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Abstract: Restoring natural movement and sensation
after limb loss remains a central challenge in modern
prosthetics. Beyond orthopedic changes, amputation dis-
rupts the natural interaction between opposing muscles,
which normally supports movement and propriocep-
tive feedback. The agonist-antagonist myoneural inter-
face (AMI) surgically restores this coupling by connecting
opposing muscles. However, the antagonist prestretch,
which influences the resulting range of motion (ROM),
is currently selected heuristically because clinical data is
scarce and high-fidelity simulations are computationally
expensive. This study presents an initial interdisciplinary
approach toward addressing this gap. We first gener-
ate data using multiscale muscle-tendon simulations,
then apply Bayesian Optimization (BO) to identify in-
formative sampling points for estimating the optimal

prestretch. A near-optimal prestretch is found within a
few forward evaluations, revealing an interior maximum
beyond which further prestretch reduces ROM. Finally,
Bayesian Data Augmentation (DA) infers the underly-
ing data distributions, aiming toward patient-specific,
uncertainty-aware predictions of ROM. In essence, our
study serves as a computational framework demonstrat-
ing a route toward overcoming the data sparsity and
hardware limitations that currently obstruct individual-
ized AMI planning.

Keywords: Muscle prestretch optimization, agonist-
antagonist myoneural interface (AMI), Bayesian Opti-
mization (BO), Bayesian Data Augmentation (DA)
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Figure 1 – Methodological workflow. A single forward model maps a prestretch force F and a set of physiological
parameters λ to one range of motion (ROM) value. Bayesian Optimization (BO) holds the physiological
parameters fixed at one representative set λ′, repeatedly proposes a next force Fn+1, receives the simulated
ROM(Fn+1;λ′), and on termination returns the best evaluated force F∗. Data Augmentation (DA) evaluates
the prescribed sweep configurations {(Fi ,λi )}N

i=1 and fits a mixed-effects model to the returned ROM values,
yielding the conditional distribution p(ROM | F,λ). Combining both BO and DA gives the estimated ROM
variability at the selected prestretch, ˜︁p(ROM | F∗,λ).

1 Introduction

1.1 Agonist-Antagonist Myoneural Interface
for limb amputation

Limb amputation is a common procedure, with approx-
imately 60000 performed annually in Germany [10]. Pa-
tients are left with limited control over a prosthesis, one
reason being loss of proprioception, the sense of limb
position and force, which depends on sensory organs
within the muscles and their tendons.

Voluntary movement depends on the coordinated ac-
tion of muscle pairs. Since muscles can only contract
by pulling their attachment points together, these pairs,
known as agonist and antagonist muscles, act in op-
posite directions and are subject to regulation by both
mechanical and neural feedback mechanisms [10]. The
brain initiates the movement command, which is then
transmitted to muscle tissue via central nervous sys-
tem (CNS). Specialized sensory organs, including mus-
cle spindles and Golgi tendon organs, are responsible
for monitoring movement and provide CNS with infor-
mation about the resulting position and force, allowing
it to adjust accordingly [10].

In standard limb amputation, surgery disrupts the
natural interactions of agonist-antagonist muscles and
leaves transected nerves without end organs. This re-
duces proprioceptive feedback and thus prosthetic con-
trol. In several cases, this can lead to phantom pain [7,
10].

The agonist-antagonist myoneural interface (AMI),
developed at MIT, addresses these issues by surgically
reconstructing the muscle pair via tendon coupling [5].

The advantage of this is that muscle-tendon informa-
tion is transmitted to the CNS by neural feedback as
well as to the external prosthesis by artificial sensing.
Consequently, it also provides a closed-loop feedback
from the prosthesis into the CNS. In summary, AMI
enhances proprioception and prosthesis control based
on neuronal excitation [7, 21]. The first AMI amputa-
tion in a human patient was performed in July 2016 [7].
Clinical studies have demonstrated that AMI enhances
movement precision, increases the movement range
and reduces pain symptoms [22]. Moreover, imaging
has confirmed increased fascicle strains [22], supporting
improved muscle interaction [7]. However, limitations
remain, including atypical sensations resulting from the
unnatural force application, which causes the patient to
feel the activation and dynamics of both muscles simul-
taneously [7].

As demonstrated in preclinical experiments using mu-
rine and caprine animal models, the AMI agonist mus-
cle produces contractions that are correlated with mo-
tor nerve activation. This provides afferent neural feed-
back that increases with antagonist muscle stretch [7].
The critical surgery parameter of the antagonist muscle
stretch describes the magnitude to which the remain-
ing muscles are prestretched when connected. This
parameter directly influences force production, range
of motion (ROM), and sensory information [10]. No
established procedure exists for selecting this patient-
dependent variable, which therefore requires optimiza-
tion. The aim of this paper is to find the optimal pre-
stretch computationally to maximize the resulting ROM.

Neuromuscular models range from reduced single-
fiber electrophysiology [4, 9] to coupled multiscale frame-
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works that integrate mechanics and electrophysiology
across spatial scales [10, 15, 18]. A promising approach
is provided by three-dimensional continuum-mechanical
muscle models, which are able to represent physiologi-
cal behavior, from mechanics to electrophysiology. In
this context, OpenDiHu [15] provides a framework for
parameterized multiscale modeling that enables a con-
sistent and flexible representation of coupled neuromus-
cular processes.

This work builds on a forward model of the OpenDiHu
framework [10] to optimize surgical prestretch selection
in AMI. Since a single forward evaluation is compu-
tationally expensive, exhaustive exploration of the pre-
stretch range is impractical. Bayesian Optimization (BO)
is therefore used to identify the prestretch that maxi-
mizes ROM from a small number of evaluations. Since
clinical data are scarce and physiological properties dif-
fer between individuals, Data Augmentation (DA) within
a mixed-effects model is used to obtain ROM distribu-
tions rather than single-point predictions.

1.2 Motivation of Methods

In order to optimize the ROM in AMI simulations, de-
tailed biophysical models that account for three-dimen-
sional muscle, tendon and neuronal dynamics are re-
quired. The existing high-fidelity OpenDiHu model of
Homs-Pons et al. [10] is accurate but computationally
expensive. Consequently, it is impractical for iterative
processes such as naive parameter optimization. There-
fore, the process of surgical planning and configuration
of AMI remains suboptimal, primarily due to two key
factors. First, because of the sparsity of data from simu-
lations and real-world measurements and second, the
computational costs resulting from the complexity of
modeling.

1.3 Structure

The methodological workflow (Figure 1) consists of three
components. The process commences with the For-
ward Model, which simulates the mechanical response
of the muscle–tendon system under prestretch. The full
agonist-tendon-antagonist configuration is reduced to a
single muscle cuboid model - simplifying the geometry
and coarsening the spatial discretization, while retain-
ing the essential electromechanical coupling between
activation, fiber stretch, and deformation (Figure A1).
This ensures that a sufficiently large set of parameter
configurations can be simulated and provides the ROM
as the parameter of interest as output.

Based on forward-model evaluations, BO constructs a
probabilistic surrogate of ROM. Concentrating on sim-

ulations in regions where improvements are likely, the
optimizer identifies prestretch configurations that are
likely to yield maximal ROM while maintaining a mini-
mal number of forward simulations.

Finally, the DA model fits a mixed-effects model to a
separate parameter sweep of the same forward model,
accounting for physiological variability between indi-
viduals and thereby enabling the generation of parame-
ter distributions rather than single-point estimates. It
extends the optimization results from the idealized for-
ward model to the population level and enables clini-
cally meaningful variability analyses.

1.4 Outline of the paper

The structure of the paper is designed to guide the reader
from the biophysical foundations of the AMI modeling
approach to the interpretation of its computational re-
sults. Since the study relies exclusively on simulated
data and operates with a reduced model formulation,
it is essential to clarify how each methodological step
contributes to the overall reasoning and where its inter-
pretational boundaries lie.

Section 2 establishes the modeling assumptions that
shape subsequent results. It describes mechanical and
electrophysiological simplifications that influence the
behavior of the simulated system. Therefore, it defines
the scope within which ROM predictions should be un-
derstood. Section 3 builds on these modeling founda-
tions. It explains how information from the forward
simulation is transformed into an exploratory strategy
for identifying optimal prestretch values. This step is
subject to its own methodological constraints, as the
surrogate model reflects not only the ROM response but
also the uncertainties introduced by model reduction
and limited sampling. Section 4 extends the analysis by
embedding the simulation outputs in a statistical frame-
work that represents physiological variability. Since no
clinical data are used, the study is not intended for clini-
cal decision-making. Therefore, an explicit mechanism
is required to distinguish between model-based vari-
ability and inter-individual differences that would occur
in practice. Section 5 integrates all components - for-
ward simulation, BO, and DA - into a joint modeling
procedure allowing for a coherent interpretation of the
model’s behavior. Section 6 provides a thorough exami-
nation of the implications and limitations that emerge
from this workflow. We identify which conclusions are
supported by the modeling chain and which remain
unresolved in the absence of experimental validation.
Finally, Section 7 summarizes the methodological con-
tributions and outlines potential future research linking
computational results to eventual clinical evaluation.
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2 Forward Model

The simulations in this work are based on the AMI simu-
lation in the OpenDiHu framework [15]. The canonical
AMI configuration in OpenDiHu, which we refer to as
the AMI simulation, consists of a left muscle, a tendon,
and a right muscle, which are coupled bidirectionally
in the simulations via preCICE [2], a coupling library
for multiscale simulations. Homs-Pons et al. [10] for-
mulate the AMI simulation as a multi-X hierarchical
muscle model. The left muscle simulates electrophysiol-
ogy through a 1D fiber simulation driven by a 0D neural
simulation, with the underlying mathematical model
described in CellML. Here, 0D refers to the absence of a
spatial representation, where the neural dynamics are
modeled as time-dependent ordinary differential equa-
tions at a single spatial location, rather than being re-
solved along a spatial domain. The resulting neural ex-
citation is then used to drive the 1D propagation of the
action potential along the muscle fibers. The left muscle
additionally includes 3D mechanics, whereas the ten-
don and right muscle are modeled purely mechanically.

Although the original configuration provides physi-
ologically accurate electromechanical behavior across
the entire agonist-tendon-antagonist chain, the fine spa-
tial resolution required for high-fidelity fiber propaga-
tion leads to runtimes that prohibit rapid parameter
exploration. Therefore, we reduce the complexity of
the model while preserving the electromechanical struc-
ture.

The reduction of the AMI configuration proceeds in
two steps. First, the geometry is simplified from the
full agonist-tendon-antagonist AMI structure to a single
muscle with a tendon, referred to as the cuboid model.
In the reduced setting considered here, the right muscle
is omitted. In the full AMI configuration, its primary
role is to provide the opposing mechanical action to the
left muscle, while its independent electrophysiological
activation is not considered. We therefore restrict the
reduced model to the electromechanical behavior of
the left muscle. Tendon deformation is assumed to be
negligible compared with muscle deformation. This
assumption is supported by the full AMI simulations,
in which the tendon displacement remained below the
reported numerical resolution (up to two decimal places
0.00 cm). Consequently, the effective axial deformation
is dominated by the left muscle. All electromechanical
couplings, material models, and solver configurations
are retained in the simplified model geometry, thereby
reducing coupling overhead.

In the second step, both the 3D mechanical discretiza-
tion and the embedded 1D fiber architecture are coars-
ened to reduce computational cost. The original con-

figuration utilizes a 3D mesh of 8×8×20 linear hexahe-
dral elements containing an embedded 6×6 fiber grid,
with each fiber discretized by 60 points. In the reduced
model, the 3D mesh is down-sampled to 4×4×10 linear
elements, resulting in a correspondingly reduced 3×3
fiber grid and 30 points per fiber. This yields approxi-
mately 75% fewer fibers and about 50% in the number
of discretization points per fiber (see Table 1).

Table 1 – Mesh analysis: Computational cost for cuboid
model at different spatial resolutions.

Discretization Fibers Elements Points per fiber

8×8 (reference) 64 8×8×20 (lin.) 60
4×4 (reduced) 16 4×4×10 (lin.) 30

Simulations consist of a passive prestretch phase fol-
lowed by electrically driven contraction. The inferior
surface of the cuboid is fixed in the axial direction z,
while a traction force of magnitude Fprestretch is applied
to the superior surface. Lateral boundaries are con-
strained to a minimal extent to prevent rigid body mo-
tion while permitting transverse deformation. Following
the passive loading phase, activation is induced through
predefined motor neuron firing sequences, which gen-
erate spatially distributed action potentials and subse-
quent active tension via the Hodgkin-Huxley-Razumova
(HHR) electromechanical coupling [4, 9, 17].

The principal output metric is the ROM, defined as
the axial excursion of the cuboid muscle during contrac-
tion. The muscle length Lt at time step t is computed
from the superior surface position zsup(t) and inferior
surface positions zinf(t ) over the time interval t ∈ [0,T )
as follows:

Lt = zsup(t )− zinf(t ),

The initial muscle length before prestretch is denoted by
L0, while L f denotes the muscle length after the passive
prestretch phase. The ROM is obtained as

ROM = max
t∈[0,T ]

Lt − min
t∈[0,T ]

Lt ,

providing a scalar measure of the axial excursion in-
duced by contraction for a given prestretch magnitude
Fprestretch and subsequent muscle shortening. This real
scalar metric serves as the objective function in the op-
timization studies which will be described in Section 3.

The reduced mesh resolution has been shown to de-
crease runtime by 91.62%, from 88.06 min to 7.24 min.
Therefore, the single-muscle cuboid model with reduced
spatial resolution functions as a complexity-reduced
model that retains similar accuracy in ROM values and
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is thereby used for further algorithmic implementations
in Section 3 and 4.

The range of admissible prestretch values is guided by
in vivo measurements of passive muscle–tendon elonga-
tion in humans. Hoang et al. [8] report that the medial
gastrocnemius muscle-tendon unit can be elongated
by approximately 6.7 cm above its original length of
42.3 cm. This corresponds to a maximal muscle-tendon-
unit strain of about 16% under passive stretching. To
establish an exploratory upper bound for our parametric
studies, we target an elongation of approximately 20%
(i.e., stretching a 35 cm muscle by 7 cm), acknowledging
that this may exceed typical physiological conditions.
However, it provides a conservative margin for inves-
tigating the full range of length-dependent contractile
behavior.

Given the nonlinear passive mechanics of the Mooney-
Rivlin material model, with which the material deforma-
tion of the cuboid model in OpenDiHu of Maier et al.
[15] is simulated, the relationship between applied trac-
tion Fprestretch and resulting elongation in the z-direction
z̄sup is material-dependent and cannot be described a
priori. We therefore employ a force-controlled param-
eterization. The actual elongation, ∆L, achieved for a
given force Fprestretch is measured a posteriori from the
converged quasi-static equilibrium via

∆L = z̄sup − z̄inf −L0.

3 Bayesian Optimization
We consider the general optimization problem

x∗ = argmax
x∈X

f (x), (1)

where x ∈ X ⊂ R is a candidate prestretch force, X

denotes the admissible search space, x∗ is the optimal
prestretch to be identified and f is a black-box objec-
tive function. BO is well-suited to such problems where
each evaluation of the objective f is costly, derivatives
∇x f are unavailable and f is nonconvex or multimodal.
BO can locate the solution x∗ with relatively few ob-
jective function evaluations by exploiting all previously
observed data to select informative new query points.

To this end, BO maintains a probabilistic surrogate
model of f . Concretely, it assigns a prior over admissible
objective functions and updates this prior using Bayes’
rule after each observation. At iteration n, a candidate
point xn ∈X is selected by maximizing an acquisition
function

a( · ;Dn) : X →R,

which scores the utility of evaluating f at xn given the
observations Dn accumulated so far. The function form
itself is fixed; only the underlying Gaussian Process (GP)
surrogate changes as new data are incorporated. This
choice balances exploration, which is equivalent to sam-
pling where posterior uncertainty is large, and exploita-
tion, equivalent to sampling where the predicted value
is high. For a high-level overview of the resulting BO
framework, we refer to Algorithm 1 [19].

Algorithm 1 Bayesian Optimization

1: Input: initial data D0, acquisition a( · ;Dn), budget
N

2: for n = 1,2, . . . , N do
3: xn+1 ← argmaxx∈X a(x; Dn)
4: yn+1 ← f (xn+1)
5: Dn+1 ←Dn ∪ {(xn+1, yn+1)}
6: update surrogate with Dn+1

7: end for

In the context of AMI, clinical data are sparse and each
forward evaluation is expensive, so a finely resolved ex-
haustive sweep of the prestretch axis is costly. Therefore,
we optimize the forward model from Section 2 using BO
to identify the prestretch force Fprestretch that maximizes
the ROM:

argmax
Fprestretch∈X

ROM(Fprestretch). (2)

In the following, we describe the surrogate model and
acquisition function used in our implementation.

Surrogate Model. We place a GP [25] on f ,

f ∼GP
(︁
m(x), k(x, x̃)

)︁
, (3)

with mean m and covariance kernel k : X ×X → R,
where x̃ ∈ X denotes a second arbitrary input point.
Given data Dn = {(xi , yi )}n

i=1 with noisy observations
yi = f (xi )+ εi , εi ∼ N (0,σ2), the GP posterior at x is
Gaussian with meanµn(x) and standard deviationσn(x):

Kn = [︁
k(xi , x j )

]︁n
i , j=1, kn(x) = (︁

k(x1, x), . . . ,k(xn , x)
)︁⊤,

µn(x) = m(x)+kn(x)⊤
(︁
Kn +σ2I

)︁−1(y−m),

σ2
n(x) = k(x, x)−kn(x)⊤

(︁
Kn +σ2I

)︁−1kn(x),

where y = (y1, . . . , yn)⊤ and m = (m(x1), . . . ,m(xn))⊤.

Acquisition Function. We use the Upper Confidence
Bound (UCB) acquisition [20]:

αUCB(x;Dn) =µn(x)+
√︂
βσn(x),
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where µn and σn come from the GP posterior. The pa-
rameterβ> 0 controls the trade-off between exploration
and exploitation: a larger β encourages sampling where
uncertainty is high, whereas smaller β favors high pre-
dicted values.

We implemented BO in BoTorch [1] using a GP surro-
gate model and UCB acquisition function with β= 0.1.
The initial dataset D0 contains one evaluation at a uni-
formly sampled prestretch force. Since each BO iter-
ation adds one evaluation, n iterations correspond to
n+1 forward-model evaluations in total. We terminated
optimization using an exponential moving average stop-
ping criterion with window size 2.

A limitation of BO in this setting is that its uncer-
tainty quantification is tied to the surrogate model and
sparse forward evaluations, rather than to physiologi-
cal or patient-level variability. For sparse data regimes,
which are precisely the setting in AMI simulations, this
becomes an important methodological gap. This mo-
tivates the subsequent DA step, which provides a dis-
tributional model of ROM variability across prestretch
values.

4 Data Augmentation

The limited availability of medical datasets for AMI pro-
cesses [21], combined with high inter-subject variabil-
ity due to anatomical and physiological differences, re-
quires generalizable patient-specific models to obtain
patient-individual optimal ROM. We address this issue
by using Bayesian DA. The concept of augmented data
is closely connected to that of latent variables, as it in-
troduces variables Yaug into the posterior distribution
p(θ|Y ) [23]. As used here, it conceptually differs from
common machine-learning approaches, which typically
extend observed data through transformations. Here it
introduces statistically principled latent structures that
directly reflect the underlying problem [23].

Given the observed data Y ∈Rd , the method facilitates
efficient sampling from the posterior

p(θ | Y ) ∝ p(Y | θ) p(θ), (4)

where p(Y | θ) denotes the likelihood with respect to
a reference measure µ on (Rd ,B(Rd )) and p(θ) is the
prior density onΘ⊂Rk [23].

Augmented data Yaug is connected to the observed
data Y via a many-to-one mapping M : Yaug −→ Y and
must satisfy ∫︂

M (Yaug)=Y

p(Yaug|θ)µ(dYaug) = p(Y |θ),

to ensure the augmented data does not distort the orig-
inal model p(Y |θ) when combining the augmented data
points mapped to a given observed data point by M [23].

In order to apply data augmentation to a given prob-
lem two design choices have to be made. First, one
needs to define a parametrized model which maps co-
variates to observations. Second, one must choose an
optimization strategy for the model parameters based
on sampling augmented data Yaug. We decided to use a
mixed-effects model, which introduces a distributional
perspective on the response. It quantifies uncertainty in
both fixed effects (population-level trends) and random
effects (subject-level variability). This model represents
an appropriate initial approach, given the sparsity of
the data and the clear distinction between controlled
experimental parameters, such as muscle length, and
physiologically varying quantities, such as muscle den-
sity, which can fluctuate over time within a given patient.
The mixed-effects model is a combination of terms lin-
ear in the fixed and random effects together with a sta-
tistical error term. It takes the form

yi = Xiβ+Ziξ+Zi bi +ei , (5)

where yi ∈ Rni×1 is the observed response for all ob-
servations i = 1, . . . ,m, which is composed of the co-
variates Xi ∈ Rni×p and Zi ∈ Rni×q with β ∈ Rp×1 and
ξ ∈Rq×1 as the fixed effects and bi ∈Rq×1 as the random
effect. The random effect bi and the error term ei are
drawn from the normal distributions bi ∼Nq (0,T ) with

T being the covariance and ei ∼ N (0,τ2Ini
) with τ ∈R,

where bi ⊥ ei holds. For simplicity, ni ≡ n for all i will be
assumed. The parameters of interest are θ = (β,ξ,τ2,T )
which will be optimized.

Data augmentation treats the random effect as miss-
ing data introducing the working parameter ω := (γ,Υ)
where γ ∈ Rq×1 and Υ ∈ Rq×q . The augmented data is
collectively denoted as

Yaug = {(yi , Xi , Zi ,di :=Υ−1bi +γ), i = 1, . . . ,m}.

This form of Yaug is meaningful as it will later allow for
an efficient and suitable optimization of the model’s
parameters: In our framework, the data augmentation
of the mixed-effect model is conducted as proposed in
the two-step approach from Van Dyk and Meng [23],
which combines the Expectation Maximization (EM) al-
gorithm and the linear regression model in combination
with the normal-inverse Wishart distribution [6].

In the first step of the two-step sampling scheme, the
random-effect coefficients bi are drawn from a normal
distribution. The second step combines the observed
data, the augmented data from the previous iteration,
and the sampled bi : the variance of the error term, τ2, is
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sampled first on this basis, after which the fixed-effects
coefficient β, an auxiliary parameter and the working
parameter Υ, are sampled jointly. A second auxiliary
parameter is subsequently sampled, followed by the
second working parameter γ, yielding the updated aug-
mented data. The remaining mixed-effects parameters,
ξ and T , are then updated on this basis. A detailed de-
scription of this procedure is provided in Appendix A.1.

This framework efficiently samples complex posteri-
ors through improved Markov chain Monte Carlo (MCMC)
mixing, addressing data sparsity while providing de-
tailed distributions of patient-specific attributes related
to ROM. Based on this framework, we define both fixed
and random effects, enabling the estimation of phys-
iological variability and uncertainty. The fixed effects
comprise three parameters. First, the prestretch force
describes the externally applied prestretch (Fprestretch)
and serves as the primary parameter of interest for op-
timization, being systematically varied throughout the
simulation protocol. Second, the geometric extent of
the muscle (L0) is held constant within each simulation
batch but may vary across individuals. Third, a constant
term equal to 1 is incorporated to introduce an intercept
into the mixed-effects model. Effectively this allows the
model to represent an affine linear mapping rather than
a purely linear and thus making it more general. The
random effects are chosen to represent physiological
heterogeneity at both the muscle-unit and cellular lev-
els. The surface area-to-volume ratio (Am) captures vari-
ability in muscle fiber geometry and membrane surface
density, both of which influence electrophysiological
properties. Similarly, muscle density (ρ) reflects variabil-
ity in tissue composition and depends on the hydration
state of the muscle.

As this study serves as a proof of concept, random ef-
fects are assumed to follow a normal distribution within
the specified ranges. For real-world applications, clin-
ically informed prior distributions should be incorpo-
rated instead, alongside a problem-specific choice of
interaction and higher-order terms.

5 Results

5.1 Data Creation

The data used throughout Sections 2–4 have been gen-
erated from the reduced cuboid muscle formulation
introduced in Section 2. All simulations employ the
single-muscle cuboid model with reduced spatial fiber
resolution, which enables a substantial reduction in run-
time while preserving the electromechanical structure
of the original AMI simulation. A single forward run re-
quires approximately seven to eight minutes, allowing

the evaluation of sufficiently many prestretch configu-
rations for Bayesian Optimization in Section 3 as well
as a parameter sweep used for the mixed-effects model.
Corrupted forward runs exhibiting nonphysical ROM
values were excluded.

The simulation for BO assumes an initial muscle length
of L0 = 34.97cm and an aspect ratio of the muscle of 9.04
as fixed effects, chosen as representative values from
within the parameter ranges of the complete parameter
sweep (Table A1).

The complete synthetic dataset incorporates all uncor-
rupted combinations of the parameter sweep summa-
rized in Table A1, resulting in 3764 forward simulations.
These serve as the basis for the posterior sampling in the
Data Augmentation framework using a mixed-effects
model.

In the mixed-effects model, each physiological param-
eter is defined together with its assumed distributional
properties (see Section 4 for parameter explanation).
The random effects describe physiologically meaning-
ful heterogeneity at the muscle-fiber and cellular level,
while fixed effects represent population-level mechani-
cal response. All parameter ranges were revised for inter-
nal consistency between geometry, material properties,
and electrophysiological characteristics. At least one
effect included in the linear model must enter quadrati-
cally in order to represent an extremum, thereby mak-
ing the optimization problem well-posed. A given effect
can be incorporated quadratically by including it twice:
once in its linear form and once in its squared form.
Based on simulation data and expert consultation, the
prestretch force was modeled quadratically, together
with the cross terms of aspect ratio with prestretch force
and with prestretch force squared, respectively.

5.2 Results of Each Methodological
Component

Overall interpretation. Across all components of our
pipeline, we observe that reduced model complexity, in
combination with distributional reasoning, allows us to
efficiently explore the AMI prestretch setting. The reduc-
tion of the forward model maintains physical meaning-
fulness while significantly lowering computational cost,
enabling effective parameter studies even under sparse
data availability. The Bayesian Optimization run con-
centrates its evaluations near an interior local maximum
of the surrogate, while the mixed-effects model provides
interpretable uncertainty quantification and allows pre-
dictions that account for patient-specific variability. The
integration of these components results in a cohesive
chain that encompasses electromechanical modeling,
surrogate-based optimization, and population-level gen-
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eralization.

Forward Model. The reduced 4×4 cuboid discretiza-
tion preserves the prestretch-induced deformation ob-
served with the 8×8 reference discretization, while sub-
stantially reducing computational cost (cf. Table 2). For
both discretizations, the muscle length increases from
L0 = 34.97 cm to L f = 41.96 cm under a prestretch force
of 31 N, corresponding to an elongation of∆L = 6.99 cm.
Without prestretch, both discretizations remain at their
initial length, yielding ∆L = 0 cm. Thus, for the tested
prestretch conditions, the coarser spatial discretization
reproduces the same axial prestretch deformation as
the reference discretization and the model complexity
reduction preserves the physical interpretability of AMI
simulations while enabling extensive parameter explo-
ration.

Fprestretch L0 L f ∆L runtime

discretization (N) (cm) (cm) (cm) (s)

4×4 (reduced) 0 34.97 34.97 0.00 434.61
4×4 (reduced) 31 34.97 41.96 6.99 454.17
8×8 (reference) 0 34.97 34.97 0.00 5283.52
8×8 (reference) 31 34.97 41.96 6.99 5319.26

Table 2 – Comparison for reduced and full reference
cuboid discretizations of the passive prestretch
response and the cost of one forward run. L0 is
the axial muscle length before any prestretch
is applied, L f the axial length reached at the
end of the passive prestretch phase, and ∆L =
L f −L0 the resulting elongation, as defined in
Section 2. Runtime is the wall-clock time of
one complete forward run.

Bayesian Optimization. The Bayesian Optimization
step is driven directly by forward-model evaluations of
ROM. By using the cuboid model within the OpenDiHu
framework, the same optimization workflow can be in-
tegrated with other neuromuscular simulation setups,
requiring minimal modification.

The reported Bayesian Optimization run comprised
one initial evaluation followed by 13 BO iterations, re-
sulting in 14 forward-model evaluations. The largest
observed ROM was obtained at a prestretch force of
Fprestretch = 45.67N, first sampled at the 12th forward-
model evaluation.

Unlike a naive uniform grid search on the search space
X , BO allocates evaluations non-uniformly by select-
ing each new prestretch force based on the current GP
surrogate. For reference, a uniform endpoint-inclusive
grid with 14 evaluations over X = [0,70] N would have a

fixed spacing of

70 N

14−1
= 5.38 N.

In contrast, the final three BO evaluations were per-
formed at 45.67, 46.40, and 46.39 N. All three evalu-
ation points lie within [45.67,46.40]N, an interval of
width 0.73N. Since a uniform grid applies the same
spacing throughout X , achieving a comparable reso-
lution would require a substantially larger set of uni-
formly distributed prestretch values and, consequently
more forward-model evaluations. Specifically, taking
∆F = 0.73N as the maximum grid spacing, an endpoint-
inclusive uniform grid over X would contain 97 pre-
stretch values and hence require 97 forward-model eval-
uations.

At each iteration, the next prestretch force is chosen by
maximizing the UCB acquisition function over X . With
β = 0.1, the uncertainty term is weighted less strongly
than the predicted ROM, so the acquisition function
primarily favors exploitation while retaining some ex-
ploration. The stages shown in Figure 2 illustrate how
the GP surrogate and the selected evaluation points
evolve as forward-model results are incorporated. Fol-
lowing each update, the GP surrogate provides a pos-
terior mean prediction of the ROM and an associated
posterior standard deviation throughout X , including
at prestretch forces not yet evaluated by the forward
model. Figure 2A shows the broad posterior uncertainty
after the initial evaluation, while Figure 2B shows the
increasing concentration of evaluations in regions fa-
vored by the acquisition function after seven completed
evaluations of the forward model.

The final surrogate (Figure 2C) indicates that ROM
increases with prestretch up to approximately 45 N, rep-
resenting a local maximum found by BO. The observed
monotonic trend up to this value is broadly consistent
with the clinical finding that antagonist stretch enhances
proprioceptive feedback and movement range [7, 22].

Beyond this value, the predicted ROM decreases de-
spite further increases in prestretch, indicating that larger
prestretch does not necessarily lead to larger ROM.

Data Augmentation. Forward-simulation outputs
act as model inputs, linking physical simulation and
statistical inference.

The model then predicts ROM distributions for three
different sample sizes which are shown in Figure 3. The
resulting distributions reflect the quadratic dependence
of ROM on prestretch force, which has been explicitly
incorporated in the mixed-effects model. It exhibits a
maximum around 45 N across all sample sizes. For a
given prestretch, the ROM distribution originates from
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Figure 2 – Bayesian Optimization (BO) surrogate predictions of range of motion (ROM) at the initial (A), intermediate (B)
and final (C) surrogate stages of the reported run. The index i printed in each panel is the number of completed
forward-model evaluations the surrogate was fitted to; it counts the initialization, so i = 1 in (A), and it is
not the BO iteration index. Panel (C) shows the last surrogate that was fitted, at i = 13; the 14th and final
forward-model evaluation was selected from it and is therefore not among the crosses shown. The solid line
and shaded band denote the posterior mean and approximate 95% posterior interval, respectively. Crosses
mark completed forward-model evaluations. In (A) and (B) the orange dashed line marks the next prestretch
selected by the acquisition function; in (C) the black dashed line marks the best evaluated prestretch.
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Figure 3 – All panels show the range of motion (ROM) distributions produced by Data Augmentation (DA) integrated over
random variables. Subfigures (A), (B) and (C) show model predictions for training with 100, 500 and the full
dataset, i.e., 3764 samples, respectively.
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the integration over the random variables. The spread
of the ROM distribution overlaps across all prestretch
values and sample sizes. While the distribution charac-
teristics are similar across all prestretch values for 100
samples (Figure 3A), the ROM distributions vary across
prestretch values for the full dataset (Figure 3C). Com-
paring the distributions for 100 and 500 samples, the
500 sample distribution shows lower peaks and longer
tails, reflecting more outliers but a lack of sufficient data
to mitigate their negative impact (Figure 3A-B). For the
full dataset, the effect of outliers diminishes: the distri-
butions show a heavy centered bulk with thin tails.

5.3 Optimized Prestretch under ROM
Variability

BO identifies the best evaluated prestretch force from
a limited number of forward-model evaluations. Data
augmentation can extend this result by providing the
corresponding ROM distributions for the evaluated pre-
stretch forces across multiple physiological settings.

Figure 4 combines the results of both approaches. The
BO evaluations broadly follow the trend of the DA pre-
dictions, and both approaches indicate a maximum at
a similar prestretch force. The DA results therefore add
distributional information to the BO result, allowing the
selected prestretch force to be interpreted in light of the
predicted ROM variability.

Nevertheless, it is evident that the DA model includes
only terms of the prestretch force up to quadratic order
effectively restricting the possible form of predictions.

The reasoning for this is provided in Section 5.1. This
model choice reduces the complexity at the cost of the
model’s versatility. This hard restriction of the slope of
ROM medians worsens the capability to model all BO
predictions accurately. Nevertheless, the agreement in
the location of the maximum supports the consistency
of the two results.

6 Discussion

6.1 Limitations

The results of this study should be interpreted in light
of several methodological constraints. First, all analy-
ses rely exclusively on simulated data from a reduced
single-muscle cuboid model rather than the full agonist-
antagonist AMI configuration. While the reduction pre-
serves the essential electromechanical coupling, it does
not capture the full bidirectional interaction between ag-
onist and antagonist in the full AMI configuration. The
forward model also does not represent sensory path-
ways or proprioceptive feedback. Second, the absence
of in vivo calibration and clinical measurements means
that the quantitative outputs cannot be directly trans-
ferred to patient care. Third, the mixed-effects model
relies on a quadratic approximation of the prestretch-
ROM relationship, which limits its flexibility. Finally, the
reported BO result is based on one run for a fixed phys-
iological configuration λ′ and a fixed UCB exploration
weight β= 0.1. With 14 forward-model evaluations, the
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Figure 4 – The figure combines the point results from Bayesian Optimization (BO) and distributional results from Data
Augmentation (DA). The grey dashed line marks the best evaluated prestretch found by BO. The blue distri-
butions show the corresponding range of motion (ROM) distributions produced by DA integrated over the
random variables.
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run identifies the best evaluated prestretch within the
investigated range but cannot guarantee that this value
is the global optimum of the underlying objective.

6.2 Outlook

Future research should include an empirical evaluation
of the full AMI configuration, which is expected to be
more computationally demanding. We did not mea-
sure the runtime of the full AMI configuration. How-
ever, for context, Maier and Schulte [14] report that sim-
ulating 1 s with a high-resolution OpenDiHu muscle–
tendon simulation required a runtime of approximately
7 h20 min using 172 processes on four compute nodes
of the Hawk supercomputer at HLRS Stuttgart. Although
these results are not directly comparable to the present
model, they illustrate the computational demands of
high-resolution OpenDiHu simulations. The computa-
tional demands also motivate a systematic investigation
of further electrophysiological model reduction. Poten-
tial approaches include removing selected ordinary dif-
ferential equation components or simplifying action-
potential propagation, although their computational
benefits and ability to preserve the relevant neuromus-
cular dynamics would need to be evaluated.

Furthermore, future work could examine adaptive
control of the exploration–exploitation balance within
each BO run. Our reported BO run used a fixed UCB
parameter, β= 0.1, to control the balance between ex-
ploration and exploitation. A fixed coefficient may cause
the search to concentrate prematurely around the cur-
rent estimated best prestretch or, if chosen too large,
to allocate too many evaluations to uncertain but less
promising regions. Wang et al. [24] propose an alter-
native estimation-based acquisition strategy and show
that, at each iteration, it selects the same point as GP–
UCB with a posterior-dependent exploration weight,
thereby automatically and adaptively balancing explo-
ration and exploitation. For prestretch selection, such
an approach could reduce sensitivity to a manually cho-
sen value of β and allow the limited evaluation budget
to shift between examining uncertain force ranges and
refining promising regions as information accumulates.

Beyond an individual BO run, information could also
be reused across different physiological configurations
in patient-specific settings. In the present implemen-
tation, the GP models ROM as a function of prestretch
force for one fixed physiological configurationλ′. Opti-
mizing the prestretch for another configuration would
therefore require a separate BO run with new forward-
model evaluations. Contextual BO could instead model
f (F,λ) jointly over prestretch force F and the physio-
logical parametersλ, allowing evaluations from related

configurations to inform the search for a new configu-
ration [11]. This could reduce the number of additional
forward-model evaluations required for a new physio-
logical configuration.

Finally, assessing the transferability of the results to
patient-specific surgical planning requires in vivo cali-
bration and clinical validation using measurements of
the applied prestretch and resulting ROM. The availabil-
ity of such data remains limited because AMI is still a
relatively uncommon surgical procedure. Carty et al. [3]
reported recently that about 50 lower extremity AMI pro-
cedures have been performed in 41 patients. Therefore,
initial patient-specific applications would likely need to
combine sparse clinical measurements with simulation
data and physiologically informed prior distributions.

7 Conclusion
This work presents a three-stage computational frame-
work for investigating the AMI under varying prestretch
configurations. First, a reduced forward model enables
efficient simulation of the muscle-tendon system across
a physiologically plausible prestretch range. Second,
BO identifies a local optimal prestretch using only few
forward evaluations, showing that optimal ROM is not
achieved by the strongest possible prestretch and there-
fore reveals a non-linear relationship between prestretch
and ROM. Third, a mixed-effects data augmentation
framework provides patient-conditioned ROM distri-
butions that account for inter-individual physiological
variability. Collectively, these components address the
key challenges of data sparsity and computational cost
in AMI simulation, serving as a proof of concept for fu-
ture work toward clinically informed and individualized
prestretch selection.

Code Availability: The source code and simulation
scripts used to produce the results presented in this
paper are openly available at https://github.com/A
G1-NUIW-Kolleg/Toward-Individualized-Surgi
cal-Parameter-Selection.git.
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A Appendix

A.1 Two step optimization of the mixed-effects model in Bayesian Data Augmentation

This appendix details the two steps applied in the Data Augmentation section in order to efficiently sample suitable
parameters for the mixed effect model. It follows the method introduced by Van Dyk and Meng [23].

Step 1: The random effects coefficients bi are drawn independently for i = 1, . . . ,m from a normal distribution

bi ∼N (b̂i (θ),Varbi
)

where the mean b̂i (θ) describes the random effect in the observed data, the variance Varbi
includes contributions

from random noise and the covariance of random effects. Mean and variance are scaled by observed and aug-
mented data, respectively.

Step 2: Given the output from Step 1, the parameters θ̃ = (β, ξ̃,τ2, T̃ ) and the working parameter ω for the
augmented data are sampled [23]:

[τ2](t+1) ∼
Y ⊤ (︂

In − X̃ (X̃ ⊤X̃ )−1X̃ ⊤)︂
Y

χ2
n−p−q−v(Υ)

,

where X̃ combines the augmented and observed data (see (7)) and In is the unit matrix. Intuitively, τ2 is the
updated random error-term, which is the part of the observed labels that is orthogonal to the hyperplane spanned
by observed and augmented data. The χ2 acts as a normalization factor with respect to the degrees of freedom.

Both the fixed effects coefficients β and ξ̃ as well as the augmented data parameterΥ are drawn from a normal
distribution via

⎛⎜⎝ β(t+1)

ξ̃

vec(Υ)

⎞⎟⎠∼N
(︂
(X̃ ⊤X̃ )−1X̃ ⊤Y , [τ2](t+1)(X̃ ⊤X̃ )−1

)︂
. (6)

This normal distribution builds upon the linear regression model of augmented and observed data X̃ and Y .
Furthermore, the covariance of the distribution is additionally scaled by the random error term sampled before.

The second augmented data parameter γ is generated from a normal distribution centered around µγ =
∑︁m

i=1
bi
m

γ∼N

(︃
µγ,

1

m
T̃

)︃
,

where the covariance is the multidimensional generalization of the χ2 method, thus introducing regularization for
γ

T̃ −1 ∼ Wishartm−q−1[(
m∑︂

i=1
(bi −µγ)(bi −µγ)⊤)−1].

Finally, we update the augmented data and the quantities X̃ , ξ(t+1),T (t+1)

X̃ =

⎛⎜⎝ X1 Z1 Z̃1

(︁
d1(b1)

)︁
...

...
...

Xm Zm Z̃m

(︁
dm(bm)

)︁
⎞⎟⎠ , (7)

ξ(t+1) = ξ̃+Υγ, (8)

T (t+1) =ΥT̃Υ⊤, (9)

where Z̃ is the augmented version of Z . It depends on the combined augmentation parameter di :=Υ−1bi +γ and
is defined as

Z̃ (di ) = (Zi 1d⊤
i , . . . , Zi q d⊤

i )ni×q2 .
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Altogether, this gives an updated version of the augmented data Yaug = {(yi , Xi , Zi ,di :=Υ−1bi +γ), i = 1, . . . ,m} as
well as auxiliary variables which will then be used in the next iteration. The algorithm iterates until convergence or
the occurrence of a stopping criterion.

A.2 Forward-model discretization and parameter-sweep configuration

Figure A1 – Discretization of the reduced cuboid muscle model used in the forward simulations. The three-dimensional
mesh represents the mechanical muscle domain, while embedded one-dimensional fibers inside the muscle
encode the electrophysiological activation structure. The colors represent the stretch factor of the fiber tissue
from the resting position.

Parameter Physical Meaning Range N Values
F Prestretch traction force 0–45 N 16 0, 3, 6, 9, 12, 15, 18, 21, 24, 27, 30,

33, 36, 39, 42, 45
V Muscle volume [16] 421.6–738.0 cm3 5 421.6, 455.9, 573.5, 691.2, 738.0
AR = b/a Aspect ratio [16]

(length / cross-section)
6.8800–10.1000 4 6.8800, 7.9533, 9.0267, 10.1000

a Cross-section side length 3.47–4.75 cm —
b Muscle length 27.1–42.2 cm —
Am Membrane surface-to-volume

ratio [13, 18]
450–550 cm−1 3 450, 500, 550

ρ Tissue density [12] 10.493–10.616 4 10.493, 10.534, 10.575, 10.616
×10−4 kg/cm3

Simulated physical duration per sample: 200 ms
Total combinations (4×5×16×3×4): 3,840 simulations

Table A1 – Parameter sweep configuration for synthetic training data generation. Muscle dimensions are derived from
volume V and aspect ratio AR = b/a: cross-section side length a = (V /AR)1/3 and muscle length b = AR · a
(cuboid geometry [a, a,b]). Target force F is defined at a reference surface area and scaled to the actual
geometry surface area for application.
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