin nonlinear muscle model.
cl c2 b d

3.176e-10 N /cm? 1.813 N/cm? 1.075e-2 N/cm? 9.1733

The parameters for mechanical coupling between each of the muscles and the tendon in the two-muscle-one-tendon
scenario in Section 7.1.3 have been used for all simulations there in combination with OpenDiHu (commit 6ee259¢) and
preCICE v2.5.

A.2 Parameters for Bayesian inference for the simplified Hill-type muscle model simulations in Section 7.2
The material parameters for the simplified Hill-type muscle model in Tables A6 and A7 [66, 84] and the numerical param-
eters in Table A8 have been used as input/configuration values for all simulation results presented in Section 7.2. The
numerical parameters in Table A9 have been used for multiple runs of the nonimproved Markov Chain Monte Carlo
method described in Section 6.2.1 for a comparison to the results of the Hamiltonian Monte Carlo method presented in
Section 7.2.

TABLE A4 Two-muscle-one-tendon simulations: Numerical parameters used in the mechanical tendon-muscle coupling via preCICE.

Time-window-size Max-iterations Displacement rel-convergence Velocity rel-convergence Traction abs-convergence

0.01 25 le-3 le-2 le—1

TABLE A5 Two-muscle-one-tendon simulations: Numerical parameters of the quasi-Newton scheme accelerating implicit mechanical
coupling between the muscles and the tendon in each time step.

Preconditioner Filter type Filter limit Initial-relaxation Max-used-iterations Time-windows-reused

residual-sum QR2 le-1 0.1 40 15

Shttps://opendihu.readthedocs.io/en/latest/.
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TABLE A6 Material parameters for the passive muscle element of the simplified Hill-type muscle model.

ka €(1]W Te

3.0 0.5 0.1s
TABLE A7 Material parameters for the active muscle element of the simplified Hill-type muscle model.

14 kce kcgz e Trise Trall Gmin

0.45 0.25 0.06 1.6 200 1le—3 200.0 x 1le—3
TABLE A8 Two-muscle-one-tendon simulation: Numerical parameters for the solution of the forward problem for the Bayesian
inversion.

Simulation parameters

Tstart Tena Activation muscle 1 Activation muscle 2 ODE-solver Stepsize-controller

0.0 6.0 0.0-1.0 2.0-3.0 Tsit5 PIDController(rtol= 1e — 5, atol= 1e — 5)

TABLE A9 Two-muscle-one-tendon simulation: Numerical parameters for the simulation of the nonimproved Markov Chain Monte
Carlo method.

MCMC method parameters

g forj € {1,2,3,4} v; fori € {1,2} Total iterations Burn-in iterations
N'(0.0,1.0) N'(0.0,0.1) 1000 500

Start sample 1 (cm) Start sample 2 (cm) Start sample 3 (cm) Start sample 4 (cm)

[15.5,15.5] [13.95,13.95] [12.4,12.4] [10.85,10.85]



	Coupled simulations and parameter inversion for neural system and electrophysiological muscle models 
	1 INTRODUCTION
	1.1 Goals and challenges
	1.2 Contributions, limitations, and paper structure

	2 MUSCLE PHYSIOLOGY AND CLINICAL PROCEDURES
	2.1 Basic anatomy and physiology of the neuromuscular system
	2.2 Clinical procedures and requirements

	3 THE ELECTROPHYSIOLOGICAL MUSCLE MODEL
	3.1 State-of-the-art in neuromuscular system modeling and simulation
	3.2 An agonist-antagonist two-muscle-one-tendon model
	3.2.1 Subcellular model
	3.2.2 Action potential propagation model
	3.2.3 Motor neuron pool model
	3.2.4 Sensory organ model


	4 IMPLEMENTATION OF THE MULTI-X FORWARD MODEL
	4.1 Implementation of the electrophysiological muscle model in OpenDiHu
	4.2 Coupling with preCICE
	4.2.1 Mechanical coupling
	4.2.2 Neural coupling


	5 A SIMPLIFIED FORWARD PROBLEM FOR INVERSION
	5.1 A Hill-type two-muscle-one-tendon model
	5.1.1 Active force [[math]] generated by the contractile element
	5.1.2 Passive force [[math]]
	5.1.3 Passive tendon force [[math]]

	5.2 Incorporating prestretch as optimisation parameter
	5.3 Example

	6 BAYESIAN INFERENCE
	6.1 The inverse problem
	6.2 Bayesian inference as a statistical inversion approach
	6.2.1 The Markov Chain Monte Carlo method
	6.2.2 The Hamiltonian Monte Carlo method


	7 NUMERICAL RESULTS
	7.1 Coupled simulation of the forward model
	7.1.1 General setup and parameters
	7.1.2 Single muscle simulation
	Results of the single muscle setup

	Observations and discussion of the single-muscle setup

	7.1.3 Two-muscle-one-tendon simulations

	Results for the two-muscle-one-tendon setup
	Observations and discussion of the two-muscle-one-tendon setup
	7.2 Bayesian inference results
	7.2.1 Description of the muscle setup
	7.2.2 Simulation results
	7.2.3 Observations and discussion

	8 CONCLUSION AND OUTLOOK
	ACKNOWLEDGEMENTS
	DATA AVAILABILITY STATEMENT

	ORCID
	REFERENCES
	A.1 Parameters for the full muscle model simulations in Section 7.1
	A.2 Parameters for Bayesian inference for the simplified Hill-type muscle model simulations in Section 7.2

