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ABSTRACT

Ultrasound-guided drug and gene delivery (USDG) is a promising non-invasive approach for targeted therapeutic applications. Mechanical
properties of encapsulated microbubbles (EMBs), which serve as contrast agents, affect their interactions with ultrasound and are, thus, critical
to the success of USDG. Accurate calibration of particle-based EMB models is challenging as Bayesian inference with dissipative particle
dynamics is prohibitively computationally expensive. We employ a surrogate-accelerated Bayesian calibration workflow that combines deep
neural network surrogates and polynomial surrogates, transitional Markov chain Monte Carlo sampling, and hierarchical regularization
across EMB diameters. Using this framework, we construct data-informed models of the commercial agents Definity and SonoVue and infer
their force field parameters from published compression, indentation, and acoustic experiments. The presented methodology can be used to
derive bespoke, data-informed models for a wide range of contrast agents, including gas vesicles, EMBs with diverse capsids consisting of
lipids, proteins, or polymers, and functionalized with ligands.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license

(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0343171

I. INTRODUCTION

Encapsulated microbubbles (EMBs) are a class of engineered
soft materials with gas cores surrounded by elastic shells, com-
posed of a lipid, protein, or polymer shell and typically 1-10 ym in
diameter."” These structures serve dual roles in biomedical applica-
tions: as ultrasound contrast agents that enhance diagnostic imaging
through acoustic scattering,”” and as targeted drug delivery vehi-
cles capable of payload release upon ultrasonic excitation.””’ The
mechanical properties of EMB shells, particularly their elastic mod-
ulus, bending rigidity, and response to compression, critically deter-
mine bubble stability under physiological flow conditions, acoustic
response, and rupture thresholds for controlled drug release.””*’
Accurate characterization of these mechanical properties enables
rational design of EMBs optimized for specific clinical applications,
including targeted chemotherapy delivery to tumor vasculature'”"’

and blood-brain barrier permeabilization for neurotherapeutics.'”
However, systematic quantification of EMB mechanical parameters
with rigorous uncertainty bounds remains an open challenge, lim-
iting predictive modeling of EMB behavior in complex in vivo
environments.

Experimental characterization of EMB mechanical prop-
erties typically employs atomic force microscopy (AFM)
compression,”‘H micropipette aspiration,’” or ultrasonic attenu-
ation measurements.”'® AFM compression provides direct force-
displacement relationships at nanometer resolution but is subject to
experimental uncertainties, including contact point determination,
tip-sample alignment artifacts, and batch-to-batch variability in
EMB synthesis.'”'” Translating these force-displacement curves
into fundamental material properties (e.g., Young’s modulus,
bending modulus) requires computational models that can sim-
ulate EMB deformation under realistic experimental conditions.
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Continuum models based on finite element methods offer com-
putational efficiency and have been widely used to model EMB
dynamics in fluid and vascular environments'®'’ but make strong
assumptions about shell constitutive behavior (e.g., Neo-Hookean
elasticity) and cannot capture heterogeneities at the molecular
scale of shell composition. Particle-based mesoscopic simula-
tions, particularly dissipative particle dynamics (DPD), provide
a complementary approach that explicitly represents the shell
microstructure through coarse-grained particles interacting via
prescribed force fields.”””" Our previous work demonstrated that
DPD models with isotropic elasticity and bending resistance can
accurately reproduce EMB compression behavior across multiple
shell-chemistry compositions.”” However, DPD simulations require
30-60 min per parameter configuration on modern GPUs (e.g.,
NVIDIA A40), making systematic parameter space exploration
prohibitively expensive. A single Bayesian inference run that
requires 10° likelihood evaluations would already consume roughly
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3x10%-6 x 10° GPU-min, ie., about 5.7-11.4 GPU-years, even
before accounting for repeated phases, restarts, or the one-time
generation of surrogate-training data, making direct DPD-based
Bayesian uncertainty quantification intractable in the present
setup. UQ constitutes a framework for addressing imperfections
in models, simulations, and experimental data.”” By representing
unknown parameters and model discrepancies as distributions
instead of fixed values, UQ enables predictions that reflect both
expected behavior and associated confidence, which is essential
for making reliable, data-informed decisions in complex systems.
Bayesian inference serves as a framework for UQ through parameter
estimation with quantified uncertainties,” > transforming point
estimates into probability distributions that capture both data infor-
mativeness and prior knowledge. Hierarchical Bayesian UQ extends
this framework to settings with multiple datasets or experimental
conditions, allowing parameters to vary across conditions while
sharing a common structure.”® This enables information sharing,
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FIG. 1. Hierarchical Bayesian UQ-driven multiscale workflow from experiments through large-scale simulations and surrogate models to a data-informed EMB model.
(@) Mechanical experiments, such as indentation or compression, provide force—displacement curves, while acoustic measurements provide frequency observations. (b)
A mesoscopic model,?? solved using GPU-accelerated simulations, produces linear mechanical and acoustic-frequency responses through effective model parameters,
generating an ensemble of responses across the parameter space. (c) A hierarchical Bayesian uncertainty quantification (UQ) workflow, combined with DNN and polynomial
surrogates (based on the ensemble of generated simulation data), enables efficient parameter inference from experimental data with quantified uncertainty. (d) The inferred
posteriors, specifically the Maximum A Posteriori (MAP) values of the probability distributions, are then used to parameterize a calibrated EMB model for subsequent

large-scale simulations.

J. Chem. Phys. 165, 105101 (2026); doi: 10.1063/5.0343171
© Author(s) 2026

165, 105101-2

65:CL:}1 9202 Jequialdas oL


https://pubs.aip.org/aip/jcp

The Journal

of Chemical Physics

improves parameter identifiability, and yields a more realistic
representation of variability in complex systems. In molecular and
mesoscopic simulations, Bayesian approaches have been used to
calibrate force fields for proteins,”” polymers,’” and soft materi-
als.” The computational bottleneck of repeated forward model
evaluations can be mitigated with surrogate modeling, using fast
approximations, such as Gaussian processes, neural networks, or
polynomial chaos expansions that learn input-output relationships
from a limited training dataset.’”” Deep neural network (DNN)
surrogates are particularly attractive for high-dimensional non-
linear systems because they can reproduce complex input-output
maps with large speedups over direct simulation.”””* Bayesian
optimization has also emerged as an efficient strategy for refining
model parameters in computationally expensive settings, where
each evaluation requires a forward simulation.”” By combining a
surrogate model with an acquisition function, it enables adaptive
exploration of the parameter space and rapid identification of
optimal coarse-grained representations with minimal simulation
cost. For Bayesian sampling, the transitional Markov chain Monte
Carlo (TMCMC) methods™*"” efficiently explore complex posterior
distributions through a sequence of intermediate distributions.
When multiple experimental datasets are available, hierarchical
Bayesian models enable information sharing across conditions
while preserving dataset-specific variability.””* " The present
study combines these components to calibrate particle-based EMB
models with uncertainty estimates. Previous Bayesian approaches
in molecular simulations assess predictive performance by verifying
whether experimental observations fall within posterior predictive
confidence intervals.””"’ Although this offers a qualitative measure
of agreement, it does not quantify the degree of calibration. Predic-
tive agreement is then assessed in Sec. I1] using posterior-predictive
intervals and a complementary scoring-rule diagnostic.

The objective of this study is to calibrate a high-fidelity numer-
ical EMB model from force spectroscopy and acoustic data with
quantified uncertainty (see Fig. 1 for a schematic overview of the
entire workflow). To make this feasible, we combine DNN and
polynomial surrogates trained on DPD simulations with TMCMC
sampling. We first use surrogate-based sensitivity analysis to deter-
mine which parameters of the membrane force field are informed
by the present quasi-static data. The inference then focuses on the
elastic terms supported by the data, uses acoustic-frequency mea-
surements as a complementary constraint on the same reduced
elastic parameterization, compares independent and hierarchically
regularized calibrations, and returns to the full force field only as a
consistency check.

We first validate the surrogates and then use the full model
only to identify which parameters are relevant in the present
quasi-static regime. Next, we infer reduced-model posteriors inde-
pendently for each diameter, pool mechanical and acoustic infor-
mation hierarchically across diameters, propagate the resulting
uncertainty to both force spectroscopy and acoustic observables,
compare representative simulation outcomes with the experimen-
tal data, and finally rerun the full nonlinear model against the
retained linear force spectroscopy data only as a sanity check.
Acoustic-frequency observations were selected as the additional
experimental observable to make the calibration directly relevant
to future large-scale acoustic simulations. Section II describes the
DPD simulations, experimental-data preprocessing, construction of
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the DNN and polynomial surrogates, hierarchical Bayesian formu-
lation, uncertainty propagation, and computational implementation
used throughout the study. Our central claim is that a surrogate-
accelerated Bayesian workflow can calibrate a high-fidelity numeri-
cal EMB model with quantified uncertainty and that, in the present
quasi-static regime, force spectroscopy data in the linear regime
identify compatible (kq,k;) regions while the acoustic constraint
localizes those regions primarily through k,. The evidence comes
from four checks: dominant ks/k;, sensitivities, acoustically con-
strained reduced posteriors, close full-vs-reduced MAP overlays,
and close reduced-vs-full posterior-predictive continuous ranked
probability score (CRPS).

1. METHODS
A. DPD simulations

All mesoscale simulations were performed using DPD, a
particle-based method well suited for modeling soft matter systems
with explicit hydrodynamics.”’ In DPD, each particle represents
a coarse-grained cluster of molecules and evolves according to
Newton’s equations of motion. The total force acting on the particle
i is given by

C D, R shell
F; = Z (F7J+F’] +Fij)+Fi 5 (1)
=
where Fg, F}])- , and FE are the conservative, dissipative, and ran-

dom pairwise forces, respectively, and F"! denotes the elastic forces
arising from the encapsulating microbubble shell.
The conservative force between particles i and j is defined as

Fij =

c {aij(l = 1ij[re) by, iy < 7o @)

0, Tij 2 Te,
where rj; is the interparticle distance, f;; is the corresponding unit

vector, and . is the cutoff radius. Dissipative and random forces are
given by

F}])- ==y wD(rij)(i'ij . V,'j)f‘ij, (3)
Fs = ODPD wR(h‘j) f,‘j Atil/zf'ij, (4)

where v;; is the relative velocity, fl-j is a zero-mean unit-variance
Gaussian random variable, and At is the integration time step. The
DPD fluid is simulated in reduced units following Ref. 22. The cut-
off radius is set to r. = 1 in simulation units and corresponds to
250 nm in physical units, while the thermal energy is set to kT =1
and corresponds to room-temperature thermal energy. The water
number density is set to n; = 3, which fixes the water-bead mass
scale through the physical density of water. The dissipative coeffi-
cient is set to y = 3.5, and the random-force amplitude is fixed by
the fluctuation-dissipation relation o3pp = 2ykpT. The dissipative
weight function is w” (r) = (1 - r/r.)* for r < re.

The encapsulating microbubble shell was modeled as a tri-
angulated elastic surface immersed in a DPD solvent. Consistent
with the fixed-thickness assumption used in the reference AFM
analyses,'""” the shell was treated as a thin membrane with a nomi-
nal thickness of 5 nm. Each vertex of the triangulation corresponds
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to a DPD particle, and elastic forces are obtained as derivatives of
a discrete shell energy, inspired by recent data-driven red blood
cell models.””***~*° Using expressions adopted from our previous
work,”” the active shell energy in the present EMB workflow is

Ehen = Estretch + Ebend- (5)

In-plane elastic deformations are described by

k N; N

Eqrach = ' 3. Ao + a3 + asol ]+ AV [Pr+ broufe + bafBt ],
t=1 t=1

(6)

where a; and /3: are the area and shear strain invariants of the tri-
angle ¢ and A is the area of triangle ¢. This expression also includes
nonlinear terms (coefficients as, as, b1, and b,). Bending resistance is
modeled via a dihedral-angle potential,

Ebend = kbz [1 - COS(eij - 92)]; (7)
(i)

where 0;; and 62« are the actual and spontaneous angles between
two adjacent triangles.”” We report the inferred in-plane stretch-
ing scale directly as k,. We infer k, independently, as the
stretching-bending relationship is model-dependent and less reli-
able for coated microbubbles. In contrast, we retain an isotropic
in-plane law,”**’ since the data constrain only the dominant stiff-
ness and do not support identification of a separate shear modulus.
Accordingly, y is not inferred independently and is related to kg
through

L
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which gives p = k4 /3 for the fixed Poisson ratio v = 0.5 used through-
out. The higher-order nonlinear elastic parameters (b1, by, as,a4)
are introduced to account for the large strains encountered in
strongly deformed red blood cell morphologies, where linear elastic-
ity fails, and these terms capture the strain-hardening response of the
spectrin cytoskeleton, resulting in a marked increase in membrane
stiffness and deformation energy at large strain.”" "

Both the surrounding liquid and the encapsulated gas were
modeled explicitly using DPD particles. No-through boundary
conditions at the membrane were enforced using a bounce-back
mechanism,”"” while interfacial slip conditions were controlled by
tuning the dissipative coupling parameters between shell, water, and
gas particles. The treatment of the gas phase, including pressure
compensation and ideal-gas behavior, follows exactly the method-
ology described in Ref. 22. All simulations were performed using the
GPU-accelerated DPD framework MIRHEO.>* To ensure compu-
tational feasibility while preserving the relevant elastic physics, all
elastic moduli of the shell were uniformly downscaled by a factor
ficale = 0.0074,> which preserves the Féppl-von Kérman num-
ber™ and, thus, the equilibrium and deformation behavior of the
shell. Physical forces were recovered by rescaling during post-
processing.”” The mechanical response of the shell was characterized
by extracting force-displacement relations through two distinct
simulation protocols: indentation and compression.

Indentation simulations mimic AFM indentation experiments
by applying equal and opposite external forces to sets of shell ver-
tices located near the top and bottom poles of the microbubble,
see Fig. 2(a). The equatorial vertices were constrained in the axial
direction to suppress rigid-body motion. For each applied force
level, the system was equilibrated quasi-statically, and the resulting
axial displacement of the shell was recorded. Force-displacement

Compression

L

.
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FIG. 2. A schematic representation of the DPD simulations implemented in this work. (a) Indentation simulations are performed on a SonoVue microbubble (gold) by applying
a pair of equal and opposite forces to a small fraction of vertices at the top and bottom of a microbubble. (b) The plate compression is implemented by displacing a set of
frozen DPD particles, representing a large cantilever used in the compression of a Definity microbubble (ink).
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curves were obtained by prescribing the force and measuring the
displacement. Parallel-plate compression simulations were imple-
mented using two rigid plates represented by a dense collection of
frozen particles; see Fig. 2(b). The plates were pinned to move only
along the axial direction and displaced quasi-statically toward the
microbubble. After equilibration, the reaction force exerted by the
shell on the plates was recorded. In this case, force-displacement
curves were obtained by prescribing displacement and measuring
the resulting reaction force. More information about the reference
experimental setups can be found in Sec. S2 in the supplementary
material.

Acoustic response data were generated by isotropically com-
pressing each equilibrated bubble by 5%, releasing it, and recording
the relaxation of the root-mean-square bubble radius. The relaxation
was fitted with a damped sinusoid. Writing w, for the fitted damped
angular frequency and A for the decay rate, we define the resonance
frequency as fres = (@3 — A2)/2/(27) (Sec. S5 in the supplementary
material). Although the breathing frequency can be extracted using
the principal-component analysis (PCA) employed in Ref. 22, we
selected the relaxation protocol because its shorter simulation time
reduces the cost of generating the training data for the polynomial
surrogates. We nonetheless confirmed that our procedure agrees
with the PCA estimates, with a mean absolute relative difference
of 3.2% and a maximum of 5.9% (Table S7 in the supplementary
material). In the PCA protocol, we identify the breathing mode as
the PCA eigenvector having the largest absolute overlap with uni-
form radial motion, following the radial mode-projection criterion
of Ref. 55.

B. Surrogates

The direct evaluation of the mechanical and acoustic responses
of an EMB with DPD simulations is computationally expensive,
making it impractical within large-population Bayesian inference
runs. Each DPD model M, therefore, generates mechanical and
acoustic simulation data used to construct a DNN surrogate S, for
force spectroscopy and a polynomial surrogate A, for resonance
frequency, respectively. The surrogates replaced the correspond-
ing DPD models during inference and uncertainty propagation
(see Fig. 3 for details). In all cases, the surrogate was trained to
approximate DPD outputs for a fixed EMB model and a fixed
EMB diameter. Six DNN surrogates were constructed, one for each
of the three mechanically calibrated diameters within both EMB
models. Compression surrogates predicted force at prescribed dis-
placement, whereas indentation surrogates predicted displacement
at prescribed force. All surrogate inputs were written directly in
terms of (kg kp,...), consistent with the parameterization used
throughout Sec. III. We trained a separate surrogate per diameter
and retained the best-performing model for each diameter for use
in the inference pipeline. Implementation details, including how
the best model was selected, are summarized in Sec. S5 in the
supplementary material.

For the acoustic response, we fitted one polynomial surrogate
per simulated diameter using frequencies extracted from DPD relax-
ation simulations. The resonance frequency frs is insensitive to kj:
varying kj across its admissible range changed the frequency by less
than 0.5% in our numerical tests. This is expected because uniform
radial motion preserves the shell angles by symmetry, so the bending
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term does not contribute to the restoring force at leading order and
the frequency is governed primarily by k,. Small-amplitude radial
oscillations can be formulated as the generalized eigenvalue problem
K(k,)u = w*Mu, making the squared frequency the natural quantity
to approximate. We, therefore, define

2 2
fres,d, (k“) = 4oq; + al,dikd + uZ,d,km (9)

and the surrogate Ay, (k,) predicts the value of fes given by this fit-
ted relation. The quadratic is the lowest-order form that captures the
curvature observed in the simulated data. Each polynomial surrogate
is evaluated only within its simulated k, range. Frequency extraction,
polynomial-surrogate definition, simulated k, ranges, and validation
are detailed in Sec. S5 in the supplementary material.

C. Bayesian inference framework

We calibrated the EMB force field parameters with TMCMC™®
as implemented in KORALIL*° The full and reduced workflows share
the same inferential structure; unless otherwise stated, the reported
results correspond to the reduced model, in which (b1, b;,a3,a4)
=(0,0,0,0), while the full model is used only for a spec-
troscopy consistency check. For each diameter-specific reference
curve i, the reference dataset is a set of N; paired observations
D; = {(xijs yij)};\il. For compression (resp. indentation) experi-
ments, x;; denotes displacement (resp. force) and y; denotes force
(resp. displacement). The diameter-specific parameter vector is
G)d, = (ka, kb, by, by, as, aq, do)d‘, where (ku, kb, b1, by, as, a4) are the
constitutive parameters and do is a calibration offset. It is intro-
duced to absorb uncertainty in the experimental bubble-cantilever
contact position, since the DPD setup does not explicitly model the
details of the cantilever adhesion to the bubble during initial con-
tact. The observation-noise amplitude is denoted separately by oy,
and is shared across all points of a given curve. For clarity, we omit
the explicit diameter dependence in ®,4 and o, in this section and
write ®; and o; instead. The calculations are presented in terms of
the full parameter set ®; but apply equally to the reduced parameter
set 0;.

We use a Gaussian likelihood with multiplicative noise:
the per-point standard deviation s;(®;) is proportional to the
model prediction s,-j(®,-) = 0; Jiij, where o; is the diameter-specific
observation-noise amplitude. This yields

Ni
P(Di | @,‘,Gi) = H N(yijU’ij) 3ij(®i)2)~ (10)
j=1

In the independent inference step, each diameter d; of each EMB
model is treated independently. We assign independent uniform
priors to all components of ®; and sample the diameter-specific
posterior,

P(®i| Di) o< P(D; | ©i) P(©;). (11)

The prior and hyperprior ranges for the spectroscopy-only full
model and the acoustically conditioned reduced model are sum-
marized in Table S4 in the supplementary material. The reduced-
model workflow uses the same mechanical likelihood, data, and
phase structure but fixes (b1, b2,a3,a4) = (0,0,0,0) and infers only
(ka>kp, do, ). These reduced independent inference runs provide

J. Chem. Phys. 165, 105101 (2026); doi: 10.1063/5.0343171
© Author(s) 2026

165, 105101-5

6G:2L11L 9202 Jequsides 0L


https://pubs.aip.org/aip/jcp
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138

The Journal

of Chemical Physics

the baseline single-diameter posteriors used in Sec. I1I before infor-
mation is pooled hierarchically across diameters. Hierarchical reg-
ularization was performed separately within each bubble type; no
sharing was performed across types. The reduced workflow addi-
tionally conditions the hierarchical stage on acoustic measurements
evaluated using the acoustic surrogates described above. To pool
information across diameters, we introduce hyperparameters for
each Definity and SonoVue EMB model,

v = {(me 1) Hreros ke K= {ka,ky,b1,b2,a3,a4,do},  (12)
with Gaussian conditional priors for the hierarchical parameters
O®ix | w ~ N(my,77), and uniform hyperpriors on (my, i ). For
each parameter ke K, the conditional prior was truncated to
the corresponding admissible range reported in Table S4 in the
supplementary material. The mechanical and acoustic observation-
noise amplitudes are inferred independently for each dataset and
are not hierarchically pooled. The hyperparameter posterior for each
EMB model is conditioned on both the mechanical datasets D; and
the acoustic observations f;,

P(y [{Di},{fi}) < P[] P(D: [T P(filw).  (13)
i j

Each mechanical and acoustic dataset contributes a separate
marginal likelihood under the same EMB hierarchy, with its own
parameter vector and observation-noise amplitude. TMCMC is then
used to sample the hyperparameter posterior implied by the hier-
archical model. Operationally, this phase learns the priors used by
the final hierarchical posteriors; it is, therefore, an intermediate
hierarchical-learning step rather than a standalone result. Hierarchi-
cal pooling produces the final diameter-specific posteriors reported
in this work. This yields, for each bubble i, a posterior conditioned
on hierarchical priors inferred jointly from the separate mechanical
and acoustic datasets of the same EMB model,

P(©i,0i| Di,y) o< P(D;i | @;,0:) P(©; | y) P(0i),
v~ Py [{Di}, {fi}),
where i runs over the diameters of each EMB model. The MAP esti-

mate was approximated by the posterior sample with the largest
log-posterior value.

(14)

D. Uncertainty propagation

Once the posterior distribution has been estimated, we prop-
agate this uncertainty to the predicted response through the corre-
sponding mechanical or acoustic surrogate. For any output quantity
of interest y, the posterior predictive distribution is

P(y| D) = fP(y | ©;,07) P(®, 01 | D;) dO; do

1 N
~ 2 B(v1ef.a), (15)
k=1

where (@fk),ai(k)) ~ P(@;,0; | D;) are samples from the posterior
retained for propagation. Here, P(®;,0; | D;) denotes the poste-
rior used for propagation, namely the final hierarchically regularized

ARTICLE pubs.aip.org/aipl/jcp

diameter-specific posterior in the hierarchical stage. In our case, y is
the response evaluated along the experimental grid, namely force at
fixed displacement for compression and displacement at fixed force
for indentation. For each posterior sample, the surrogate provides
a mean response, while the observation model assigns a Gaussian
uncertainty with standard deviation 01.(k) $® proportional to that
prediction. The posterior predictive distribution at each grid point
is, therefore, represented as a Gaussian mixture induced by the
ensemble of posterior samples. In practice, we drew N = 5000 poste-
rior samples and evaluated the corresponding predictive distribution
pointwise along the experimental reference grid. Posterior medi-
ans and central predictive intervals, including the posterior median
and the pointwise 90% posterior predictive interval reported in this
paper, were then obtained by numerical inversion of the corre-
sponding cumulative distribution function (CDF) at each grid point.
These posterior predictive bands are, therefore, fully consistent with
the same heteroscedastic Gaussian likelihood used during inference
and were used to assess coverage against the experimental obser-
vations. Acoustic predictive intervals were obtained analogously by
propagating posterior samples through the corresponding acoustic
surrogates and combining the predictions with the inferred acoustic
observation noise.

E. Continuous ranked probability score (CRPS)

To complement interval inclusion with one proper scoring rule,
we also report the CRPS for the six datasets discussed in Sec. 111”7
For a retained experimental point j with observed response y; and
pointwise posterior predictive CDF Fj, the score is

CRPS(Fuyp) = [ (@) -Uz2p))de (16)

with lower values indicating better probabilistic agreement. In the
present workflow, F; is the pointwise Gaussian mixture induced
by the propagated posterior samples and the heteroscedastic noise
model above. The posterior-predictive bands shown in the figures
are obtained from pointwise quantiles of this mixture distribution,
computed by numerical inversion of the corresponding CDF. For
CRPS, we approximate the same pointwise posterior predictive dis-
tribution by Monte Carlo: for each retained posterior sample, we
draw one response from its associated Gaussian component, com-
pute the empirical ensemble CRPS at point j, and then average
over the retained points of each curve to obtain the reported mean
CRPS. The reported values are further averaged over five indepen-
dent Monte Carlo replicates. We use CRPS because, unlike coverage
alone, it rewards both calibration and sharpness under the same
posterior predictive distribution.

F. Transitional Markov chain Monte Carlo (TMCMC)

Posterior sampling was performed with TMCMC as imple-
mented in KORALI’® and executed in parallel with MPI. TMCMC
builds a sequence of intermediate tempered distributions connecting
prior and posterior, which improves robustness in parameter spaces
that are broad, correlated, or otherwise difficult to explore directly.
The numerical TMCMC settings used in production are reported in
Sec. S6 in the supplementary material.
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G. Computational implementation

All workflows were executed on a high-performance comput-
ing environment consisting of multi-core CPU nodes and CUDA-
capable GPU nodes. Direct DPD simulations were performed with
MIRHEO, while Bayesian inference used KORALI with MPI par-
allelization. The DNN and polynomial surrogates were constructed
and evaluated in Python using PyTorch and standard scientific
Python libraries, with all workflow settings provided through YAML
configuration files. More computational details can be found in Sec.
S1 in the supplementary material.

Ill. RESULTS AND DISCUSSION

Results are reported for two EMB models of commercial agents
with different lipid shells (Definity and SonoVue) and three bub-
ble diameters per EMB model. Definity models are calibrated using
experimental data from AFM compression, whereas SonoVue mod-
els are calibrated with data from AFM indentation. The inference
conditions on one reprocessed published curve per diameter (see
Fig. S1 in the supplementary material); the exact source refer-
ences and retained point counts are summarized in Table S3 in the
supplementary material. The published force spectroscopy curves
contain an initial linear loading regime followed by a nonlinear

SURROGATES + SENSITIVITY

PyTorch + SALib

Sensitivity

Adl —ds3
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response at larger deformation, but the likelihood uses only the
retained points in the linear regime listed in Table S3. We first
use the full membrane force field only to establish the sensitiv-
ity structure of the inverse problem and then, from the sensitivity
section onward, carry a reduced model with membrane parameters
(ka,kp) through the main-text inference workflow, treating dy and
o separately as calibration and noise parameters. The full model is
rerun only against the same retained force spectroscopy data in the
sanity-check section.

A. DPD force field and DNN surrogate validation

We consider six DPD models (My,)ic[1,6]» Which share the
same physical formulation and parameterization’” but correspond
to different experimental conditions (see Fig. 3, block @®). Mod-
els My, My,, Mg, describe Definity bubbles"*’*" (compression
experiments) for fixed diameters (di,d2,ds), respectively, while
Ma,, Mg,, My, describe SonoVue bubbles”'”*** (indentation
experiments) for fixed diameters (ds, ds, d ), respectively. Through-
out, d; denotes the bubble diameter. The six diameters, in ym,
are dy =2.1,d» =29, d; =3.0,dy =3.2, ds = 3.4, and ds = 5.8. We
simulate the DPD models using the high-performance MIRHEO
software package.”” In the compression experiment with Defin-
ity, the DPD simulation returns the reaction force as a function
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For each bubble i, the DPD model M, generates mechanical and acoustic training data used to construct a DNN surrogate Sy and a polynomial surrogate Ag,
respectively. The mechanical surrogate is subsequently reduced to 83’, through sensitivity analysis and suppression of nonlinear terms. Independent inference combines
each mechanical surrogate with the corresponding compression (top row) or indentation (bottom row) experiment, yielding model parameters 6. Hierarchical inference
additionally includes the acoustic observations and yields regularized parameters 6. The resulting calibrated model M, (84, ) is finally checked against the corresponding

force spectroscopy data in the retained linear regime.
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of imposed displacement through an explicit plate-contact geom-
etry. In the indentation experiment with SonoVue, it returns the
bubble diameter change as a function of applied force under the pre-
scribed loading protocol. These DPD outputs are, therefore, directly
comparable to the corresponding experimental measurements. The
membrane force field of each model My, is parameterized by a
stretching stiffness k,, a bending modulus k;, nonlinear elastic coef-
ficients (b1,b2,4a3,a4), and a displacement offset dy used to align
the curves. These parameters are collected in the associated vector
Oy, = (ka, kp, b1, b2, a3, a4,dy) 4, while the observation-noise ampli-
tude oy, is treated separately as a diameter-specific parameter. The
full details of the DPD setup and parameter definitions are provided
in Sec. IT A.

To enable Bayesian inference at scale, we train DNN surro-
gates to predict the output of the DPD models on thousands of
simulated curves. Each DPD model M, is subsequently replaced
by its surrogate counterpart Sy, (see Fig. 3, block @) during infer-
ence, enabling efficient Bayesian calibration. Surrogate selection is
performed via an architecture sweep, retaining the DNN with the
lowest grouped-holdout median relative L* error. The grouped hold-
out excludes entire simulated curves from training and, therefore,
evaluates generalization to unseen parameter sets.” In this vali-
dation, the median relative L? error over the full loading branch
remains low: less than 2.1% for Definity surrogates and less than
2.6% for SonoVue surrogates (see Table S2 in the supplementary
material). Figure 4 combines representative grouped-holdout curves

in real units with a compact across-diameter summary based on
the median and 90th-percentile held-out-curve relative L* errors,
showing low surrogate error for most held-out simulated curves.
Representative held-out grouped-validation curves are collected in
Fig. S2 in the supplementary material. Combined with their orders-
of-magnitude speedup over direct simulation, these surrogate errors
are low enough to make the subsequent TMCMC-based calibration
computationally tractable; see Sec. I1.

B. Sensitivity analysis motivates a reduced
membrane model

To determine which force field parameters can be constrained
by force spectroscopy data, we quantify the global sensitivities of the
DNN surrogates over the experimentally explored range using first-
order Sobol indices.*® The details of the sensitivity analysis are given
in Sec. S7 in the supplementary material. The resulting hierarchy
is clear: the response is governed primarily by the stretching stiff-
ness k, and the bending modulus k;,, while the nonlinear coefficients
(b1, b2,a3,a4) contribute only weakly within the loading regime
probed here. Figure 5 reports range-averaged first-order indices for
representative surrogates Sy, and Sy,. For Sg,, the indices assign
~66% of the variance to k, and 28% to k;. For S;,, the same aver-
aged analysis assigns ~45% to ks, and 33% to k;. In both cases, the
nonlinear terms remain negligible compared to the two elastic para-
meters, with bar heights clustered near zero within their confidence
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the same dominant k,/k; sensitivity structure observed separately
for Definity and SonoVue surrogates.

These sensitivity results indicate which parameters the present
data are likely to constrain: in this deformation regime, the data pri-
marily inform (ks, k;), while the nonlinear terms are expected to
remain weakly constrained. This motivates the concrete modeling
decision adopted in the remainder of this study: after this section, the
inference uses a reduced membrane force field with (ka, k;) as the
shell-mechanics parameters, while dy and o are retained separately
as calibration and noise parameters. In practice, for each bubble i, we
use the surrogates 53, obtained by setting the S;, nonlinear para-
meters (b1,b,,a3,a4) to zero and we use the notation 0,, to refer
to the associated reduced set of parameters (see Fig. 3, block @):
04, = (ka, kp, do) 4. We return to the full models only in Sec. III as
a safety check on this reduction.

C. Hierarchical Bayesian inference of the reduced
model

To establish a results baseline, we first perform independent
Bayesian calibrations for each diameter using only the reduced
models and force spectroscopy data in the retained linear regime
(see Fig. 3, block ®). For each bubble i (compression experiment
using Definity: 2.1, 2.9, and 3.0 ym; indentation experiment using
SonoVue: 3.2, 3.4, and 5.8 ym), we run a separate TMCMC inference
using the KORALI software framework™ and the corresponding
DNN surrogate as the forward model, where d is an auxiliary curve-
alignment parameter and o controls the (relative) observation noise
model (Sec. IT). These spectroscopy-only calibrations, shown as gray
areas in Fig. 7, identify extended compatible regions in the (ka, k;)
plane rather than a unique parameter pair. This ridge-like degen-
eracy is consistent with the continuum analysis in Ref. 67, where
the Reissner regime predicts the slope of the response curve to be
proportional to \/kaky.

The approach adopted by these authors to solve the degener-
acy is to use the nonlinear part of the force-displacement curve to
separate shell parameters. However, this route is not usable in the
present DPD model because the DPD pressure is chosen to be lower
than the real values to ensure stable simulations and, therefore, does
not reproduce the experimental internal/external pressure state of
real bubbles. In particular, the internal gas pressure is low and is not

increased during volume compression as in a physical bubble. Con-
sequently, the nonlinear stiffening described in Ref. 67 as a result of
the response of the shell to gas compression is not captured at com-
parable deformations. Instead, the present DPD EMB models leave
the intended elastic regime and show nonphysical rupture or inter-
penetration. We, therefore, use acoustic frequency measurements
as an independent constraint on k,. The frequency observables are
evaluated using the acoustic surrogates described in Sec. II B. Before
including the acoustic data in the hierarchy, we assessed the under-
lying polynomial surrogates by leave-one-out validation at every
diameter associated with a retained acoustic measurement.

Figure 6 shows that the diameter-specific relative L* errors
in fes range from 0.9% to 4.9% for Definity and 0.3%-0.5% for
SonoVue. These results support the use of the polynomial surrogates
as acoustic surrogates in the subsequent hierarchical inference.

For both Definity and SonoVue models, we then infer hier-
archical hyperparameters for the reduced models to quantify how
(ka, kp, do) vary across diameters while conditioning on the mechan-
ical and acoustic observations (Sec. II C). For each EMB model,
this step pools information across its three mechanically calibrated
diameters and the acoustic observations to learn hierarchical pri-
ors that regularize the diameter-specific posteriors. Using these
learned priors, we subsequently perform diameter-specific TMCMC
inference for the three diameters of each EMB model (see Fig. 3,
block ®). For each bubble i, these posteriors P(8,) constitute
the reduced-model distributions used downstream for propagated-
response bands, Maximum A Posteriori (MAP) extraction, and
spectroscopy-only full-model consistency checks. Figure 7 com-
pares the broad regions compatible with the force spectroscopy
data in the linear regime with hierarchical posteriors conditioned
jointly on force spectroscopy and acoustic data in the (kaq, k;) plane.
The hierarchical posteriors cover a substantially narrower part of
the mechanical compatibility ridge while retaining diameter-specific
structure within each EMB model.

Figure 8 shows that the jointly conditioned posteriors remain
compatible with both the retained force spectroscopy data and
the acoustic observations. In Fig. 8(c), the available Definity fre-
quency measurements concern bubbles larger than d,-ds, whereas
the predictions are reported at di-ds. The shared Definity hierar-
chy transfers this information to d;-ds under the assumption that
all Definity datasets arise from a common parameter population. No
empirical frequency-diameter relation is fitted or extrapolated.
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FIG. 8. Reduced-model posterior propa-
gation. Panels (a) and (b) show Definity
(ink) compression and SonoVue (gold)
indentation responses, respectively, with
all three diameters overlaid in each
case. For each diameter, colored lines
denote the reduced hierarchical pos-
terior median response, the shaded
bands denote central 90% posterior pre-
dictive intervals, and the open circles
denote force spectroscopy data in the
retained linear regime. Panels (c) and
(d) show posterior medians and inter-
vals propagated through the acoustic
surrogates together with acoustic obser-
vations shown as open circles. The
experimental data are from Refs. 41, 42,
68, and 69.

FIG. 9. Direct DPD consistency checks
at the reduced-model MAP values for
all six bubbles. Panels (a) and (b) com-
pare force spectroscopy data in the lin-
ear regime with direct DPD responses
for Definity (ink) and SonoVue (gold),
respectively. Panels (c) and (d) com-
pare acoustic observations with direct
DPD resonance frequencies at the corre-
sponding MAP values. The experimental
data are from Refs. 41, 42, 68, and 69.
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To confirm that the surrogate-based reduced calibrations
remain faithful to the underlying particle-based model at represen-
tative reduced-model MAP parameter sets, we compare reduced-
model MAP curves from DNN-guided inferences with direct DPD
runs (see Fig. 3, block @). Because propagating full posterior
uncertainty directly through the DPD simulations would require
prohibitively many expensive evaluations, we restrict the direct con-
firmation in the present paper to sparse MAP-level overlays. For
both Definity and SonoVue models, the direct reduced-model MAP
DPD responses compare well with the experimental force spec-
troscopy data in the linear regime. Figure 9 displays these mechani-
cal comparisons together with direct DPD resonance frequencies for
all six bubbles.

The final reduced hierarchical MAP values of the dominant
elastic parameters are summarized in Table L.

Separately from the acoustically conditioned reduced work-
flow, we retain the spectroscopy-only full-versus-reduced compar-
ison as a sanity check on the reduced parameterization. In this
comparison, the full and reduced force fields are calibrated to the
same force spectroscopy data, and we quantify the discrepancy
between their MAP surrogate responses via the relative L* dif-
ference, 100[yi? — yMAP |2/ v 2. The worst-case discrepancy
across diameters remains below 1.2% for Definity and below 1.9%
for SonoVue. Figure 10 compares the full- and reduced-model MAP
surrogates in real units, showing that the two workflows are close
at the level of the fitted response. This spectroscopy-only agreement
is further supported by the CRPS,”””’ which measures how closely
the full posterior predictive distribution matches the observed data
while rewarding both calibration and sharpness, and shows com-
parable performance of the full and reduced models in terms of
coverage and statistical consistency with the reference data (Tables
S5 and S6 in the supplementary material). Together with the MAP
overlays, these results show that the reduced and full force spec-
troscopy workflows have similar posterior-predictive CRPS values.
We, therefore, use the full workflow here only as a confirmatory
safety check. The practical conclusion is that, in the present quasi-
static regime, the nonlinear elastic terms are weakly informed and
the reduced model captures the dominant behavior in the linear
regime that the data can support.
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TABLE |. Reduced hierarchical MAP values of the dominant elastic parameters
across different types and diameters.

Type Diameter ka ky
d; (2.1 um) 8970.6 144.5
Definity d> (2.9 ym) 17 786.1 926.9
ds (3.0 ym) 16 594.4 241.6
ds (3.2 ym) 10 657.5 18326.8
SonoVue ds (3.4 ym) 9915.9 2037.1
ds (5.8 ym) 11268.4 26 823.1

In both EMB types, the stretching and bending responses
dominate the observable force-displacement behavior, whereas the
nonlinear coefficients remain only weakly constrained (Secs. 111 B
and I1I C). That is why we adopted a reduced model immediately
after the sensitivity analysis and retained the full model only for
the spectroscopy sanity check in Sec. IIT C. This choice was later
supported by stable reduced posteriors before and after hierarchical
pooling, and close full-vs-reduced MAP overlays and posterior-
predictive CRPS. This result implies that the nonlinear interactions
are weakly constrained by the present experiments and do not signif-
icantly improve the fitted response in this regime. With the reduced
parameterization fixed, the hierarchical inference step then serves
to regularize reduced-model posteriors through population-level
structure learned in the hyperparameter inference phase (Sec. I1I C).

As can be seen in Table I, the inferred values of k, and k; differ
across bubble diameters. This is not surprising since the microbub-
bles used in experiments differ in shell thickness, lipid packing, and
loading history. This is physically important because in the thin
shell limit, the in-plane elastic constants scale linearly with shell
thickness, whereas the bending stiffness scales with the cube of the
thickness. As a result, even relatively small variations in the thick-
ness can produce substantial differences in the effective mechanical
response. The reported diameter dependent values of k, and k;,
should, therefore, be understood as effective coefficients describing
each microbubble within the present modeling framework.
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A separate source of uncertainty comes from curve alignment.
In force-deformation measurements of EMB, uncertainty in the pre-
cise location of first contact introduces a systematic ambiguity in
the deformation coordinate. A calibrated quantity do was, therefore,
introduced to compensate for the initial loading state and align-
ment uncertainty in the reference curves, which are not explicitly
represented in the present DPD model. It accounts for a real exper-
imental ambiguity associated with contact-point determination and
prevents that ambiguity from being attributed to shell stiffness. The
scope of these conclusions is also limited by the experimental regime.
The data are quasi-static and low dimensional, over a limited load-
ing range, for six diameter-specific datasets. Validating the full force
field would require additional observables, such as dynamic acoustic
response. Finally, the uncertainty estimates are conditional on the
surrogate pipeline. The workflow relies on surrogates constructed
from finite simulation databases. The grouped-holdout DNN errors
reported in Table S2 in the supplementary material and the leave-
one-out polynomial errors reported in Fig. 6 are low enough to
make the inference tractable and credible, but neither surrogate
error is zero. In the current workflow, these surrogate errors are
treated as zero during inference and propagation, so only parameter
uncertainty and the inferred observation noise enter the displayed
posterior predictive bands. A related limitation concerns direct sim-
ulation validation. This paper does not report posterior predictive
bands computed directly with the underlying particle-based model
itself: propagating a large posterior ensemble through DPD would
be prohibitively expensive with the current simulation cost. Like-
wise, the direct DPD overlays reported in Sec. III are representative
MAP-level checks only; they are useful confirmation runs at selected
parameter points but not exhaustive validations over all diameters
or over full posterior regions.

IV. CONCLUSION

In this work, we developed data-informed DPD models that
quantify the stretching stiffness and bending modulus of two types of
lipid-EMBs using a surrogate-accelerated Bayesian inference frame-
work. Our models accounted for variations in EMB size, elastic
parameters, displacement offset, and measurement noise. Model
parameters were calibrated against the linear regime of three force
spectroscopy datasets for each EMB type, together with acoustic-
frequency observations entering the hierarchical calibration. The use
of DNN mechanical surrogates and polynomial acoustic surrogates
enabled efficient posterior sampling while maintaining high fidelity
to the underlying DPD simulations. Parameter uncertainties were
propagated through forward predictions to assess model robustness
and transferability.

In addition to these uncertainties, the assumption of a constant
membrane thickness introduces an additional source of uncertainty
in the inferred elastic parameters. As noted in AFM studies of
phospholipid microbubbles, apparent variations in Young’s mod-
ulus with EMB size may arise from underlying variations in shell
thickness, lipid packing, or loading history, which can explain
why the ordering of the reference experimental force-displacement
curves does not necessarily follow the ordering of bubble diameter.
To address this limitation, the DPD model could be extended to
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properly account for the variability of the shell-thickness, which
could then be calibrated from the data. The next step, beyond
the scope of the present quasi-static study, will be to test how
the calibrated models perform in acoustic simulations. That set-
ting would test dynamic behavior beyond the acoustic-frequency
observations used here and would, therefore, help to assess whether
the reduced force field remains sufficient beyond compression
and indentation. Such studies would also show how calibration
uncertainty in the mechanical parameters propagates to acousti-
cally relevant predictions. If direct DPD uncertainty bands become
necessary, one possible route would be to use an unscented trans-
form built around a small set of carefully selected DPD evalua-
tions,”! so that uncertainty bands from DPD simulations can be
approximated without brute-force posterior propagation. The more
direct next step would be to carry the calibrated posterior dis-
tributions into acoustically relevant simulations and compare the
resulting behavior across model choices. More broadly, this estab-
lished surrogate-accelerated Bayesian route shows that rigorous UQ
for particle-based soft-matter models is feasible once high-fidelity
simulations are coupled with surrogates and hierarchical Bayesian
inference. This combination made it possible to calibrate para-
meters, compare reduced and full force fields, and identify weakly
constrained terms. Even though the present study ultimately favored
a reduced force field in this experimental regime, that outcome is
still informative, because it identifies the level of model complex-
ity supported by the current data and indicates what additional
dynamic measurements and simulations would be needed to jus-
tify more complex models. Our force spectroscopy data-informed
EMB models provide a basis for large-scale acoustic simulations
to determine key ultrasound parameters,’” such as intensity, pulse
duration, and frequency, for USDG. The methodology can be further
extended to model development of ligand-functionalized EMBs or
encapsulated gas vesicles,””’” "* and contrast agents for other imag-
ing techniques, including echocardiography,”” magnetic resonance
imaging, positron emission tomography, diffraction-enhanced x-ray
imaging,”® and x-ray dark-field imaging.””

SUPPLEMENTARY MATERIAL

The supplementary material includes implementation details,
experimental data information, hierarchical inference procedures,
TMCMC and surrogate-model configurations, acoustic-frequency
extraction, sensitivity-analysis methodology, and parameter tables.

ACKNOWLEDGMENTS

The authors acknowledge financial support under the ERC
Advanced Grant MULTraSonicA (Grant No. 885155) from the
European Research Council. We also acknowledge the EuroHPC
Joint Undertaking for awarding the project ID EHPC-REG-
2025R02-164 access to Vega at IZUM (Slovenia) and Karolina at
e-INFRA CZ (Czech Republic).

AUTHOR DECLARATIONS
Conflict of Interest

The authors have no conflicts to disclose.

J. Chem. Phys. 165, 105101 (2026); doi: 10.1063/5.0343171
© Author(s) 2026

165, 105101-13

6G:2L11L 9202 Jequsides 0L


https://pubs.aip.org/aip/jcp
https://doi.org/10.60893/figshare.jcp.c.8553138
https://doi.org/10.60893/figshare.jcp.c.8553138

The Journal

of Chemical Physics

Author Contributions

Brieuc Benvegnen and Nikolaos Ntarakas contributed equally
to this work.

Brieuc Benvegnen: Investigation (lead); Methodology (equal); Soft-
ware (equal); Validation (equal); Writing — original draft (equal);
Writing - review & editing (equal). Nikolaos Ntarakas: Investi-
gation (lead); Methodology (equal); Software (equal); Validation
(equal); Writing - original draft (equal); Writing - review & editing
(equal). Tilen Potisk: Investigation (equal); Methodology (equal);
Software (equal); Validation (equal); Writing — review & editing
(equal). Ignacio Pagonabarraga: Methodology (equal); Supervision
(equal); Writing - review & editing (equal). Matej Praprotnik:
Conceptualization (lead); Funding acquisition (lead); Investiga-
tion (equal); Methodology (equal); Resources (equal); Supervision
(equal); Writing - review & editing (equal).

DATA AVAILABILITY

The data that support the findings of this study are openly
available in GitHub (https://github.com/L17-Projects/embUQ).

REFERENCES

TE. Stride, Cerebrovasc. Dis. 27, 1 (2009).

2K. Ferrara, R. Pollard, and M. Borden, Annu. Rev. Biomed. Eng. 9, 415 (2007).
3A. L. Klibanov, Invest. Radiol. 41, 354 (2006).

“S. Datta, C.-C. Coussios, A. Y. Ammi, T. D. Mast, G. M. de Courten-Myers, and
C. K. Holland, Ultrasound Med. Biol. 34, 1421 (2008).

53. R. Sirsi and M. A. Borden, Adv. Drug Delivery Rev. 72, 3 (2014).

SE. P. Stride and C. C. Coussios, Proc. Inst. Mech. Eng., Part H 224, 171 (2010).
7C. C. Coussios and R. A. Roy, Annu. Rev. Fluid Mech. 40, 395 (2008).

8X. Guo, Q. Li, Z. Zhang, D. Zhang, and J. Tu, J. Acoust. Soc. Am. 134, 1622
(2013).

9E.E. Konofagou, Theranostics 2, 1223 (2012).

195, Tinkov, R. Bekeredjian, G. Winter, and C. Coester, ]. Pharm. Sci. 98, 1935
(2009).

1S, Tinkov, C. Coester, S. Serba, N. A. Geis, H. A. Katus, G. Winter, and R.
Bekeredjian, ]. Controlled Release 148, 368 (2010).

2K, Hynynen, N. McDannold, N. Vykhodtseva, and F. A. Jolesz, Radiology 220,
640 (2001).

13g, Glynos, V. Sboros, and V. Koutsos, Mater. Sci. Eng. B 165, 231 (2009).

“E. Glynos, V. Koutsos, W. N. McDicken, C. M. Moran, S. D. Pye, J. A. Ross, and
V. Sboros, Langmuir 25, 7514 (2009).

'SE. Evans and A. Yeung, Biophys. J. 56, 151 (1989).

16C. C. Church, J. Acoust. Soc. Am. 97, 1510 (1995).

17]. Tu, J. Guan, Y. Qiu, and T. J. Matula, ]. Acoust. Soc. Am. 126, 2954 (2009).
8C-L. Cai, J. Yu, J. Tu, X.-S. Guo, P.-T. Huang, and D. Zhang, Chin. Phys. B 27,
084302 (2018).

%Y. Guo, H. Lee, C. Kim, C. Park, A. Yamamichi, P. Chuntova, M. Gallus, M. O.
Bernabeu, H. Okada, H. Jo, and C. Arvanitis, Nat. Commun. 15, 8021 (2024).
20R. D. Groot and P. B. Warren, ]. Chem. Phys. 107, 4423 (1997).

21p_ Espariol and P. Warren, Europhys. Lett. 30, 191 (1995).

22N, Ntarakas, M. Lah, D. Svensek, T. Potisk, and M. Praprotnik, ACS Appl. Nano
Mater. 8, 16053 (2025).

Zp, Angelikopoulos, C. Papadimitriou, and P. Koumoutsakos, J. Chem. Phys.
137, 144103 (2012).

24 A Gelman and C. R. Shalizi, Br. J. Math. Stat. Psychol. 66, 8 (2013).

25p, Gregory, Bayesian Logical Data Analysis for the Physical Sciences: A Com-
parative Approach with Mathematica® Support (Cambridge University Press,
2005).

ARTICLE pubs.aip.org/aipl/jcp

26A. T. Nordman, S. Engblom, and D. van der Spoel, npj Comput. Mater. 11, 366
(2025).

27, Amoudruz, S. Litvinov, C. Papadimitriou, and P. Koumoutsakos, Comput.
Methods Appl. Mech. Eng. 455, 118903 (2026).

285, Wu, P. Angelikopoulos, G. Tauriello, C. Papadimitriou, and P. Koumout-
sakos, ]. Chem. Phys. 145, 244112 (2016).

29F. Cailliez, A. Bourasseau, and P. Pernot, J. Comput. Chem. 35, 130 (2014).
307, Zhang, L. Wang, Z. Wang, X. He, Y. Chen, F. Miiller-Plathe, and M. C. B6hm,
RSC Adv. 4, 56625 (2014).

31C. K. Williams and C. E. Rasmussen, Gaussian Processes for Machine Learning
(MIT Press, Cambridge, MA, 2006), Vol. 2.

32D. Wu, M. Chinazzi, A. Vespignani, Y.-A. Ma, and R. Yu, in Proceedings
of the 28th ACM SIGKDD Conference on Knowledge Discovery and Data Min-
ing (Association for Computing Machinery, New York, NY, USA, 2022), pp.
2029-2038.

33 M. Raissi, P. Perdikaris, and G. E. Karniadakis, ]. Comput. Phys. 378, 686 (2019).
34L. Lu, X. Meng, Z. Mao, and G. E. Karniadakis, SIAM Rev. 63, 208 (2021).

35p, Ray, A. P. Generale, N. Vankireddy, Y. Asoma, M. Nakauchi, H. Lee, K.
Yoshida, Y. Okuno, and S. R. Kalidindi, npj Comput. Mater. 11, 234 (2025).

3], Ching and Y.-C. Chen, J. Eng. Mech. 133, 816 (2007).

37]. L. Beck and S.-K. Au, J. Eng. Mech. 128, 380 (2002).

38 A. Gelman, Technometrics 48, 432 (2006).

%9A. Economides, G. Arampatzis, D. Alexeev, S. Litvinov, L. Amoudruz, L.
Kulakova, C. Papadimitriou, and P. Koumoutsakos, Phys. Rev. Appl. 15, 034062
(2021).

“°L. Amoudruz, A. Economides, G. Arampatzis, and P. Koumoutsakos, Biophys.
J.122, 1517 (2023).

“1E. Buchner Santos, J. K. Morris, E. Glynos, V. Sboros, and V. Koutsos, Langmuir
28,5753 (2012).

427, K. Morris, “The mechanical properties of phospholipid coated microbubbles,”
Ph.D. thesis, University of Edinburgh, 2014.

“3D. Wiilchli, S. M. Martin, A. Economides, L. Amoudruz, G. Arampatzis, X. Bian,
and P. Koumoutsakos, in Proceedings of the Platform for Advanced Scientific Com-
puting Conference (Association for Computing Machinery, New York, NY, USA,
2020), pp. 1-12.

44L. Amoudruz, “Simulations and control of artificial microswimmers in blood,”
Ph.D. thesis, ETH Zurich, 2022.

“5L. Amoudruz, A. Economides, and P. Koumoutsakos, Biophys. J. 123, 1289
(2024).

461, Amoudruz, S. Litvinov, R. Murri, V. Eyrich, J. Zudrop, C. Bekas, and P.
Koumoutsakos, Comput. Phys. Commun. 320, 109967 (2025).

47X. Bian, S. Litvinov, and P. Koumoutsakos, Comput. Methods Appl. Mech. Eng.
359, 112758 (2020).

“8H. W. Gerald Lim, M. Wortis, and R. Mukhopadhyay, Proc. Natl. Acad. Sci. U.
S. A. 99, 16766 (2002).

“®H. Lim, M. Wortis, and R. Mukhopadhyay, in Soft Matter (Wiley-VCH Verlag
GmbH & Co. KGaA, Weinheim, 2009), pp. 83-139.

59B. Bozi¢ and G. Gomiscek, Phys. Rev. E 86, 051902 (2012).

ST, Revenga, I. Zuniga, and P. Espanol, Comput. Phys. Commun. 121, 309
(1999).

52D, A. Fedosov, B. Caswell, and G. E. Karniadakis, Biophys. ]. 98, 2215 (2010).
S3p, Alexeev, L. Amoudruz, S. Litvinov, and P. Koumoutsakos, Comput. Phys.
Commun. 254, 107298 (2020).

541, Paulose, G. A. Vliegenthart, G. Gompper, and D. R. Nelson, Proc. Natl. Acad.
Sci. U. S, A. 109, 19551 (2012).

55p. Pape?, F. Merzel, and M. Praprotnik, J. Chem. Phys. 159, 135101 (2023).
56S. M. Martin, D. Walchli, G. Arampatzis, A. E. Economides, P. Karnakov, and
P. Koumoutsakos, Comput. Methods Appl. Mech. Eng. 389, 114264 (2022).

57T, Gneiting and A. E. Raftery, ]. Am. Stat. Assoc. 102, 359 (2007).

58T, Gneiting, F. Balabdaoui, and A. E. Raftery, J. R. Stat. Soc. Ser. B: Stat.
Methodol. 69, 243 (2007).

59H. Hersbach, Weather Forecast. 15, 559 (2000).

60]. R. Lindner, J. Song, A. R. Jayaweera, J. Sklenar, and S. Kaul, ]. Am. Soc.
Echocardiogr. 15, 396 (2002).

J. Chem. Phys. 165, 105101 (2026); doi: 10.1063/5.0343171
© Author(s) 2026

165, 105101-14

65:CL:}1 9202 Jequialdas oL


https://pubs.aip.org/aip/jcp
https://github.com/L17-Projects/embUQ
https://doi.org/10.1159/000203122
https://doi.org/10.1146/annurev.bioeng.8.061505.095852
https://doi.org/10.1097/01.rli.0000199292.88189.0f
https://doi.org/10.1016/j.ultrasmedbio.2008.01.016
https://doi.org/10.1016/j.addr.2013.12.010
https://doi.org/10.1243/09544119jeim622
https://doi.org/10.1146/annurev.fluid.40.111406.102116
https://doi.org/10.1121/1.4812887
https://doi.org/10.7150/thno.5576
https://doi.org/10.1002/jps.21571
https://doi.org/10.1016/j.jconrel.2010.09.004
https://doi.org/10.1148/radiol.2202001804
https://doi.org/10.1016/j.mseb.2009.06.016
https://doi.org/10.1021/la900317d
https://doi.org/10.1016/s0006-3495(89)82660-8
https://doi.org/10.1121/1.412091
https://doi.org/10.1121/1.3242346
https://doi.org/10.1088/1674-1056/27/8/084302
https://doi.org/10.1038/s41467-024-52329-y
https://doi.org/10.1063/1.474784
https://doi.org/10.1209/0295-5075/30/4/001
https://doi.org/10.1021/acsanm.5c02783
https://doi.org/10.1021/acsanm.5c02783
https://doi.org/10.1063/1.4757266
https://doi.org/10.1111/j.2044-8317.2011.02037.x
https://doi.org/10.1038/s41524-025-01879-w
https://doi.org/10.1016/j.cma.2026.118903
https://doi.org/10.1016/j.cma.2026.118903
https://doi.org/10.1063/1.4967956
https://doi.org/10.1002/jcc.23475
https://doi.org/10.1039/c4ra10271a
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1137/19m1274067
https://doi.org/10.1038/s41524-025-01729-9
https://doi.org/10.1061/(asce)0733-9399(2007)133:7(816)
https://doi.org/10.1061/(asce)0733-9399(2002)128:4(380)
https://doi.org/10.1198/004017005000000661
https://doi.org/10.1103/physrevapplied.15.034062
https://doi.org/10.1016/j.bpj.2023.03.019
https://doi.org/10.1016/j.bpj.2023.03.019
https://doi.org/10.1021/la204801u
https://doi.org/10.1016/j.bpj.2024.04.015
https://doi.org/10.1016/j.cpc.2025.109967
https://doi.org/10.1016/j.cma.2019.112758
https://doi.org/10.1073/pnas.202617299
https://doi.org/10.1073/pnas.202617299
https://doi.org/10.1103/PhysRevE.86.051902
https://doi.org/10.1016/S0010-4655(99)00341-0
https://doi.org/10.1016/j.bpj.2010.02.002
https://doi.org/10.1016/j.cpc.2020.107298
https://doi.org/10.1016/j.cpc.2020.107298
https://doi.org/10.1073/pnas.1212268109
https://doi.org/10.1073/pnas.1212268109
https://doi.org/10.1063/5.0163801
https://doi.org/10.1016/j.cma.2021.114264
https://doi.org/10.1198/016214506000001437
https://doi.org/10.1111/j.1467-9868.2007.00587.x
https://doi.org/10.1111/j.1467-9868.2007.00587.x
https://doi.org/10.1175/1520-0434(2000)015<0559:dotcrp>2.0.co;2
https://doi.org/10.1067/mje.2002.117290
https://doi.org/10.1067/mje.2002.117290

The Journal

of Chemical Physics

61B. Baseri, J. J. Choi, Y.-S. Tung, and E. E. Konofagou, Ultrasound Med. Biol. 36,
1445 (2010).

62M. Schneider, Eur. Radiol. 9, $347 (1999).

53C. Demené, ]. Robin, A. Dizeux, B. Heiles, M. Pernot, M. Tanter, and F. Perren,
Nat. Biomed. Eng. 5,219 (2021).

54N. de Jong, M. Emmer, C. T. Chin, A. Bouakaz, F. Mastik, D. Lohse, and M.
Versluis, Ultrasound Med. Biol. 33, 653 (2007).

65]. S. Ma, M. A. Gémez Maureira, and J. N. Van Rijn, in Compan-
ion Publication of the 2020 International Conference on Multimodal Inter-
action (Association for Computing Machinery, New York, NY, USA, 2020),
pp. 348-351.

65]. Herman and W. Usher, |. Open Source Software 2, 97 (2017).

57 A. Lytra, V. Sboros, A. Giannakopoulos, and N. Pelekasis, Soft Matter 16, 4661
(2020).

8D, E. Goertz, N. de Jong, and H. J. Vos, in 2006 IEEE Ultrasonics Symposium
(IEEE, 2006), pp. 216-219.

695, M. van der Meer, M. Versluis, D. Lohse, C. T. Chin, A. Bouakaz, and N. de
Jong, in 2004 IEEE Ultrasonics Symposium (IEEE, 2004), Vol. 1, pp. 343-345.

70J. E. Matheson and R. L. Winkler, Manage. Sci. 22, 1087 (1976).

ARTICLE pubs.aip.org/aipl/jcp

71S. 7. Julier and J. K. Uhlmann, in Proceedings of the 2002 American Control
Conference (IEEE, 2002), Vol. 2, pp. 887-892.

72M. Lah, N. Ntarakas, T. Potisk, P. Papez, and M. Praprotnik, ]. Chem. Phys. 162,
024103 (2025).

73D. Maresca, A. Lakshmanan, M. Abedi, A. Bar-Zion, A. Farhadi, G. J.Lu, J. O.
Szablowski, D. Wu, S. Yoo, and M. G. Shapiro, Annu. Rev. Chem. Biomol. Eng. 9,
229 (2018).

74H., Salahshoor, Y. Yao, P. Dutka, N. N. Nystrém, Z. Jin, E. Min, D. Malounda,
G.J. Jensen, M. Ortiz, and M. G. Shapiro, Biophys. J. 121, 4221 (2022).

73P. Dutka, L. A. Metskas, R. C. Hurt, H. Salahshoor, T.-Y. Wang, D. Malounda,
G.J. Ly, T.-F. Chou, M. G. Shapiro, and G. J. Jensen, Structure 31, 518 (2023).
76C. A. B. Smith, A. Bar-Zion, Q. Wu, D. Malounda, L. Bau, E. Stride, M. G.
Shapiro, and C. C. Coussios, AIP Adv. 15, 025016 (2025).

77B. A. Kaufmann, K. Wei, and J. R. Lindner, Curr. Probl. Cardiol. 32, 51 (2007).
78p, Kogan, R. C. Gessner, and P. A. Dayton, Bubble Sci., Eng., Technol. 2, 3
(2010).

72 A. Velroyen, M. Bech, A. Malecki, A. Tapfer, A. Yaroshenko, M. Ingrisch, C. C.
Cyran, S. D. Auweter, K. Nikolaou, M. Reiser, and F. Pfeiffer, Phys. Med. Biol. 58,
N37 (2013).

J. Chem. Phys. 165, 105101 (2026); doi: 10.1063/5.0343171
© Author(s) 2026

165, 105101-15

65:CL:}1 9202 Jequialdas oL


https://pubs.aip.org/aip/jcp
https://doi.org/10.1016/j.ultrasmedbio.2010.06.005
https://doi.org/10.1007/pl00014071
https://doi.org/10.1038/s41551-021-00697-x
https://doi.org/10.1016/j.ultrasmedbio.2006.09.016
https://doi.org/10.21105/joss.00097
https://doi.org/10.1039/d0sm00300j
https://doi.org/10.1287/mnsc.22.10.1087
https://doi.org/10.1063/5.0238348
https://doi.org/10.1146/annurev-chembioeng-060817-084034
https://doi.org/10.1016/j.bpj.2022.09.004
https://doi.org/10.1016/j.str.2023.03.011
https://doi.org/10.1063/5.0239607
https://doi.org/10.1016/j.cpcardiol.2006.10.004
https://doi.org/10.1179/175889610x12730566149100
https://doi.org/10.1088/0031-9155/58/4/n37

