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Abstract

Quantifying myocardial stiffness (MS) over the full cardiac cycle offers a direct window into tissue
structure and mechanics, yet translating time-resolved shear wave elastography (SWE) into intrinsic
material properties remains a complex inverse problem. While SWE provides detailed stiffness quan-
tification, these measurements combine passive structural properties with active contractility under
subject-specific loading conditions. In this work, we present a computational framework to decom-
pose these contributions using a closed-loop reduced-order electromechanical model. We formulate the
personalization process as a sequential inverse problem: first, a passive hyperelastic baseline is identi-
fied from the late-diastolic window; second, active contractile parameters are estimated by fitting the
full-cycle waveform using a regularized covariance matrix adaptation evolution strategy (CMA-ES).
We validated this framework on a cohort of healthy pediatric volunteers (n=20). The personalized
models reproduced subject-specific stiffness trajectories with high fidelity (median cross-correlation
0.997, nRMSE 1.02). Uncertainty analysis confirmed the practical identifiability of the active param-
eters, with stable convergence across random initializations. This study establishes a computationally
efficient, robust pipeline for converting non-invasive SWE assessments into interpretable mechanical
signatures, paving the way for physics-informed phenotyping in clinical cohorts.

Keywords: Cardiac mechanics, reduced-order electromechanics (0D), ultrafast ultrasound imaging,
myocardial stiffness, patient-specific modeling, Bayesian calibration.

1 Introduction

Characterizing the time-resolved mechanical state
of the myocardium is essential for understanding
cardiac function (Sermesant et al. 2011; Muslov
et al. 2023). Unlike global pump metrics (e.g.,
ejection fraction or pressure-volume loops), which
reflect the combined effect of tissue mechanics and
loading, myocardial stiffness (MS) directly quanti-
fies the intrinsic tissue’s resistance to deformation

and thus provides a mechanistically grounded
descriptor of ventricular function.

The myocardium is a composite material with
non-linear passive hyperelastic behavior and a
time-varying active contractile response (Sagawa
et al. 1977; Villalobos Lizardi et al. 2022). As a
result, in vivo stiffness reflects both intrinsic con-
stitutive properties and contractility, making it
difficult to disentangle passive remodeling from
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active tone. Decoupling these active and pas-
sive states remains a central challenge in cardiac
biomechanics (Villalobos Lizardi et al. 2022; Ville-
main et al. 2019, 2020; Pernot et al. 2011).

Recent advances in ultrafast ultrasound imag-
ing (UUI) have enabled the measurement of
shear wave elastography (SWE) at high frame
rates (> 10 000 fps), allowing for the capture of
transient shear wave propagation throughout the
full cardiac cycle (Villalobos Lizardi et al. 2022;
Cikes et al. 2014; Villemain et al. 2020; Caenen
et al. 2024). In theory, these shear wave veloc-
ity variations through the cardiac cycle provide
a direct signature of the changing mechanical
state of the tissue (Caenen et al. 2024). However,
translating non-invasive SWE measurements into
interpretable material parameters poses a com-
plex inverse problem. The stiffness measured by
SWE is a combination of the passive extracel-
lular matrix properties, the instantaneous den-
sity of attached actin-myosin cross-bridges, and
the active contractility induced by molecular and
structural changes in systole (Guccione et al.
1993). Consequently, raw SWE data alone cannot
uniquely distinguish between passive remodeling
and alterations in active contractility (Pernot
et al. 2011).

In this work, we formulate the mapping from
full-cardiac SWE stiffness assessments to subject-
specific mechanical parameters as a regularized
inverse problem solved with a computation-
ally efficient reduced-order (0D) electromechanical
model (EM) to simulate the global dynamics of
the myocardium. While 3D finite element models
offer high spatial resolution, their computational
cost prohibits the iterative solving required for
robust uncertainty quantification and parame-
ter identification in clinical cohorts. Conversely,
0D formulations preserve the essential thermo-
dynamical consistency and physiological coupling
between circulation and myocardial mechanics
while remaining computationally efficient (Caruel
et al. 2013; Bestel et al. 2001; Chapelle et al. 2012).

Building on our previous framework (Ferrario
et al. 2025), we propose a sequential calibration
pipeline that decomposes the total MS into its
active and passive components (see Fig. 1). To
mitigate parameter identifiability issues inherent
in cardiac modeling (Villaverde et al. 2019), we

cast personalization as a multi-stage inverse prob-

lem and extend the methodology in three key
directions.

First, we isolate the passive properties by
identifying a late-diastolic baseline using a
hyperelastic-derived stretch shape function. This
explicitly constrains the passive stiffness param-
eter, preventing baseline stiffness or diastolic
stiffening from being absorbed into the active
parameters (Pernot et al. 2011).

Second, we formulate the subsequent active
personalization as a Bayesian maximum a pos-
teriori (MAP) problem optimized with CMA-
ES (Hansen 2007, 2023). Regularization is
enforced through a population-based log-Gaussian
prior, which stabilizes poorly informed directions
while preserving inter-subject variability (Chabin-
iok et al. 2016; Molléro et al. 2018).

Third, within this probabilistic framework, we
explicitly estimate the active stiffness scale k0 in
addition to activation and relaxation rates (kATP,
kSR) by fitting the residual active target over the
full cardiac cycle.

The framework is validated on a cohort of
healthy pediatric volunteers (n = 20), demon-
strating feasibility, optimization stability and
practical identifiability through uncertainty anal-
ysis across multiple random initializations.

2 Materials and Methods

This section describes the pipeline used to quan-
tify MS and personalize the model. We first outline
the SWE acquisition protocol and the clinical
cohort. Then, we present the 0D-EM formula-
tion and the myocardial tissue model. Finally, we
detail the calibration linking model parameters to
subject-specific clinical measurements.

2.1 Shear Wave Elastography

Acquisition

SWE is an ultrafast ultrasound imaging (UUI)
technique that tracks the propagation of transient
shear waves (SWs) in the myocardium to esti-
mate stiffness. UUI captures short-lived mechan-
ical events that are not accessible with conven-
tional echocardiography (Villemain et al. 2019;
Pernot et al. 2011).
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Fig. 1: Graphical overview of the calibration workflow. Cycle-resolved SWE stiffness (20 ECG-gated
phases) is aligned with the last simulated cycle of the 0D-EM model on a normalised phase axis. Passive
stiffness is identified in late diastole and subtracted to define the active target; active parameters are
estimated with CMA-ES. Total stiffness is reconstructed as the sum of passive and active components.

Cardiac SWE can be performed either by
externally generating SWs using acoustic radia-
tion force (ARF) or by exploiting spontaneous
waves triggered by physiological transients, such
as valve closure. Since our dataset was acquired
with an ARF-based protocol, we briefly sum-
marise that approach and refer Villemain et al.
(2020, 2019); Malik et al. (2024); Venet et al.
(2025) for broader methodological comparisons.

In this study, acquisitions were performed on
a Verasonics Vantage system (Verasonic Inc.,

Kirkland, WA, USA) with a phased-array probe
(6S-D, General Electric®). A focused ARF push
(4 MHz, 300 µs, f-number 1) was applied to the
antero-septal basal segment of the interventric-
ular septum in a parasternal long-axis view. In
response to that transient mechanical excitation, a
SW was generated in the low–kHz-frequency range
and propagated in the myocardium at velocities
from 1 to 10 m/s, depending upon the intrinsic
tissue stiffness. Tissue velocity maps were com-
puted offline for each frame by using in-phase
quadrature frame to frame cross-correlation, as

illustrated in Fig. 2. Myocardial wall motion was
removed by subtraction of the average wall motion
during the acquisition, bringing to light tissue
motion induced solely by the shear wave. SW
velocity was computed at the depth of the mid-
wall myocardium using spatiotemporal data from
wave propagation. Finally the shear modulus µ
(i.e. stiffness) was derived using the equation:

µ ≈ ρ c2s,

where c is the shear wave velocity and ρ is the
volume mass of the tissue (ρ ≈ 1000 kgm−3). For
each subject, measurements were collected at 20
ECG phases uniformly sampling the normalised
R-R interval. Additional acquisition details are
reported in Villemain et al. (2019, 2020), Malik
et al. (2024) and Venet et al. (2025).

2.2 Dataset

The study population is derived from a prospec-
tive cohort of children and adolescents (<
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Fig. 2: SWE acquisition pipeline. The process
includes (i) acoustic radiation force excitation, (ii)
ultrafast plane-wave tracking, and (iii) myocardial
shear wave (SW) velocity tracking.

18 years) enrolled at The Hospital for Sick Chil-

dren (Toronto, Canada) between January 2021
and December 2022. To validate the proposed
inverse modeling framework, this work focuses
on the healthy volunteer (HV) subset (n = 20).
Included HVs had no history of cardiac dis-
ease and exhibited normal findings on standard
transthoracic echocardiography.

Clinical variables

Standard demographics and anthropometrics,
including age, sex, body mass index (BMI),
and body surface area (BSA), were obtained for
each subject (Table 2). Standard transthoracic
echocardiography provided the geometric and vol-
umetric indices required for the modelling work-
flow, specifically interventricular septal thickness
at end-diastole (IVSd) and left-ventricular end-
diastolic and end-systolic volumes (LVEDV and
LVESV). These measurements were used to ini-
tialise the subject-specific geometry and to anchor
model volumes during personalisation.

Derivation of target stiffness assessments

Each participant underwent a single imaging ses-
sion at rest, recording 10 cardiac cycles. These
multiple acquisitions were combined to gener-
ate one representative stiffness curve per subject.
Since computational model outputs are generated
in continuous physical time, they are subsequently
mapped to this discrete phase grid for calibration

(see Sec. 2.5.1). The resulting stiffness assessments
(Fig. 3) illustrate the physiological inter-subject
variability in diastolic baseline and systolic excur-
sion, serving as the primary target data for model
personalisation.
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Fig. 3: Cycle-resolved myocardial stiffness vari-
ations of the cohort (n = 20). Thin gray lines
represent individual subject acquisitions obtained
over 20 ECG-gated phases, while the thick blue
curve depicts the group average.

2.3 0D Model Formulation

We use a 0D-EM that captures global biventric-
ular dynamics at a fraction of the cost of fully
three-dimensional simulations (Caruel et al. 2013).

The model couples (i) a closed-loop lumped
parameter circulation and (ii) a spherical biven-
tricular mechanics model driven by an EM activa-
tion law (Fig. 4). The resulting system of ordinary
differential equations (ODEs) is solved numeri-
cally; each simulation is run for seven cardiac
cycles to reach a periodic hemodynamic regime,
and only the final cycle is analysed.

Closed-loop lumped parameter circulation

The vascular system is represented using the
electro-hydraulic analogy, a widely adopted
approach in cardiovascular modeling, in which
resistances (R) account for viscous losses and
compliances (C) represent elastic storage (West-
erhof et al. 2009; Liu et al. 2024). Systemic
and pulmonary arteries are modeled with three-
element Windkessel (RCR) compartments, while
venous return is represented with two-element
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Fig. 4: Coupling between the biventricular
mechanics and the closed-loop circulation model.

(RC ) compartments, yielding a closed-loop config-
uration (Westerhof et al. 2009; Stergiopulos et al.
1992). This module provides the loading pressures
acting on each ventricle: Pat(t), Par(t), and Pve(t)
and the corresponding flows, thereby accounting
for preload and afterload effects. Full governing
equations and parameter definitions are provided
in Appendix A (Section A.5).

Biventricular mechanics under spherical

reduction

Ventricular mechanics follow the BCS formula-
tion (Bestel et al. 2001) in its energy-consistent
extension (Chapelle et al. 2012), reduced to a 0D
spherical setting as in Caruel et al. (2013).

Each ventricle is idealized as a thick-walled
sphere (reference cavity radius R0, wall thick-
ness d0), whose deformation is described by a
single radial displacement y(t). The resulting kine-
matics define the cavity volume V (t) and the
stretch measure λ(t) used throughout the model.
A full derivation of the spherical kinematics and
governing relations is provided in Appendix A,
Section A.2.

This reduced description preserves incompress-
ibility and yields physiologically interpretable
global outputs, including ventricular pressure P (t)
and cavity volume V (t), which are used down-
stream for phase mapping and calibration.

2.3.1 Electromechanical activation

In the EM module, electrical activation drives
calcium-dependent cross-bridge kinetics and gen-
erates an active stress state τc(t) and an associated
active stiffness state kc(t). In the reduced moment
formulation, kc and τc correspond to the first
moments of the attached cross-bridge distribution
and evolve according to coupled ODEs together
with the contractile strain ec (Appendix A,
Sections A.3 and A.4).

Activation timing is prescribed by the depo-
larized fraction fdepo(t) ∈ [0, 1]. We define the
attachment and detachment rate contributions as

u+(t) = kATP fdepo(t),

u−(t) = kSR
(

1− fdepo(t)
)

,
(1)

and the resulting active control signal

u(t) = u+(t)− w(t)u−(t),

where u(t) governs cross-bridge activation. kATP

and kSR set activation and relaxation kinetics,
while w(t) ∈ (0, 1] accounts for load-dependent
relaxation. The temporal evolution u(t) and its
relationship to the generated active stress τc(t) is
illustrated in Figure 5 (Marchesseau et al. 2013).
In the personalisation pipeline, active behaviour is
controlled by the kinetic rates kATP and kSR and
by an amplitude parameter k0 introduced in the
active constitutive law (Eq. 29).

0.00 0.20 0.40 0.60 0.80 1.00
Time [s]

3

0

3

c(t
)[

M
Pa

]

Td Td+APD Tr

kSR

kATP

u(
t)

Fig. 5: Active stress τc(t) (pink) and control
signal u(t) (blue) over a cardiac cycle. The high-
lighted interval marks active generation from
depolarisation onset (Td) through APD to the end
of relaxation (Tr).
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2.4 Myocardial Stiffness Model

At the tissue level, myocardium is represented
by a Hill-Maxwell rheological assembly (Fig. 6)
comprising two parallel branches: an active con-
tractile branch driven by cross-bridge kinetics, and
a passive-viscous matrix branch accounting for
hyperelasticity and dissipation. Under the spher-
ical reduction, the resulting wall stress Σsph is
given by the sum of the two branch contributions
(Appendix A, Sec. A.3).

We model the measured MS as the superpo-
sition of a passive contribution derived from the
incremental response of the hyperelastic matrix
under the stretch λ(t) and an active contribution,
governed by the cross-bridge state variables:

kmodel(t) = kpass(t) + kact(t). (2)

The passive term provides the non-zero baseline
observed in diastole, while the active term cap-
tures the systolic rise and subsequent relaxation.
This decomposition enables sequential calibration,
described in Section 2.5.

𝜇
ࢋࢃࢉ࢑ݑ

௩ܹ

߬௖

Σ௦௣ℎ
Fig. 6: Hill-Maxwell rheological representation
adopted for the myocardial tissue. The model con-
sists of two parallel branches: a passive branch
(bottom) representing the hyperelastic matrix
potential (We) and viscosity (Wv), and an active
branch (top) describing cross-bridge contractility
(u, kc, τc) and damping (µ). Σsph represents the
total resulting wall stress.

2.4.1 Passive hyperelastic baseline

The passive branch represents the nonlinear,
nearly incompressible response of the myocardial
matrix, whose strain-stiffening is associated with
collagen recruitment and titin elongation.

We describe this behaviour within an isotropic
incompressible hyperelastic framework, where the
passive stress derives from a strain-energy density
(SED) function W written in terms of the invari-
ants of the right Cauchy-Green tensor C = FTF,
with F the deformation gradient (Holzapfel and
Ogden 2009). We use the Mooney-Rivlin SED:

W (I1, I2) = C1 (I1 − 3) + C2 (I2 − 3), (3)

where I1 = tr(C) and I2 = 1
2

[

(trC)2 − tr(C2)
]

,
and C1, C2 are material constants (units of stress).
Incompressibility is enforced by a Lagrange mul-
tiplier p, yielding the standard stress forms

S = −pC−1 + 2
∂W

∂C
,

σ =
2

J
F

∂W

∂C
FT − p I,

J = detF.

To improve identifiability from the limited dias-
tolic portion of the elastography data, we reduce
the parameter space by imposing C1 = C2.

Spherical incompressible kinematics and

volume-to-stretch mapping

To embed the hyperelastic law into the reduced
0D ventricle, we adopt a classical spherical ideali-
sation with spatially uniform deformation (Caruel
et al. 2013). In principal directions, we assume
equibiaxial stretch, i.e. identical stretch in the two
tangential directions, and incompressibility:

λθ = λϕ = λ, λr = λ−2, (4)

It follows that F = diag(λ, λ, λ−2) and C =
diag(λ2, λ2, λ−4), such that the invariants become:

I1 = 2λ2 + λ−4, I2 = 2λ−2 + λ4. (5)

The left ventricle (LV) is characterized by a single
cavity radius r(t), where V (t) = 4

3
πr(t)3. Con-

sequently, the tangential stretch scales with the
cubic root of the volume (r(t) ∝ V (t)1/3). Using
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the LV volume V (t) predicted by the 0D model,
we define the effective stretch trajectory:

λ(t) = λpre

(

V (t)

Vref

)1/3

, (6)

where λpre > 1 denotes a physiological pre-stretch
and Vref is the reference volume.

In Eq. (6), the volume-to-stretch mapping
requires a reference volume Vref that anchors the
kinematics. In the reduced biomechanical frame-
work of Chapelle and Le Gall (2023), Vref is asso-
ciated with the passive zero-pressure equilibrium,
considered to be the configuration of minimum
passive potential energy. Because this state is not
directly observable in vivo, it is typically inferred
indirectly, for instance through an EDPVR-based
normalization.

Here we adopt an operational reference tied to
the ECG-gated SWE sampling. Let xmin denote
the phase sample at which kSWE(x) is minimal on
the 20-point SWE grid, and let t(x) be the time-
phase mapping of the last simulated cycle (defined
in Section 2.5.1). We set

Vref := Vmodel

(

t(xmin)
)

.

This anchors the kinematic mapping to a repro-
ducible low-tension phase supported by the data,
enforces λ

(

t(xmin)
)

= λpre, and provides a physi-
ologically meaningful normalization while remain-
ing consistent with the spherical idealisation.

Incremental shear modulus, passive shape

function, and calibration form

Since SWE probes a shear-like incremental
response, we characterize the passive contribution
through the incremental shear modulus µθϕ in the
tangential plane (θ, ϕ) associated with the spher-
ical stretch state (details in Appendix A). For a
Mooney-Rivlin material under principal stretches,

µθϕ(λ) = 2
(

C1 λ
2 + C2 λ

−2
)

, (7)

which recovers the small-strain limit µ0 =
µθϕ(1) = 2(C1 + C2). To reduce parameter inde-
terminacy, we apply the constraint C1 = C2 and
introduce a single stiffness scale c := µ0 (units of
stress). This implies C1 = C2 = c/4, simplifying
the modulus to:

µθϕ(λ) = c ϕ(λ),

ϕ(λ) =
λ2 + λ−2

2
, with ϕ(1) = 1.

(8)

Physically, the term λ2 reflects the increase in tan-
gential tension with stretch, while λ−2 captures
the transverse compression induced by incom-
pressibility in the spherical shell. Finally, the
passive contribution to the measured stiffness is
modeled as an affine function of this shape factor:

kpass(t) = c ϕ
(

λ(t)
)

+ b, (9)

where c > 0 sets the small-strain passive stiffness
scale and b is an optional offset accounting for
residual baseline mismatch.

2.4.2 Active stiffness contribution

Active behaviour is parameterised by three quan-
tities: the stiffness amplitude k0 [kPa], the cross-
bridge attachment rate kATP [s−1], and the
detachment rate kSR [s−1]. These parameters gov-
ern the dynamics of the cross-bridge moment
states (ec, kc, τc) via the activation rates in Eq. (1).
Within this reduced moment-closure formulation,
sarcomere-scale cross-bridge kinetics are upscaled
into a macroscopic active stress τc(t) and an
associated active stiffness kc(t). The full ODE sys-
tem coupling ec, kc, τc is reported in Appendix A
Sec. A.4. In practice, the model active stiffness
contribution is defined as

kact(t) ≡ kc(t). (10)

2.5 Parameter Calibration

Figure 1 summarises the sequential calibration
workflow: (i) phase mapping of SWE and model
outputs onto a common normalised axis, (ii) late-
diastolic identification of the passive component,
and (iii) CMA-ES estimation of active parameters
followed by reconstruction of total stiffness.

Clinical SWE provides one stiffness curve per
subject sampled at 20 ECG-gated phases {xi}

20
i=1

over one R–R interval. The 0D model is inte-
grated in physical time; its last simulated cycle is
mapped to the same normalised phase axis and
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compared to SWE on the 20-point grid. Work-
ing on the phase axis, total stiffness follows the
active–passive decomposition (Eq. (2)),

kmodel(x) = kact(x;θ) + kpass(x; c, b), (11)

with θ = (k0, kATP, kSR) and kpass(x; c, b) =
c ϕ

(

λ(x)
)

+ b. Calibration is sequential: we first
identify (c, b) on late diastole, then identify θ from
the residual active target.

2.5.1 Phase normalisation and

sampling

Clinical SWE is provided at 20 ECG-gated frames
si = 1, . . . , 20. We represent these samples on a
normalised phase axis x ∈ [0, 1) via

xi =
si − 1

20
, i = 1, . . . , 20,

and denote the corresponding measurements by
kSWE(xi). To compare the model against data, the
0D system is simulated to a periodic steady state
(typically seven cycles). The final cycle t ∈ [t0, t0+
T ] is extracted and mapped to phase by:

t(x) = t0 + xT, x ∈ [0, 1). (12)

Any model output q(t) is then defined in phase
form as q(x) := q(t(x)). Note that the domain
is half-open to enforce periodicity without dupli-
cating the endpoint. The phase-mapped model
stiffness kmodel(x) is interpolated at the clini-
cal sampling points {xi}, ensuring a one-to-one
comparison between kmodel(xi) and kSWE(xi). We
define the minimum-stiffness SWE index, along
with its associated phase and time, as:

imin = arg min
i∈{1,...,20}

kSWE(xi),

xmin = ximin
∈ [0, 1),

tmin = t(xmin) = t0 + xminT.

(13)

Finally, end-diastole is defined as the last ECG-
gated sample on this grid:

iED = 20, xED = x20 =
19

20
.

2.5.2 Passive parameter identification

Passive parameters are identified on a late-
diastolic window Wdia where active tone is
assumed negligible. On the 20-point phase grid,
Wdia is defined as the consecutive set of SWE
samples from the minimum-stiffness index imin to
end-diastole iED:

Wdia = {imin, imin + 1, . . . , iED}.

Stretch is computed from the simulated LV vol-
ume trace using the spherical mapping in Eq. (6).
We anchor the kinematics at the minimum-
stiffness phase by defining the operational ref-
erence volume as: Vref := Vmodel(xmin). This
enforces λ(xmin) = λpre by construction (see also
Section 2.4.1). The passive prediction at the SWE
samples is given by kpass(xi; c, b) = c ϕ

(

λ(xi)
)

+

b. We estimate the passive parameters (ĉ, b̂) via
weighted least squares:

(ĉ, b̂) = argmin
c≥0, b≥0

∑

i∈Wdia

wi

(

kSWE(xi)− c ϕ
(

λ(xi)
)

− b
)2

.

(14)

with weights wi chosen to increase toward xED,
to anchor the fit at end-diastole. In the primary
pipeline, we set b = 0 to reduce parameter cou-
pling; the offset b is free only if a persistent
baseline mismatch remains after phase mapping.

Finally, subtracting the fitted passive compo-
nent yields the active target samples used for
active calibration:

kact,target(xi) = kSWE(xi)− kpass(xi; ĉ, b̂),

i ∈ {1, . . . , 20}.
(15)

2.5.3 Active parameter identification

with CMA-ES

Active parameters θ = (k0, kATP, kSR) are esti-
mated by minimizing the MAP cost function:

θ̂ = argmin
θ∈Θ

Jdata(θ) + λprior Jprior(θ), (16)

where λprior ≥ 0 weights the regularization against
data fidelity. The search space Θ is constrained by
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Table 1: Active parameter search space.

Parameter Bounds Unit

Stiffness scale (k0) [10, 100] kPa

ATP rate (kATP) [2.0, 30.0] s−1

Return rate (kSR) [2.0, 30.0] s−1

physiologically plausible bounds (Table 1), derived
from literature (Banus et al. 2021; Marchesseau
et al. 2013) to prevent non-physical solutions.

The data term Jdata measures the discrep-
ancy between the simulated active contribution
and the active target. To incorporate population-
level knowledge into the individual personalization
process, the regularization term Jprior uses a
log-Gaussian prior:

Jprior(θ) =
1
2

(

log θ − µ
)⊤

Σ−1
(

log θ − µ
)

, (17)

where µ ∈ R
3 and Σ ∈ R

3×3 are the cohort mean
and covariance matrix of log θ, respectively.

The covariance Σ quantifies expected inter-
subject variability of the active parameters:
smaller variances enforce tighter regularization
toward the cohort average, whereas larger vari-
ances allow broader subject-specific deviations.
These statistics are estimated once at the cohort
level and then kept fixed during subject person-
alization. Thus, the prior promotes physiological
consistency at the population level, while the
MAP optimization (Eq. (16)) remains patient-
specific by balancing the prior against the individ-
ual data misfit Jdata.

Optimization is performed using the CMA-
ES algorithm (Hansen 2007, 2023) with a pop-
ulation size of λCMA = 16 and a maximum
of 30 iterations. To ensure robustness against
stochastic initialization, we performed 10 indepen-
dent runs, allowing for up to 3 internal random
restarts if stagnation is detected (stagnation limit:
8 generations). The entire calibration procedure
takes approximately 15 minutes per subject (wall-
clock time on a standard multi-core workstation),
exploring a total computational budget of ∼4,800
model evaluations.

Objective function

The data term Jdata is a composite misfit
combining amplitude error, shape agreement,
and peak timing. It compares the simulated

active contribution {kact(xi;θ)} against the target
{kact,target(xi)}:

Jdata(θ) = wnMAE nMAE
(

kact, ktarget
)

+ wρ

(

1− ρ(kact, ktarget)
)

+ wpeak ∆x2peak.

(18)

Here, ρ is the Pearson correlation coefficient and
∆xpeak is the phase difference between peak loca-
tions. The term nMAE denotes the mean absolute
error normalized by the interquartile range of
the target signal (see Appendix B). The weights
were empirically tuned to balance amplitude and
phase accuracy and are fixed across all subjects as
wMAE = 1.2, wρ = 0.1, and wpeak = 0.8.

Reconstruction

The final reconstructed stiffness on the phase axis
is obtained by summing the calibrated compo-
nents,

kmodel(x) = kpass(x; ĉ, b̂) + kact(x; θ̂), (19)

which can be mapped back to the physical time
domain t via Eq. (12).

3 Results

We first report cohort characteristics and the mea-
sured stiffness profiles, followed by the model cal-
ibration performance, parameter estimates, and
the resulting active-passive decomposition.

3.1 Cohort summary

Demographics and echocardiographic indices are
summarised in Table 2. The cohort comprised
11 female and 9 male HVs with median age
of 10.49 years [6.87, 14.63] and heart rate of
73.0 bpm [68.75, 93.25]. Subjects exhibited nor-
mal geometry and systolic function, characterised
by an IVSd of 0.58 cm [0.51, 0.72], LV dimen-
sions within the normal range (Z-scores < 2),
LVEF of 62.5% [59.75, 64.25], and GLS of −21%
[−21, −20]. Cycle-resolved SWE stiffness profiles
(Fig. 3) demonstrated a consistent pattern: a sys-
tolic stiffness rise followed by diastolic relaxation.
The curves were characterised by a late-diastolic
baseline of 6.49 [4.65, 7.16] kPa and a systolic peak
of 46.38 [38.83, 59.03] kPa occurring at normalized
time tn = 0.28 [0.24, 0.31].
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Table 2: HV (n = 20) characteristics. Values
are median [Q1, Q3]. BSA: Body Surface Area;
LVEDVi/LVESVi: End-diastolic/systolic vol-
umes indexed to BSA.

Demographics

Sex [Female/Male] 11/9

Age [years] 10.49 [6.87, 14.63]

BMI [kg/m2] 18.46 [15.11, 21.69]

BSA [m2] 1.25 [0.78, 1.70]

Heart Rate [bpm] 73.0 [68.75, 93.25]

Conventional Echography

IVSd [cm] 0.58 [0.51, 0.72]

LVEDV [mL] 60.50 [40.25, 68.50]

LVEDVi [mL/m2] 47.68 [40.30, 50.60]

LVESV [mL] 21.00 [14.75, 27.00]

LVESVi [mL/m2] 18.64 [14.40, 19.94]

LVEF [%] 62.50 [59.75, 64.25]

GLS [%] −21 [−21, −20]

3.2 Model calibration results

3.2.1 Parameter estimates and

variability

The calibration pipeline converged for all 20 vol-
unteers. Agreement between simulated and mea-
sured trajectories was quantified by the zero-lag
cross-correlation coefficient rxcorr (median rxcorr =
0.997 [0.991, -0.998]). The calibration yielded
subject-specific estimates of the passive scaling
factor ĉ, the contractility amplitude k̂0, and
the activation/relaxation kinetic rates k̂ATP and

k̂SR (Table 3), within physiologically plausible
ranges for normal myocardium (Banus et al. 2021;
Marchesseau et al. 2013).

The passive scaling ĉ was identified over the
late-diastolic window using weighted least squares.
Active parameters were estimated with CMA-ES;
robustness was assessed by repeating the optimi-
sation from multiple random seeds (Molléro et al.
2018). For each subject, dispersion in the final
objective value was summarised by Jmed/Jmin,
which was close to 1 (median 1.05 [1.02, 1.09];
Fig. 7a), indicating consistent convergence to the
same minimum.
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Fig. 7: Robustness and variability in HV (n =
20). (a) Objective function stability across ran-
dom CMA-ES initialisations (Jmed/Jmin), with J
the final cost. Ratios near 1 indicate convergence
to the same minimum. (b) Across-start parameter
variability (CV, %); dots denote subjects (color =
age) and boxplots show median and IQR.

To quantify the stability of parameter esti-
mates, we calculated the within-subject coefficient
of variation (CV), defined as the ratio of the
standard deviation to the mean across initializa-
tions: CV = (σ/µ) × 100%. This yielded median

CVs of 6.7% for k̂0, 18.1% for k̂ATP, and 12.8%
for k̂SR (Fig. 7b). CV(k̂0) and CV(k̂ATP) were
correlated (Pearson ρ = 0.77), whereas no clear
association with age was observed. Importantly,
our goal was not to enforce identical parame-
ter values across subjects, as genuine age-related
physiological heterogeneity is expected.

3.2.2 Waveform fidelity and

active-passive decomposition

Goodness-of-fit metrics are reported in Table 3,
including the zero-lag cross-correlation rxcorr
(median 0.997) and the normalized root mean
square error nRMSE (median 1.02). Figure 8
shows cohort-level waveforms of the measured
stiffness kSWE(x) and the calibrated prediction
kmodel(x), together with the active-passive decom-
position of kmodel(x) into kact(x) and kpass(x).
Representative subject-level decompositions are
shown in Fig. 9.

4 Discussion

This work presents a waveform-based inverse mod-
eling framework that links cycle-resolved SWE
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Table 3: Calibrated parameters and wave-
form fit metrics. Values are median [Q1, Q3]

Calibrated Parameters Estimate

ĉ [kPa] 9.76 [1.02, 23.4]

k̂0 [kPa] 49.1 [36.7, 55.1]

k̂ATP [s−1] 11.1 [6.61, 17.0]

k̂SR [s−1] 13.2 [11.5, 24.7]

Waveform Fit Metrics

nRMSE [-] 1.02 [0.80, 1.35]

rxcorr [-] 0.997 [0.991, 0.998]
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Fig. 8: Cohort-level SWE stiffness and calibrated
model fits over normalised phase x ∈ [0, 1]. Solid
lines show medians and shaded bands IQRs for
kSWE(x) and kmodel(x); the model median is also
decomposed into passive and active components.

stiffness measurements to subject-specific param-
eters of a closed-loop 0D-EM heart model. Our
central methodological contribution is a sequential
active-passive decomposition.

We first identify a passive baseline in late
diastole using a hyperelastic-derived stretch shape
function. We then estimate the maximum active
stiffness k0 and the cross-bridge rates (kATP, kSR)
from the residual active target via Bayesian MAP
optimization using CMA-ES.

Unlike approaches that reduce SWE to a few
scalar descriptors (e.g., peak or mean stiffness),
our objective function enforces agreement at the
waveform level. We employ a composite objec-
tive function combining amplitude error, shape
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Fig. 9: Representative subject-level stiffness
decompositions. Measured clinical stiffness
(kSWE) is compared with the calibrated model
fit (kmodel), which is further decomposed into
passive and active contributions.

correlation, and peak-timing mismatch on the
ECG-gated phase grid. This leverages information
distributed across the entire cardiac cycle, rather
than relying on isolated time points.

A critical ambiguity in stiffness interpreta-
tion lies in distinguishing passive remodeling from
residual active tone. By anchoring the passive
estimate in a late-diastolic period where active
contribution is assumed negligible, we reduce
coupling between the baseline level and active
kinetics. This limits the risk of the optimizer
compensating for elevated diastolic stiffness by
inflating active parameters. The close agreement
observed in healthy volunteers supports this sepa-
ration: consistent with the theoretical framework
of Caruel et al. (2013), the systolic stiffness rise is
treated as a product of active mechanisms, while
the passive component sets the diastolic baseline.

Convergence remained robust across random
initializations, characterized by objective ratios
near one and moderate within-subject variability
for active parameters. Notably, this indicates the
inverse problem is identifiable despite the sparse
sampling of the SWE waveform.

Several assumptions should be considered
when interpreting the estimated parameters.
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The spherical reduction and isotropic constitu-
tive choice neglect myocardial anisotropy and
regional heterogeneity, which may affect the abso-
lute physiological meaning of parameters even if
subject-level fitting remains accurate. The present
approach provides a consistent model-based map-
ping, but sensitivity to acquisition settings and
wave-propagation effects warrants further study.

Finally, phase normalisation facilitates opti-
misation and inter-subject comparison but may
attenuate timing differences; incorporating per-
sonalised electromechanical timing could further
refine kinetic estimates.

5 Conclusion

We have developed and validated a physics-based
computational framework that converts cycle-
resolved SWE into subject-specific mechanical
models. By solving the inverse problem through
a sequential active-passive decomposition, the
method resolves the indeterminacy often found
in analyzing raw myocardial stiffness assessments.
Application to healthy volunteers demonstrated
parameter stability and adequate waveform agree-
ment, suggesting that reduced-order electrome-
chanical formulations can reproduce the primary
dynamics of myocardial stiffness. This framework
contributes to the development of SWE-informed
digital twinning, offering a potential non-invasive
means to characterize distinct mechanical path-
ways of cardiac remodeling in future clinical
investigations.
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A Full 0D-EM closed-loop

model

A.1 Model overview and state

variables

The model couples both the LV and RV to the
systemic and pulmonary circulations through mechan-
ical and active subsystems defined for each ventricle.
Dynamics are governed by coupled ODEs. Table 4
summarizes the key model parameters. Unless stated

otherwise, parameters are shared between ventricles.
The state vector comprises:

• Mechanical: Radial displacement y(t) and velocity
ẏ(t).

• Contractile: Contractile strain ec(t), active stiff-
ness kc(t), and active stress variable τc(t). If
load-dependent relaxation is active, the relaxation
variable w(t) is included.

• Hemodynamic: Ventricular pressure P (t) and
arterial pressure Par(t). Atrial pressure Pat and
venous pressure Pve are typically fixed boundary
conditions or evolved via simple compliance.

The system is integrated forward from initial condi-
tions until a periodic steady state is reached.

A.2 Spherical kinematics

The ventricle is modeled as a thick spherical shell of
reference radius R0 and wall thickness d0. The radial
mechanics are defined by the circumferential stretch
λ(t) = 1 + y(t)/R0. Under tissue incompressibility
(detF = 1), the cavity volume and outflow are:

V (t) = 4π
3 R3

0 λ(t)
3,

Q(t) = −V̇ (t) = −4πR2
0 λ(t)

2 ẏ(t).
(20)

A.3 Wall mechanics

The mechanical subsystem follows an energy-
consistent rheological framework (Chapelle et al.
2012), consisting of an active element and Z-disk
spring in series, positioned in parallel with a passive-
viscous matrix. This is reduced to a 0D spherically
symmetric model (Caruel et al. 2013) where stress
equilibrium is governed by a single radial degree of
freedom y(t). The total spherical wall stress Σsph bal-
ances the cavity pressure and is the sum of active
(σ1D), passive (σpass), and viscous (σvisc) compo-
nents:

Σsph(t) = σ1D(t) + σpass(t) + σvisc(t). (21)

Here, σ1D represents the fiber-direction active stress,
while σpass and σvisc account for the parallel hypere-
lastic and viscoelastic effects, respectively.

Passive and viscous stress

Deriving from a Mooney-Rivlin energy density and a
dissipative pseudo-potential, the passive and viscous
scalar stresses are (Caruel et al. 2013):

σpass = 4(1− λ−6)(C1 + C2λ
2), (22)

σvisc = 8µ(1 + λ−12)λ λ̇, (23)

where C1, C2 are stiffness moduli and µ is the wall
viscosity.
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Active stress

The active element acts in series with a Z-disk spring
( Es) to generate the spherical stress:

σ1D =
1 + 2ec
1 + 2e1D

(τc + µcėc) , (24)

where e1D = (λ2 − 1)/2 is the macroscopic strain.
The internal contractile strain ec evolves via the series
force balance:

τc + µcėc = Es
(e1D − ec)(1 + 2e1D)

(1 + 2ec)3
. (25)

Equation of motion

Radial momentum balance yields the governing ODE
for y(t):

ρ d0 ÿ = P λ2 −
d0
R0

λΣsph, (26)

where ρ is myocardial density and P is the ventricular
pressure provided by the circulation model.

A.4 Cross-bridge dynamics

The active state is described by the density of attached
cross-bridges n(s, t) with normalized extension s. Fol-
lowing Chapelle et al. (2012), the macroscopic active

stiffness kc and active stress τc are defined as the first
two moments of this distribution:

kc(t) = k0

∫

R

n(s, t) ds, (27)

τc(t) = k0

∫

R

(s+ s0)n(s, t) ds, (28)

where k0 is the single-bridge stiffness scale and s0 is
a pre-strain parameter. The time evolution of these
moments is governed by the attachment rate u+(t)
and detachment rate u−(t), defined consistently with
Eq. (1) in the main text:

u+(t) = kATPfdepo(t), u−(t) = kSR
(

1− fdepo(t)
)

.

The resulting ODEs for the active variables are:

k̇c = −Φ kc + n0(ec) k0 u
+,

τ̇c = −Φ τc + n0(ec)σ0 u
+ + kcėc.

(29)

Here, the destruction rate is Φ(t) = u+ + w(t)u− +
α|ėc|, which accounts for turnover and velocity-
dependent bridge disruption. The source term scale
is defined as σ0 = k0(s0 + 1/2). If load-dependent
relaxation is enabled, w(t) evolves according to:

αrẇ = m0(ec)− w, (30)

where m0(ec) is a decreasing function of contractile
strain ec. Otherwise, w(t) ≡ 1.

A.5 Circulatory coupling

Each ventricle is coupled to the circulation via a
pressure-driven valve system and aWindkessel arterial
load.

Valve law

Ventricular flow Q(t) follows a piecewise-linear con-
ductance law maintaining continuity across transi-
tions:

Q(t) =



























Kat

(

P − Pat

)

, P ≤ Pat,

Kiso

(

P − Pat

)

, Pat < P < Par,

Kar

(

P − Par

)

+Kiso

(

Par − Pat

)

P ≥ Par.
(31)

where Kat and Kar are filling and ejection conduc-
tances, and Kiso is a small leakage term for numer-
ical stability. When P ≤ Pat, the atrioventricular
valve opens (filling phase). In the intermediate range
Pat < P < Par, both valves are effectively closed
(isovolumic phase), though a small leakage Kiso is per-
mitted. Finally, when P ≥ Par, the aortic valve opens
(ejection).

Arterial afterload

The arterial pressure Par is governed by a three-
element (RCR) Windkessel model:

RpCarṖar + (Par − Pve) = (Rp + Zc)Q+RpZcCar Q̇.
(32)

parameterized by proximal characteristic impedance
Zc, arterial compliance Car, peripheral resistance Rp,
and downstream venous pressure Pve.

B Calibration metrics

This section details the objective function terms cited
in Section 2.5.3. The total data misfit Jdata is com-
puted using a weighted combination of amplitude,
shape, and peak accuracy, with weights empirically set
to wMAE = 1.2, wρ = 0.1, and wpeak = 0.8.

• Normalized MAE: To ensure scale invariance, the
mean absolute error is normalized by the interquar-
tile range (IQR) of the target signal (or the full
range if the IQR is degenerate):

nMAE =
1
N

∑

i |kact(xi)− ktarget(xi)|

IQR(ktarget)
. (33)

• Shape Correlation (ρ): The shape agreement is
measured using the Pearson correlation coefficient.
Letting k̃(xi) = k(xi)− k̄ denote the deviation from
the mean:

ρ =

∑

i k̃act(xi) k̃target(xi)
√

∑

i k̃act(xi)
2

√

∑

i k̃target(xi)
2

. (34)

• Peak Amplitude Error: To ensure the maxi-
mum contractile force is captured, we penalize the
difference between the modeled and target peak
values:

Epeak = |kpeak,model − kpeak,target|. (35)
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Table 4: Key parameters of the 0D-EM model. Unless stated otherwise, parameters are shared between
left and right ventricles; (R0, d0) differ between ventricles.

Symbol Meaning Units Baseline value

T Heart period s 0.8
α Velocity-dependent bridge destruction – 1.5

k0 Single-bridge stiffness scale Pa 105

σ0 Stress scale for newly attached bridges Pa 0.64× 105

kATP Attachment rate s−1 30

kSR Detachment rate s−1 30
APD Action potential duration s 0.30
Td Atrioventricular delay s 0.12
QRS QRS duration s 0.085

R0 Reference cavity radius (ventricle-specific) m 2.8−3.0× 10−2

d0 Wall thickness (ventricle-specific) m 1.4−2.8× 10−2

ρ Myocardial density kgm−3 1070

Es Series elastic modulus Pa 3× 107

µ Passive viscous coefficient Pa s 70

C1, C2 Mooney-Rivlin parameters Pa 103, 103

µc Active viscosity Pa s 100

Kat AV valve conductance (open) m3 Pa−1 s−1 9× 10−6

Kar Arterial valve conductance (open) m3 Pa−1 s−1 1.3× 10−5

Kiso Leakage conductance (isovolumic) m3 Pa−1 s−1 10−37

τ Windkessel time constant s 0.8

Rp Peripheral resistance Pa sm−3 2× 107

Zc Characteristic impedance Pa sm−3 107

Rven Venous resistance (systemic / pulmonary) Pa sm−3 2.5× 107 / 0.5× 107

Cven Venous compliance (systemic / pulmonary) m3 Pa−1 5× 10−6 / 50× 10−6

Pven Reference venous pressure (systemic / pulmonary) Pa 3200 / 1700

∆t Time step s 10−5
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