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In the heart, synchronous electrical activation of the ventricles is a necessary condition for optimal cardiac
pump function [1, 2]. When this physiological activation is disrupted by conduction disorders such as
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Abstract

Cardiac conduction disorders such as left bundle branch block (LBBB) induce ventricular dyssyn-
chrony and increase the risk of heart failure. Cardiac resynchronization therapy (CRT) improves
cardiac function in approximately 70 % of patients; however, optimizing patient selection and pacing
strategy remains challenging. We present a patient-specific computational framework that integrates
physics-based modeling with Bayesian personalization to simulate cardiac electromechanical func-
tion and acute response to CRT. Patient-specific anatomies are reconstructed from cardiac MRI,
and electrical activation is modeled using a three-dimensional Eikonal formulation with probabilistic
inference of the Purkinje network from ECG data via Bayesian Optimization. This approach en-
ables uncertainty quantification by identifying multiple activation patterns consistent with clinical
observations. Electrical activation is coupled to a closed-loop cardiovascular model (CircAdapt), cal-
ibrated using Constrained Bayesian Optimization to match MRI-derived volumetric measurements.
The framework enables the simulation of multiple pacing strategies and the non-invasive estimation
of their acute hemodynamic effects, while propagating electrophysiological uncertainty to mechani-
cal outputs. Relying exclusively on non-invasive data and maintaining low computational cost, the
proposed framework provides a scalable approach toward uncertainty-aware cardiac digital twins for
personalized CRT planning.

Keywords: Patient-specific modeling; Electrophysiology; Cardiac resynchronization therapy; Ven-
tricular dyssynchrony; Eikonal model; Bayesian optimization; Uncertainty quantification.

Introduction

left bundle branch block (LBBB) [3], the risk of developing heart failure increases significantly [4].

Cardiac resynchronization therapy (CRT) has been shown to be an effective treatment for patients
with heart failure (NYHA class II-1V) with reduced ejection fraction (<35 %) and ventricular conduction
delay (QRS complex >120ms) [5]. In clinical practice, this primarily applies to patients with LBBB. In
this therapy, electrical activation and mechanical contraction are resynchronized by electrical stimulation
of both ventricles. Various pacing protocols have been proposed and tested to optimize response to CRT,
ranging from conventional biventricular pacing (the current gold standard) to novel strategies such as

conduction system pacing (CSP) [6].

*Corresponding author. E-mail: simone.pezzuto@unitn.it
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Clinical CRT trials have shown a positive response in approximately 70 % of patients, corresponding
to an improvement in pump function [7]. This implies that a substantial proportion of patients may
either receive suboptimal therapy or undergo unnecessary device implantation. Inadequate response can
be related to suboptimal left ventricular (LV) lead positioning or the presence of regional myocardial
scarring [8]. In this context, a tailored approach is desirable, as multiple patient-specific factors contribute
to the design of the optimal therapeutic strategy. Moreover, these factors are derived from multimodal
sources, such as electrocardiography, cardiac imaging, and echocardiography, making their integration
into the clinical decision-making process challenging.

Computational models of the heart have reached a level of maturity that enables their use as inte-
grative tools for combining multimodal clinical data and for exploring therapeutic scenarios in a mech-
anistically interpretable manner [9]. This paradigm has been extensively investigated over the past
decade [10, 11, 12|, leading to the concept of the cardiac digital twin [13]. However, despite several
promising applications [14, 15], clinical translation remains limited. Major challenges include the high
computational cost of cardiovascular models required for post-CRT electromechanical and hemodynamic
assessment [16], the limited identifiability of model parameters from non-invasive clinical data [17], and
the presence of both epistemic and aleatoric uncertainties, which must be quantified to enable reliable
clinical decision-making [18]. In particular, current approaches either lack detailed personalization of the
cardiac conduction system or do not explicitly account for uncertainty in model predictions, limiting their
reliability for patient-specific decision support. This gap motivates the development of computational
frameworks that combine detailed electrophysiological personalization with uncertainty-aware prediction
of hemodynamic response.

In this work, we address these challenges by introducing an efficient cardiovascular modeling frame-
work, building on previous electromechanical approaches [19], combined with a Bayesian pipeline for
parameter calibration and uncertainty quantification across model components [20]. The forward model
integrates two main components: an electrophysiology (EP) module and a lumped, closed-loop cardio-
vascular model (CircAdapt) [21, 22]. The EP component is based on the anisotropic Eikonal equation
for the three-dimensional myocardium [23, 24], coupled to a parametrized Purkinje network to account
for both orthodromic and antidromic activation [20, 25]. Using a lead-field formulation within a patient-
specific torso model [26], the framework enables the simulation of physiological ECG signals that can be
directly compared with clinical recordings. The cardiovascular component is driven by region-averaged
activation times via the MultiPatch approach [27], enabling the simulation of regional myocardial strain,
pressure—volume loops, and global hemodynamic response at a prescribed heart rate. Importantly, the
overall framework remains computationally efficient while retaining physiological fidelity [28§].

A distinctive feature of this framework is the explicit personalization of the Purkinje network from
ECG data, enabling a patient-specific reconstruction of ventricular activation patterns [20, 29]. Specif-
ically, we adopt a Bayesian Optimization (BO) framework and Approximate Bayesian Computation
(ABC) [20] to infer a posterior distribution of Purkinje network configurations consistent with the ob-
served ECG. In this work, we extend this probabilistic personalization to the cardiovascular component
in two ways. First, uncertainty in the electrophysiological model (encoded in the posterior distribution
of Purkinje networks) is propagated to the mechanical and hemodynamic outputs. Second, we calibrate
a subset of identifiable cardiovascular parameters using patient-specific measurements derived from Car-
diac Magnetic Resonance (CMR), namely left and right atrial and ventricular volumes at end-diastole
and end-systole. A key methodological component is the adoption of a constrained Bayesian optimiza-
tion (CBO) approach [30]. While individual parameter values may be physiologically admissible, their
combination can lead to non-physiological model states. The constrained formulation addresses this
issue by learning the feasible region of the parameter space during the optimization process, thereby
ensuring physiologically consistent solutions [31, 18]. Overall, the proposed framework enables calibra-
tion to patient-specific data while explicitly accounting for uncertainty in both electrophysiological and
hemodynamic predictions.

This capability is particularly relevant for the patient-specific evaluation of CRT strategies [32, 33,
15]. First, the electrophysiological (EP) personalization enables an accurate reconstruction of the baseline
activation pattern prior to device implantation. Second, the framework allows the simulation of multiple
pacing scenarios, enabling the assessment of the acute cardiovascular response and the non-invasive esti-
mation of post-CRT hemodynamic metrics in a statistically robust manner. In this work, we evaluate the
proposed framework in a cohort of heart failure patients with heterogeneous characteristics, including the
presence of myocardial scar, who underwent CRT following a diagnosis of conduction disturbances [34].
For each patient, the model is anatomically personalized using cardiac imaging data and calibrated to
reproduce both the baseline ECG and observed volumetric measurements. Subsequently, several pacing
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strategies are explored, ranging from conventional left ventricular epicardial pacing to conduction system
pacing (CSP), the latter enabled by the explicit representation of the Purkinje network within the model.
Finally, the framework allows the assessment of how uncertainty in electrical activation (arising from
variability in Purkinje network geometry) affects predicted hemodynamic outcomes, providing insight
into the robustness of patient-specific simulations.

A schematic representation of the workflow is shown in Figure 1, highlighting the integration of
electrophysiological personalization, uncertainty quantification, and hemodynamic modeling within the
proposed framework.
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Figure 1: Schematic representation of the modeling workflow. Purkinje network geometry and electro-
physiological (EP) parameters are identified using a probabilistic approach (BO+ABC) to reproduce the
patient-specific LBBB ECG. Activation maps are computed with the Eikonal model and used to simulate
different pacing strategies. Region-averaged activation times (AHA segmentation) are provided as input
to CircAdapt to compute mechanical and hemodynamic metrics, while model parameters are calibrated
independently using constrained Bayesian optimization (CBO) to match CMR-~derived volumes.

J

2 Results

This section presents the application of the proposed uncertainty-aware framework to four patients with
LBBB. The numerical validation of the electrophysiological (EP) personalization pipeline, including the
recovery of ground-truth parameter distributions from synthetic ECG data, has been previously reported
in [20]. Here, we demonstrate the complete pipeline on a representative LBBB case study, with a focus
on its integration with the mechanical and hemodynamic components (Section 2.1).

We then assess the robustness of the CircAdapt calibration procedure through a synthetic recovery
test and evaluate parameter identifiability (Sections 2.2 and 2.3). Finally, we investigate the predicted
acute response to different pacing strategies across the patient cohort, reporting both electrophysiological
and mechano-hemodynamic outcomes (Section 2.4).
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Uncertainty in model predictions, arising from the probabilistic identification of Purkinje network
configurations, is quantified and propagated throughout all analyses.

2.1 End-to-end pipeline: representative LBBB case study

To simulate the mechanical and hemodynamic outcomes of LBBB and CRT, we first model the electrical
activation in the ventricles of patients with LBBB (see Section 4.1 for methodological details). Starting
from the Ngample = 30 Purkinje networks obtained from probabilistic EP personalization via BO and
ABC (Section 4.4.2), each network is coupled to the myocardium, and the Eikonal-based forward model is
used to compute three-dimensional ventricular activation maps and corresponding ECGs (Figure 2a-b).
Figure 2a shows the activation map for one representative network, while Figure 2b reports five ECG
leads across all 30 simulations.

The activation maps exhibit a pattern consistent with LBBB, characterized by early septal activation
and delayed activation of the left ventricular free wall (LVfw). The simulated ECGs show quantita-
tive variability across different Purkinje network configurations, while preserving consistent waveform
morphology, indicating that the posterior distribution captures the characteristic LBBB pattern.

Activation maps are then averaged over AHA regions (Figure 2¢) and used as input to the CircAdapt
model (Sections 4.2 and 4.3). The resulting pressure-volume (PV) loops for both ventricles (Figure 2d)
are nearly indistinguishable across all samples, indicating that variability in the EP model has a negligible
impact on global mechanical and hemodynamic outputs.
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Figure 2: Main steps of the forward modeling pipeline for a representative LBBB patient. a: Three-
dimensional ventricular activation map for one representative Purkinje network. b: Simulated ECGs
(five leads shown) across 30 Purkinje network realizations. ¢: AHA bullseye map of region-averaged
activation times for one representative simulation. d: Pressure—volume (PV) loops of the left and right
ventricles across the 30 CircAdapt simulations.

All simulations were performed on a workstation equipped with an AMD Ryzen Threadripper 3990X
(64-core, 2.9 GHz) processor, 128 GB of RAM, and an NVIDIA GeForce GT 710 GPU. Purkinje network
generation, the Eikonal solver, and CircAdapt simulations were executed on a single CPU core, except
for the Eikonal problem, which was solved on GPU using a CUDA-based implementation [26].

Table 1 reports the average computational time per simulation (mean + standard deviation over
Nsample samples). The reported times include: (i) Purkinje network generation for a fixed number of 20
branch generations (see [20] for details), (ii) solution of the coupled Purkinje-myocardium Eikonal prob-
lem, and (iii) convergence of the CircAdapt model. Convergence is defined as a relative difference below
0.1% between pressure—volume loops of consecutive beats. ECG computation and regional averaging
of activation times are negligible (<1s). CircAdapt requires approximately 0.40s of wall-clock time per
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simulated second, exceeding real-time performance. The low computational cost per simulation makes
the pipeline suitable for iterative personalization.

LV tree [s] RV tree [s]  Coupling [s] CircAdapt [s]

Patient 1 728£086 437+149 28954+390 13.134+0.95
Patient 2 753 +1.17 4.62+£0.17 49.15+£5.72 8.42 £4.76
Patient 3 12.03+0.78 850+ 1.67 47.88+£8.82 7.38 £4.16
Patient 4 4.29+190 3.76 £1.68 38.38 £6.53 6.81 +3.73

Table 1: Average computational time per simulation (mean + standard deviation, in seconds) over 30
samples for each patient, broken down by pipeline component. Additional steps (ECG computation and
regional averaging) require less than 1s and are not included.

2.2 Calibration robustness: synthetic recovery test

The robustness of the calibration procedure is evaluated through a synthetic recovery test in a represen-
tative patient. We consider the subset of identifiable parameters for Patient 2 (see Sections 2.3 and 4.4.5),
using the baseline values reported in Table 6 as ground truth. In this test, the electrophysiological model
is kept fixed, and only the cardiovascular (CircAdapt) parameters are calibrated to match volumetric
measurements.

Model outputs generated from these parameters are corrupted with multiplicative Gaussian noise,
with a noise level corresponding to 5 % relative variability (see Section 4.4.5), and used as target values
in the CBO algorithm. Figure 3 reports the mean and standard deviation of the relative error for each
parameter across 20 simulations with independent noise realizations.

The reported parameters correspond to key vascular and myocardial properties of the CircAdapt
model, including reference pressures, flow, and contractility (see Table 6 for detailed definitions).

The recovered parameters show mean relative errors between 5.5 % and 9.7 %. Given that calibration
is performed using noisy volumetric targets only, these errors are consistent with the limited information
content of the observations and support practical recovery of the identifiable parameter subset. This
interpretation is further examined through the identifiability analysis based on the reduced sensitivity
matrix and Fisher Information Matrix in the following section.
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Figure 3: Mean and standard deviation of the relative error for each parameter across 20 simulations
with independent noise realizations, obtained from the synthetic recovery test on Patient 2. Parameter
definitions are reported in Table 6.

2.3 CircAdapt: identifiability and calibration

For the calibration of the CircAdapt model, a variance-based global sensitivity analysis (GSA) [35] was
first performed separately for each patient. In the GSA, a subset of parameters was fixed to patient-
specific values (e.g., wall volumes and cardiac cycle length derived from clinical data), while the remaining



parameters were varied around their baseline physiological values (Table 6). The Ny, most influential
parameters were selected by retaining those with a total Sobol index greater than 0.1.

Parameter identifiability within this subset was then assessed via QR decomposition with column
pivoting of the normalized sensitivity matrix S, evaluated at the baseline parameter vector. This yielded
a reduced set of NV, locally identifiable parameters. Calibration was subsequently performed using con-
strained Bayesian optimization (CBO) in this reduced parameter space, while the remaining parameters
were fixed at their baseline values. At the calibrated optimum, identifiability was reassessed by comput-
ing the condition number k = Spax/Smin Of the reduced sensitivity matrix Syed, together with the Fisher
Information Matrix (FIM) [36]. Full methodological details are provided in Section 4.4.

Table 2 summarizes, for each patient, the parameter selection and identifiability analysis. Open
triangles indicate parameters selected by the global sensitivity analysis, while filled triangles denote the
identifiable subset retained after QR decomposition. The last two columns report the condition number
of the reduced sensitivity matrix Syeq at baseline (kpas) and at the calibrated optimum (kop); a condition
number below 103 is taken as indicative of practical local identifiability [37].

oy Atay piE PE kap lao lap v APQ% Apgiflm " kbas  Kopt
Patient 1 A A A A A A A A A 66 254
Patient 2 A A A A A A A A 102 366
Patient 3 A A A A A A A 82 75
Patient 4 A A A A AN AN A A A 14 95

Table 2: Parameter selection and identifiability across patients. Open triangles (A) denote parameters
selected by the global sensitivity analysis, and filled triangles (A) denote parameters retained in the
identifiable subset after QR decomposition. The last two columns report the condition number of the
reduced sensitivity matrix at baseline (kpas) and at the calibrated optimum (kopt).

The normalized FIMs at the calibrated optimum for all patients are shown in Fig. 4. The diagonal
entries reflect parameter sensitivities, while off-diagonal terms quantify parameter correlations. The FIM
patterns are consistent with the condition numbers reported in Table 2, which remain below the identi-
fiability threshold for all patients. Although a moderate increase in the condition number is observed at
the optimum, the reduced sensitivity matrices remain well-conditioned, indicating that calibration does
not lead to loss of practical identifiability.

Patient 1 Patient 2 Patient 3 Patient 4
apy opy ofy e Atay
et piet lao Pas .
Iap Iap lap Kap
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grest qgrest Apehen qrest
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act,max pref ref  qrest ref  qrest act, max ref ref  grest
Oiv prd e Apgim 9 lp Dpgim 9 (417 lao Atav  pgf Kar Dppiim 9

0.0 0.2
Figure 4: Normalized Fisher Information Matrices (FIM) for the four patients, evaluated at the calibrated
optimal parameter values. Diagonal entries represent parameter sensitivities, while off-diagonal terms
indicate correlations between identifiable parameters.

A comparison between the parameter ranking at baseline and at the calibrated optimum reveals
changes in relative sensitivities, reflecting the nonlinear and coupled nature of the model. Some pa-
rameters become less informative after calibration, while others gain influence. The FIM also indicates
moderate correlations between certain parameters; however, these remain limited and do not compromise
identifiability of the selected parameter subset.

Following this analysis, the model was calibrated independently for each patient using the CBO
algorithm. Regional activation times from a single representative posterior EP sample were used as
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input to the mechanical model. Calibration accuracy was assessed by computing the relative error
between simulated and CMR-derived volumes (LV and RV end-diastolic and end-systolic volumes, and
LA and RA end-diastolic volumes).

To evaluate robustness with respect to electrophysiological uncertainty, the calibration errors were
computed across all 30 posterior samples. Table 3 reports the mean and standard deviation of the
relative errors for each output and patient. The results show overall good agreement between simulated
and target volumes. The limited variability across samples further confirms that uncertainty in the EP
model has negligible impact on mechanical and hemodynamic outputs, consistent with the findings from
the forward simulations.

R B S 0 B el O B el I o n )
Patient 1 15 25 13 171 15+1 3x1
Patient 2 1 8 5 9 12 12
Patient 3 201 181 24 21+1 30£1 24
Patient 4 8+1 22+1 4 3 15 1

Table 3: Relative errors between simulated and CMR-derived cavity volumes. LV: left ventricle; RV:
right ventricle; LA: left atrium; RA: right atrium; ED: end-diastole; ES: end-systole. Errors are reported
as mean =+ standard deviation over the Ngample posterior samples, reflecting variability due to electro-
physiological uncertainty.

2.4 Acute response to CRT: simulation outcomes

For pacing simulations, different initiation sites were set for each pacing protocol, using the Ngample
Purkinje networks obtained from the EP optimization. Section 4.5.2 describes the different pacing sites
in the myocardium, while the evaluation metrics are described in Section 4.5.4.

2.4.1 Electrophysiological outcomes

Figure 5 shows the average activation times across AHA regions for LBBB and the different pacing
strategies in a representative patient (Patient 1). Values are reported as mean and standard deviation
over the Ngample = 30 posterior samples.

As expected, LBBB exhibits delayed activation of the left ventricular free wall (LVfw). RV apical
pacing (RVAP) produces a heterogeneous apex-to-base activation pattern in both ventricles, with per-
sistent delay in the LVfw. LV septal pacing (LVSP) reduces LVfw activation times but induces early
activation of the interventricular septum (IVS). Standard biventricular pacing without delay (BiVP-1)
results in early LVfw activation but maintains an apex-to-base gradient in the RV. Introducing delays in
one lead (BiVP-2 and BiVP-3) improves either RV homogeneity or LV activation timing, but not both.
In contrast, BiVP-4, with delays applied to both leads, achieves more homogeneous and synchronous
activation.

Among all strategies, left bundle branch pacing (LBBP) produces the most synchronous activation
pattern, improving both intra- and inter-ventricular coordination and further reducing activation times
compared to BiVP-4.

The variability across samples is generally low, except for LBBB, LBBP, and BiVP-4, where larger
dispersion is observed, particularly in the LVfw. This variability is not physiological but arises from
reduced identifiability of left ventricular conduction parameters when activation is primarily driven by
the right ventricle. In such cases, the contribution of the left Purkinje network to the ECG is limited,
allowing multiple parameter configurations to fit the data. This leads to a broader posterior distribution
of Purkinje networks and increased variability in activation maps.

Consistent trends are observed across patients (Figure 6). Patients 1, 3 and 4 exhibit similar patterns
in activation timing and variability, with LBBP achieving the most synchronous activation. In contrast,
Patient 2 shows a reduced response to pacing, with only modest improvements in activation times and no
clear gain in synchrony with LBBP. This behavior is likely related to extensive myocardial scar, modeled
as non-viable tissue (i.e., an conduction obstacle), which influences the overall EP activation pattern. As
previously reported, scar tissue can disrupt the relationship between electrical and mechanical activation,
even when located away from late-activated regions [38].
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Figure 5: Activation maps for each pacing strategy in bullseye representation, showing mean activation
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Table 4 summarizes the electrophysiological metrics defined in Section 4.5.4 for each pacing strategy,
averaged over the Ngample samples. The LBBB configuration serves as the pathological reference. To
compare pacing strategies, metrics are evaluated jointly: for each metric, the best values are highlighted
(see Section 4.5.4), and a score (“mark”) is assigned by counting the number of optimal entries. Overall,
LBBP and BiVP-4 consistently achieve the highest scores across patients, indicating superior electrical
resynchronization.

2.4.2 Mechanical and hemodynamic outcomes

Table 5 reports, for each patient, the absolute values of the mechanical and hemodynamic metrics defined
in Section 4.5.4 at the pathological LBBB baseline, together with the mean relative percentage variation
computed over the 30 posterior samples with respect to the baseline. For each metric, the pacing strategy
yielding the most favorable outcome is highlighted.

Overall, the hemodynamic response to pacing is heterogeneous across both patients and metrics. No
single pacing configuration consistently outperforms the others in all cases, underscoring the patient-
specific nature of the acute response to CRT. All percentage variations are computed on a per-patient
basis and are therefore intended to support intra-patient comparisons across pacing strategies, rather
than absolute comparisons between subjects.

Figure 7 reports the maximum rate of pressure rise (maxdP/dt) in the left and right ventricles for



271

100

Patient 1 = RV Patient 2

140

L] mean s
0 — std
Y 80
1004 + +
60 4
804 Y

60 1

@
.g. LBBB RVAP LVSP LBBP BiVP-1 BiVP-2 BiVP-3 BiVP-4 LBBB RVAP LVSP LBBP BiVP-1 BiVP-2 BiVP-3 BiVP-4
[}
g 160 4 . .
= Patient 3 Patient 4

140 1 100

120

+ + w
100 4 ‘
‘ 60
804
60 1 o M i F ®|

£y

1 0
LBBB RVAP LVSP LBBP BiVP-1 BiVP-2 BiVP-3 BiVP-4 LBBB RVAP LVSP LBBP BiVP-1 BiVP-2 BiVP-3 BiVP-4

Figure 6: Mean and standard deviation of the activation time for the RV (blue), IVS (yellow), and LVfw
(green) over the Ngample samples for the 4 patients.

the different pacing strategies, highlighting differences in contractile response between chambers. Data
are shown as mean (red dots) £ standard deviation (red lines) over all Ngample samples. Despite the
variability observed in electrical activation patterns for some pacing configurations, this variability does
not translate into comparable differences in global hemodynamic metrics. The LV exhibits variations
in contractile response that are comparable in magnitude to those observed clinically, whereas the RV
shows smaller changes across strategies. For both ventricles, standard deviations are negligible in all
patients, indicating that variability in the electrical activation patterns associated with a given pacing
configuration has virtually no effect on the selected hemodynamic metrics. Accordingly, the reported
differences primarily reflect the pacing strategy itself rather than the specific posterior activation sample.
Overall, these results highlight the strongly patient-specific nature of the acute response to CRT,
with different pacing strategies yielding distinct trade-offs across electrophysiological and hemodynamic
metrics. At the same time, the limited variability observed across posterior samples indicates that
predicted hemodynamic outcomes are robust with respect to uncertainty in electrical activation.

3 Discussion

In this work, we presented a patient-specific computational framework for simulating cardiovascular func-
tion in the presence of ventricular conduction disturbances and their treatment via CRT. The proposed
pipeline integrates an Eikonal-based electrophysiological model with a closed-loop cardiovascular model
(CircAdapt), calibrated using Constrained Bayesian Optimization from non-invasive clinical data. Key
features of the framework are its computational efficiency and its fully probabilistic formulation for pa-
rameter calibration, in which uncertainty is explicitly quantified and propagated throughout the pipeline.
This enables both statistical characterization of inferred parameters and robust in silico evaluation of
alternative therapeutic strategies.

From a computational standpoint, the framework is efficient and scalable. The cost of a single end-
to-end simulation, comprising Purkinje network generation, Eikonal problem solution, and CircAdapt
convergence, ranges from approximately 54s to 76s across the four patients (Table 1). While not real-
time, this per-simulation cost enables the use of iterative optimization strategies such as CBO within
clinically feasible time frames. Moreover, these timings are obtained using a non-optimized implementa-



Patient 1 Patient 2
Oy [ms] Ogy [ms] SLD [ms| IVD [ms] dpy [ms] Ogy [ms] SLD [ms] IVD [ms]

LBBB 17.71 14.46 97.23 30.70 21.04 14.83 109.42 10.83
RVAP 23.39 22.43 118.61 -3.09 20.52 18.65 105.21 0.15
LVSP 19.61 14.19 96.43 -14.04 19.76 13.44 97.67 -6.78
LBBP 12.46 11.97 72.25 16.76 18.72 13.11 99.61 8.39
BiVP-1 16.48 13.41 73.18 -17.18 15.11 13.88 77.30 -8.08
BiVP-2 20.86 18.07 102.71 -5.49 17.23 14.86 88.22 -3.38
BiVP-3 19.28 20.57 57.85 -14.62 13.01 14.52 66.37 -7.21
BivVP-4 14.35 13.07 69.39 9.95 14.23 12.32 75.56 -0.42
Patient 3 Patient 4

Oy |ms|] Ogy [ms|] SLD [ms| IVD |ms| Oy [ms] &gy [ms| SLD [ms| IVD [ms]

LBBB 20.69 16.62 101.50 33.47 21.18 18.30 113.01 20.76
RVAP 25.69 24.52 130.09 -6.80 22.46 20.34 113.34 2.76
LVSP 21.83 14.69 101.94 -13.19 19.88 16.36 95.66 -10.85
LBBP 12.28 12.99 67.57 3.29 15.25 12.84 92.12 12.20
BiVP-1 17.42 14.95 87.40 -21.61 14.76 12.99 76.90 -10.76
BiVP-2 24.35 22.66 121.48 -7.82 18.45 15.62 97.67 -0.96
BiVP-3 22.23 22.61 72.01 -19.51 16.60 17.64 62.29 -11.98
BivP-4 14.46 13.78 80.97 18.36 14.15 12.29 74.66 3.16

Table 4: Electrophysiological metrics used to quantify dyssynchrony for the different pacing strategies
in the four patients. dry and dg, denote the temporal dispersion of activation in the whole left ventricle
and in the left ventricular free wall, respectively; SLD is the septal-to-lateral delay; and IVD is the
interventricular delay. Green cells identify values satisfying the clinically consistent thresholds defined
in Section 4.5.4.

tion and standard hardware. In particular, the Eikonal solver reported in Table 1 can be accelerated by
at least one order of magnitude on modern GPU architectures, further supporting the scalability of the
proposed approach.

The synthetic recovery test provides empirical evidence that the calibration procedure can recover
parameters within the identifiable subset in the presence of measurement noise. The most identifiable
parameters were recovered with mean relative errors between 5.5 % and 9.7 %, consistent with the limited
information content of the calibration targets.

These findings are corroborated by the identifiability analysis. The condition numbers of the reduced
sensitivity matrix remained below 10% for all patients, both at baseline and at the calibrated optimum,
indicating acceptable local conditioning of the identifiable parameter subsets. Importantly, the set of
identifiable parameters was patient-specific, highlighting the need for systematic sensitivity analysis when
calibrating complex cardiovascular models. A moderate increase in the condition number was observed
after calibration, reflecting the tendency of the optimization process to move toward regions of the
parameter space with stronger parameter correlations.

Calibration errors on patient data were generally moderate, with three out of four patients exhibiting
mean relative errors below 15 %. The higher error observed in Patient 3 (23 %) is likely related to the
markedly dilated ventricular geometry, highlighting potential limitations of the model in cases of severe
remodeling. A key observation is that variability across posterior samples has limited impact on the
calibration outcome, indicating weak sensitivity to the specific activation pattern. This suggests that a
single representative activation sample may be sufficient for practical calibration, without significantly
affecting parameter estimates or model outputs.

This behavior is consistent with the robustness of the hemodynamic predictions observed across
posterior samples, including after CRT simulations with different pacing strategies. Even in the case of
conduction system pacing (CSP), where larger uncertainties are expected due to limited identifiability
of the left Purkinje network from the ECG (e.g., LBBP in Fig. 5, where the standard deviation in LV
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Patient 1 Patient 2

ESV EF  MAP max 4¢ SW  ESV EF  MAP max 42 SW

L] (%] [;mHgl [P2H8) jmmHgmi] [mi] (%] [mmHg) [2HE] (mmibgmi)
LBBB 105.0  34.0 0.5 0.3 1575.6 113.7  35.8 3.1 0.8 6992.5
RVAP  10.7% -04%  -3.3% -5.2% -0.1% -0.8% +0.6%  -4.6% -0.7% 1+0.2%
LVSP -1.0%  +1.2%  -12.3% -0.8% +1.3% -1.1% +1.5%  -48%  +2.2% +2.5%
LBBP  -0.3% +0.9%  -64%  +0.4% +1.7% -1.6% +1.6%  -4.6% = +2.2% +1.8%
BiVP-1  -04% +0.7%  -10.1% -5.0% 1+0.3% -4.5% +42% -10.6% = +4.4% +4.3%
BiVP-2 +0.0% +02%  -7.3% -3.6% +01% -3.4% +31% = -85%  +3.0% +3.1%
BiVP-3 +1.0% -0.3%  +0.0% -6.7% +0.5% -4.7% +4.6% -101% = +4.8% 1+4.9%
BiVP4 -0.1% +0.6%  -2.8% -1.1% +1.0% -44% +4.3%  -8.6%  +5.1% +4.6%

Patient 3 Patient 4

ESV EF MAP  max 4 SW ESV EF MAP  max 42 SW

[mL] %] [mmHg] [P2H8]  [mmHgmL]  [mL] (%] [mmHg] [TH%] [mmHgmL]
LBBB 117.1 32.3 5.4 1.5 11010.9  97.2 37.9 2.7 1.1 6270.6
RVAP  -1.6% -11%  -5.6% -3.1% 6.5% -1.7% -1.7%  +1.0% -4.2% -8.9%
IVSP  +0.7% +22% +1.0%  +6.1% 1+8.0% -3.3% +1.3%  +05%  +1.0% -2.6%
LBBP  14% +48% +55% 112.5% 1181% -84% +3.9%  -95%  +2.7% -4.6%
BiVP-1  -5.3% +42%  -6.6%  +4.4% +1.8% -9.7% 45.6% = -94%  1+5.6% -2.4%
BiVP-2  -2.5% +0.0%  -6.0% -1.9% -51% -6.1% +24% = -6.6%  +1.5% -4.5%
BiVP-3 +22% +15% +2.8%  +5.0% +8.7% -8.3% +6.3% -11.5% = +7.8% +2.9%
BiVP-4  -26% +47%  -0.7% = +8.7% 1+9.0% -8.0% +6.9% -141%  +9.1% +6.0%

Table 5: Absolute values at the LBBB baseline (shaded rows) and relative changes for each pacing
strategy with respect to LBBB. Relative changes are reported as signed percentages. Negative changes in
ESV and MAP and positive changes in EF, max dP/dt, and SW indicate improved cardiac performance.
Green cells identify the most favorable value for each metric within each patient.

activation reaches up to 20ms), the variability in hemodynamic indices remains limited, as shown in
Fig. 7. These results indicate that the dominant determinants of pump function are effectively captured
by the calibrated model, and that uncertainty in the electrophysiological component has limited impact
on clinically relevant outputs.

The electrophysiological analysis indicates that optimal electrical resynchronization is not solely de-
termined by the pacing configuration, and no single strategy consistently improves all electrophysiological
indices associated with favorable CRT response. This is evident in Table 4, where pacing strategies pro-
ducing optimal activation patterns in one patient do not necessarily yield the same benefit in others.
Among the investigated strategies, both left bundle branch pacing (LBBP) and biventricular pacing with
delays applied to both leads (BiVP-4) generally result in the most synchronous electrical activation. How-
ever, the optimal strategy remains patient-specific. In Patient 2, for example, all pacing modalities lead
to only limited reductions in activation delays and dispersion, and LBBP does not improve synchrony.
This behavior is consistent with the presence of extensive scar tissue in the LV endocardium, which has
been shown to disrupt the relationship between electrical activation and mechanical response even when
located remotely from late-activated regions [38, 32].

The patient-specific nature of the acute response to CRT is even more apparent in the analysis of
hemodynamic biomarkers. While all pacing configurations improve left ventricular performance relative
to the LBBB baseline, no single modality consistently optimizes all metrics. For instance, pacing strate-
gies yielding the largest gains in contractility do not necessarily correspond to the largest reductions in
filling pressures. This dissociation suggests that optimizing CRT based on a single biomarker may be
insufficient to fully characterize its hemodynamic benefit. Both the order of magnitude and the pattern
of the improvements are consistent with clinical evidence from acute hemodynamic studies and random-
ized trials comparing different pacing strategies in patients with LBBB [39, 40, 41], further supporting
the clinical plausibility of the patient-specific responses reproduced by our model. It is important to
note that these results reflect only the acute response. The current model does not capture long-term
adaptation processes such as reverse remodeling, which represent a clinically relevant outcome and may
further differentiate pacing strategies over time.

Some limitations should be acknowledged. The present study is based on a small cohort and focuses on
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Figure 7: Maximum rate of pressure change for LV (green) and RV (blue) for all pacing strategies. Data
are reported as mean (red dots) + standard deviation (red lines) over all Nsample samples.

acute hemodynamic response, and the model relies on simplified mechanical assumptions. The proposed
pipeline represents a computationally efficient compromise between fully coupled 3-D electromechanical
models and reduced-order approaches aimed at capturing the dominant hemodynamic effects of CRT [16,
29]. Compared to the latter, the proposed framework does not require an anatomy-dependent offline
training phase and retains full mechanistic interpretability.

Overall, these results further motivate the use of patient-specific computational models to explore
multiple pacing strategies in a controlled setting. The proposed framework provides such a setting,
being computationally efficient, patient-specific, calibrated on non-invasive data, and uncertainty-aware.
The robustness of the predicted hemodynamic outcomes with respect to electrophysiological uncertainty,
together with the low computational cost, supports the potential of this framework as a scalable and
clinically applicable tool for personalized CRT planning.

4 Methods

4.1 Forward electrophysiology model

To simulate the mechanical and hemodynamic outcomes of conduction disorders and CRT, we first model
the electrical activation in the reconstructed ventricles of patients. We employ an Eikonal model [26],
which computes the activation time at each point by following the fastest propagation path from the
initiation sites of electrical activation. The resulting simulations produce three-dimensional activation
maps, which serve as inputs to the mechanical model.

Since electrical activation propagates faster along cardiac fibers than in the transverse direction, a
fiber orientation field is generated using a rule-based algorithm [42]. The Purkinje network is identified
using a probabilistic approach based on non-invasive clinical data, following [20]; further details are
provided in Section 4.4.2.

4.1.1 Purkinje network parametrization

A parametric representation of the Purkinje network is generated using fractal trees [43]. To replicate
the physiological structure of the conduction system, a root node is defined, together with an initial
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direction and length, to initiate the main bundles. An arbitrary number of fascicles, each characterized
by specific branching angles and lengths, are then generated. A fractal tree is grown from the end of
each fascicle according to a predefined growth rule.

4.1.2 The Eikonal model

To simulate the ECG using a fast Eikonal-based solver, the Purkinje network is coupled to the my-
ocardium at Purkinje-Myocardium Junctions (PMJs) located on the endocardial surface.

Let P = UN_ T denote a Purkinje tree, where each branch Ty is a smooth open curve in R3. The
nodes of the tree, denoted by p;, define the boundary 9P = {p;},, where py is the root node, {pi}ij\i}) are
the terminal PMJs, and {p; }~ M, +1 are branching points. Let  C R? be a smooth domain representing
the myocardium, with p; € 9Q for i =1,..., M;.

The travel time from the root node to the rest of the tree, denoted by 77 : P — R, and the activation
time in the myocardium, 7™ : Q — R, are obtained by solving the following system:

P (z) | VTP (x) - t(z)| = 1, x €P,

7" (po) = to, (1)
7 (pi) = min{rM(p;), 7 (pi)}, pi €OP, i=1,..., M,

7P (p;) = min{77|ap (p:)}, i=M,+1,..., M,

which governs activation in the Purkinje network. Here, ¢ : P — R and ¢ denote the conduction velocity
field and the tangent field along the Purkinje tree, respectively. The first two equations correspond to
the Eikonal equation and the boundary condition at the root node. The third term represents the
bidirectional coupling between the Purkinje tree and the myocardium at the PMJs: activation can
propagate from the tree to the myocardium (orthodromic conduction) or from the myocardium to the
tree (antidromic conduction). The last term enforces continuity at branching points.

For the myocardium, the activation time satisfies:

2
PMp) = min{rM (p), 7P ()}, pr € OPy i = 1,..., M, @)

{\/VTM () TDM(2) VTM(z) =1, z€Q,
where DM : Q) — R3*3 is the conductivity tensor field, defined as in [26].
The coupled problem (1)—(2) is well-posed and admits a unique viscosity solution for any choice of
the initial root time. Further details on the model and its numerical implementation are provided in [20].
The surface ECG is computed using a lead-field formulation [26]. Given the lead fields Z;(z) : @ — R
for I =1,...,12, the I-th ECG lead is defined as:

W(t) = [ Gila) VULt - () - 9 2() do. 3)
Q
where U(€) is a template action potential and G; is the intracellular conductivity tensor.

4.2 Forward mechanics and hemodynamic model

The CircAdapt computational model of the human heart and circulation is used to simulate cardio-
vascular function. CircAdapt is a nonlinear 0D closed-loop ODE model of cardiovascular mechanics
and hemodynamics, enabling nearly real-time simulation of cardiovascular physiology and pathophysi-
ology, which is particularly advantageous for iterative personalization. CircAdapt has been extensively
validated in previous studies [27, 44, 45, 46].

The cardiovascular system is represented as a concatenation of modules describing large compliant
vessels, actively contracting chambers, valves, and the systemic and pulmonary peripheral circulation.
The heart is modeled as five walls: the left and right atrial walls, the left and right ventricular walls, and
the interventricular septum.

The MultiPatch module subdivides each cardiac wall into a finite number of patches, each character-
ized by its own stress—strain relationship for the constituent myofibers. Each patch is assumed to behave
as part of a spherical wall with isotropic wall tension. As a consequence of this assumption, wall tension
is homogeneous within each wall according to Laplace’s law, and all patches behave as elements in series.
Therefore, the spatial location of a patch does not affect the calculation of stress and strain; however, in

13



411

412
413
414
415
416
417

419

420

421
422

424
425
426
427

428

430
431
432

438
439

441
442
443
444

the presence of asynchronous activation, the patch location determines the activation timing, which in
turn governs fiber stress and strain.

In this work, the MultiPatch module is implemented from scratch in a C++ version of CircAdapt,
developed at the Medical University of Graz and largely based on the original MATLAB implementa-
tion [44]. The MultiPatch approach is applied to the ventricles only, while the atria are modeled using
the original CircAdapt formulation, as activation times are available only for the ventricles from the
electrophysiological model.

Further details on the governing equations of CircAdapt are provided in Appendix B.

4.3 EP-circulation coupling

The RV, LVfw, and IVS are subdivided according to the AHA segmentation [47]. The resulting segments,
referred to as patches, are obtained using the universal ventricular coordinates (UVC) introduced in [48].
The UVC provide a global positioning system for three-dimensional biventricular heart geometries; their
computation is outlined in Appendix A.

The activation time for each patch is defined as the mean electrical activation time of all nodes within
the corresponding region. These region-averaged activation times are used as inputs to CircAdapt to drive
patch-level mechanical activation. A detailed description of the equations coupling electrical activation
timing with mechanical contraction is provided in Appendix B.

4.4 Calibration

Model calibration is a critical step for achieving patient-specific simulations consistent with available
clinical data. A key feature of our methodology is the separate parametrization of the electrophysiological
and cardiovascular components.

In the electrophysiological model, the optimization is restricted to parameters that directly influ-
ence ECG morphology, enabling targeted personalization of the activation sequence prior to coupling
with the hemodynamic model. This separation also facilitates uncertainty quantification by decoupling
electrophysiological and hemodynamic sources of variability.

4.4.1 Bayesian optimization

In the EP model, calibration is formulated as an optimization problem and addressed using Bayesian
Optimization (BO), which enables efficient exploration of complex, high-dimensional parameter spaces
while limiting the number of model evaluations.

We consider the following minimization problem:

Omin = arg min y(e)v (4)
6

where y(0) denotes the loss function. BO approximates the objective function using a Gaussian Process
(GP) surrogate model [31], defined as

y:f(9)+€a (5>

where f is the latent function to be inferred and e ~ N(0,021) represents Gaussian, uncorrelated noise
with unknown variance o2, which is learned from the data. The latent function is assigned a zero-mean
Gaussian Process prior:

f(e) ~ GP (07k(976/;ﬂ)>7 (6)

where k(0,0’; 8) is a covariance kernel with hyperparameters .

The optimization proceeds by first evaluating the model at an initial set of N samples {(6;,v:)}Y,,
where gy; measures the mismatch between simulated and observed data. At each iteration, the GP
surrogate is trained on the available data to estimate the posterior mean u () and standard deviation o ().

An acquisition function a(u(0),0(0)) is then used to select the next evaluation point x4 1, balancing
exploration of uncertain regions and exploitation of promising areas of the parameter space. The next
sample is obtained by solving:

O 11 = argmaxa (4(6). o(6)) (7)
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Figure 8: Schematic representation of the EP calibration workflow [20]. A parametric Purkinje network
is generated in both ventricles. For a given network configuration and electrophysiological parameters,
activation times are computed using the Eikonal model and the corresponding ECG is simulated. The
simulated ECG is then compared with patient data, and the optimal parameters are estimated using
Bayesian Optimization.

4.4.2 EP model calibration

The EP model is personalized by identifying the Purkinje network parameters that best reproduce the
patient-specific ECG. A schematic overview of the calibration workflow is shown in Figure 8.

The calibration is formulated by defining a loss function that quantifies the mismatch between the
simulated ECG and the observed data [34, 49]. The parameter vector 6 includes both geometric pa-
rameters, such as fascicle lengths, branching angles, and initial bundle lengths, and electrophysiological
parameters, including conduction velocity in the Purkinje network and the root activation time, which
represents the delay between left and right Purkinje activation.

Let V(t) denote the reference 12-lead ECG and V(¢;0) the simulated ECG. The loss function is
defined in a least-squares sense as:

w0 =1 [ (V0 -vie) a, Q

where T is the QRS duration, corresponding to ventricular activation.

The minimization problem in Eq. (4) is solved using the BO framework described in Section 4.4.1.
In each simulation, an initial set of 250 samples is generated using Latin Hypercube Sampling (LHS),
followed by 300 BO iterations. Further details on the kernel, acquisition function, and optimization
procedure are provided in [20].

Once the optimal parameters 60,,;, are identified, a posterior distribution over the parameter space
is estimated using Approximate Bayesian Computation (ABC) [18]. The Gaussian Process surrogate of
the loss function is used to define the prior:

_ 1 ep (L 00) = i)
PO = o p< 2<oz<e>+a;im>>’ ©

where ymin and oy, are the mean and variance predicted by the surrogate model at pin.

The ABC algorithm is then used to generate Ngample = 30 posterior samples. Each sampled parameter
set corresponds to a distinct Purkinje network configuration and associated activation map consistent
with the observed ECG. The resulting activation maps are averaged over predefined regions to obtain
inputs for the mechanical model. This probabilistic formulation allows multiple activation patterns
consistent with the same ECG to be retained, enabling uncertainty quantification.

In what follows, simulations based on these posterior activation maps are referred to as LBBB sim-
ulations.

4.4.3 Constrained Bayesian optimization

The calibration of CircAdapt is formulated as a constrained optimization problem, in which the optimal
value of the loss function must correspond to a feasible parameter configuration, i.e., a set of parameters
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for which the simulation successfully converges. Consequently, the acquisition function must account not
only for expected improvement in model performance, but also for the likelihood of simulation feasibility.

To this end, we employ a constrained Bayesian optimization framework based on two separate sur-
rogate models [30]. The objective function is modeled using a Gaussian Process (GP) regression trained
exclusively on feasible evaluations. Parameter configurations leading to simulation failure are treated as
infeasible and excluded from updates of the objective GP. For numerical stability, such failed simulations
are assigned a large penalty value, which serves solely as a computational placeholder and does not
influence the surrogate model.

In addition to the objective surrogate, feasibility is modeled using a dedicated GP surrogate. Rather
than directly modeling a binary feasibility indicator, we introduce a real-valued latent feasibility func-
tion g(0), learned through GP regression. Observed feasibility is encoded through a continuous proxy
variable [50], enabling the use of standard GP regression while providing a smooth representation of
feasibility across the parameter space.

Under this formulation, positive values of g(6) correspond to regions that are likely to be feasible,
whereas negative values indicate infeasibility. Given the GP posterior predictive distribution of g(6),
characterized by mean u.(f) and standard deviation o.(#), the probability of feasibility at a candidate
point € is estimated as

P[feasible at ] = P[g(0) > 0] = @(““(9)> : (10)
oc(0)
where ®(-) denotes the cumulative distribution function of the standard normal distribution.
Once both surrogate models are trained, the posterior predictive mean and standard deviation of
the objective function, (pr(6),07(9)), are combined with the feasibility surrogate to define a constrained
acquisition function. Specifically, we employ the constrained expected improvement (EI) criterion,

a(9) = EI (us(6),04(0)) P[g(0) > 0], (11)

which balances expected improvement over the current best feasible solution with the probability that
the simulation remains feasible at the proposed parameter values.

4.4.4 CircAdapt model calibration

For each patient, the CircAdapt model is calibrated to match six measurements derived from CMR,
corresponding to model outputs: left and right ventricular end-diastolic and end-systolic volumes, and
left and right atrial end-diastolic volumes. These measurements, together with patient demographic
data, are reported in Table 7 (Section 4.5.1). The overall calibration pipeline is outlined in Figure 9.
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Figure 9: Calibration workflow for the CircAdapt model. Region-averaged activation times obtained from
the EP model are used as inputs to CircAdapt. A global sensitivity analysis (GSA) is first performed
to identify the parameters most influencing the target outputs. These parameters are then calibrated
using Bayesian Optimization (BO, light blue block). Simulated end-diastolic and end-systolic volumes
are compared with patient-specific CMR measurements.

We first perform a global sensitivity analysis (GSA) to identify the input parameters that most
strongly affect the six target outputs. The analysis is carried out using the SALib library [51] with the
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Sobol method [35]. The parameters considered in the GSA, together with those fixed to patient-specific
values, are reported in Table 6.

Patient-specific inputs include the cardiac cycle length tcyc1c, computed as the average interval between
consecutive R-peaks in the ECG, the initial cavity volumes V, = EDV, and the ventricular wall volumes
Vel derived from the discretized anatomical models for the LV free wall (LVfw), septum, and RV free
wall (RVfw). The activation delay A#2“" is defined as the mean activation time within each patch from
the LBBB simulations. For both the GSA and subsequent calibration, activation times are taken from a
single representative sample among the Ngumple posterior realizations.

The remaining parameters are varied within physiological ranges around their baseline values (Ta-
ble 6), derived from experimental data [27]. The GSA is performed separately for each patient. Based on
the Sobol total indices, a subset of N, influential parameters is selected by retaining those with total-
order index greater than 0.1. The corresponding Sobol indices are reported in Appendix C. A further
reduction to a subset of N, parameters is performed through local identifiability analysis (Section 4.4.5).

Parameter Unit Value Description Equation
General

qrest mLs~! 85 Mean systemic flow at rest (B.38)
el S ECG Cardiac cycle length (B.24)
Vessels

e kPa 12 Aortic reference pressure (B.36)
N kPa 1.8 Pulmonary artery reference pressure (B.36)
prel kPa 0.12 Vena cava reference pressure (B.36)
P kPa 0.5 Pulmonary vein reference pressure (B.36)
ks — 8 Arterial stiffness exponent (B.35)
ky — 10 Venous stiffness exponent (B.35)
[AOVC mm 400 Aortic and vena cava length (B.32)
[APVE mm 200 Pulmonary artery and vein length (B.32)
Chambers

Aty S 0.15 Atrio-ventricular delay (B.26)
Ve mL CMR Initial cavity volume (B.1)
Y wall mL CMR Ventricular wall volumes (B.1)
Vyall mL 12 LA wall volume (B.1)
Virall mL 7 RA wall volume (B.1)
Atact s EP model Onset of activation (B.26)
Sarcomeres

gact,max kPa 120 Maximal ventricular isometric stress (B.27)
gactmax kPa 84 Maximal atrial isometric stress (B.27)
gPas,max kPa 22 Maximal ventricular passive stress (B.29)
ghasmax kPa 50 Maximal atrial passive stress (B.29)
Periphery

Apret kPa 12 Systemic blood pressure drop (B.38)
Ap;ﬁflm kPa 1.5 Pulmonary blood pressure drop (B.38)

Table 6: CircAdapt input parameters considered in the global sensitivity analysis (GSA). Parameters
fixed to patient-specific values are highlighted in gray. Baseline values are taken from [27].

Calibration is then carried out in the reduced parameter space by solving the minimization problem
in Eq. (4) using the constrained Bayesian Optimization (CBO) framework described in Section 4.4.3.
The loss function is defined as )
6 /-~
Vi — Vi(0)
0) = —_ 12
y(0) ;( VZ_(Q)>7 (12

i=1
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where I//; are the measured volumes and V;(6) are the corresponding model outputs.
The Gaussian Process surrogate employs an Automatic Relevance Determination (ARD) Matérn-3/2
kernel [52], defined as

B(0,0'58) = 03 (1 + Var) exp (—V3r), (13)

with hyperparameters § = {o¢,l,...,l,}, where o is the signal standard deviation and /; are the length
scales associated with each input dimension. Larger values of I; correspond to reduced sensitivity along
the i-th parameter direction. The distance metric is defined as

(14)

The surrogate model is initially trained using N = 150 samples generated via Latin Hypercube
Sampling (LHS). The GP hyperparameters are estimated by maximizing the log marginal likelihood using
the minimize function from SciPy [53], with a multi-start L-BFGS-B algorithm [54]. Input parameters
are rescaled to the unit hypercube [0, 1]?, while outputs are standardized to zero mean and unit variance.

Hyperparameters are constrained within predefined ranges to ensure numerical stability: the sig-
nal variance is restricted to [1072,10], length scales to [1072,0.5], and observation noise variance to
[1076,1072]. Optimization is performed in log-space to enforce positivity and improve robustness [52,
55]. The acquisition function is maximized using L-BFGS-B with 50 random restarts, and the BO
procedure is run for 300 iterations.

4.4.5 CircAdapt model: local identifiability and synthetic recovery test

Parameter identifiability is first assessed prior to optimization. The local practical identifiability of the
N,, parameters selected from the GSA is evaluated using the normalized sensitivity matrix § € R6*Nsa
with entries

oV; 0,
00; Vi’

computed at the nominal parameter vector (Table 6) [56].

Since the number of candidate parameters exceeds the number of independent observables, only
a subset can be locally identified. This subset is determined by applying a QR decomposition with
column pivoting [57] to S. Parameters satisfying Rgx/R11 < 1072 are considered linearly dependent and
excluded, yielding a reduced set of IV, locally identifiable parameters.

Calibration is then performed via BO in this reduced parameter space. At the identified optimum,
identifiability is reassessed by analyzing the condition number k = Syax/Smin Of the reduced sensitivity
matrix Speq, which provides a measure of local conditioning [56]. In addition, the Fisher Information
Matrix (FIM) [58] is computed as

Sij =

(15)

F = ST .Seq, (16)

whose diagonal entries quantify parameter sensitivities and whose off-diagonal terms reflect parameter
correlations under the available measurements.

The robustness of the calibration procedure is further evaluated through a synthetic recovery test on
a representative patient. Ground-truth parameter values are used to generate model outputs, to which
multiplicative Gaussian noise is added:

‘71’ :‘/i,true(l‘f'fi)v 6iNN(OaO'2)7 i=1,...,6, (17)

with 0 = 0.05 (5%), consistent with the inter-observer variability in CMR-derived cardiac volumes [59].

The noisy outputs are then used as targets in the BO procedure, and the recovered parameters are
compared with the ground-truth values. The experiment is repeated 20 times with different random
seeds to generate independent noise realizations.

4.5 Experimental setup
4.5.1 Patient data

We retrospectively investigated four heart failure patients with a left ventricular (LV) ejection fraction
below 35%, NYHA class II-IV, and a QRS duration greater than 120 ms. All patients were candidates
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for cardiac resynchronization therapy (CRT) device implantation and underwent standard 12-lead ECG
and CMR imaging, including late gadolinium enhancement (LGE) for scar detection. The cavity volumes
measured from CMR, together with demographic information, are reported in Table 7.

Clinical data and model construction have been previously described in [38, 34]. The study protocol
was approved by the institutional review board, and all patients provided written informed consent. The
study was conducted in accordance with the Declaration of Helsinki.

Patient-specific cardiac anatomies were semi-automatically reconstructed from CMR images. Sur-
faces of relevant anatomical structures were generated from segmented contours using Blender (Blender
Foundation). Ventricular contours were derived from short-axis cine CMR images. Scar tissue was
identified from LGE-MRI sequences via manual contouring and registration and defined as non-active
myocardium in the forward EP model.

The cardiac anatomy was discretized into a three-dimensional volumetric grid with 1 mm spatial
resolution. Ventricular fiber orientation was assigned using a rule-based method [42]. A 5-minute ECG
was recorded using a clinically available system (CS200 excellence, Schiller AG), with a sampling rate of
1000s~! and an amplitude resolution of 1 pV.

Patient 1 Patient 2 Patient 3 Patient 4

teyele [3] 0.92 0.93 0.93 0.72
Wall volumes [mLj]

Vyyall 63 74 131 83
Vivall 41 49 59 55
Viwall 23 26 52 29
Cavity volumes [mL

VED 138 178 216 145
VES 84 124 143 80
ViRP 75 107 173 106
ViES 26 35 96 47
ViED 50 86 84 79
VED 50 78 70 63
Sex M M

Dil. X v

Scar v X X

Table 7: Patient demographics and CMR measurements. LV: left ventricle; RV: right ventricle; LA: left
atrium; RA: right atrium; ED: end-diastole; ES: end-systole. Dil.: dilated heart.

4.5.2 Pacing protocols

For pacing simulations, different initiation sites are defined for each protocol, using the set of Purkinje
networks obtained from the LBBB simulations (i.e., the Ngample networks resulting from the EP opti-
mization). Pacing is simulated by assuming that all nodes within 2mm of the pacing site act as sources
of electrical activation.

Figure 10 illustrates the pacing sites considered in the myocardium. In right ventricular apical pacing
(RVAP), the pacing site is located at the RV apical endocardium, while in biventricular pacing (BiVP)
an additional site is placed on the LV free wall (LVfw) epicardium. The LV epicardial pacing site is
defined as the location with the latest activation time in the LBBB simulations.

For BiVP, different delays between the two pacing leads are considered. BiVP-1 corresponds to
simultaneous activation of both leads. In BiVP-2, a delay equal to the earliest ventricular activation
time in the baseline (LBBB) condition is applied to the LV epicardial lead. In BiVP-3, the same delay
is applied to the RV endocardial lead, while in BiVP-4 both leads are activated with a delay. In left
ventricular septal pacing (LVSP), stimulation is applied at a selected septal location.

To model conduction system pacing (LBBP), where the pacemaker directly stimulates the Purkinje
network to synchronize ventricular activation [60], the patient-specific Purkinje networks are used and
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the root activation time is set to Oms, enforcing simultaneous activation of the left and right Purkinje
trees.

In what follows, the term EP simulations refers to the set of eight simulations per sample, including
the LBBB baseline and the seven pacing configurations.

/ Pacing protocols \

K RVAP LVSP BiVP j

Figure 10: Pacing protocols. RVAP: right ventricular apical pacing; LVSP: left ventricular septal pacing;
BiVP: biventricular pacing.

4.5.3 Simulation protocols

After CircAdapt calibration, a baseline simulation representing LBBB is performed for all Ngample sets of
activation times for each patient. Subsequently, using the same calibrated parameters, different pacing
scenarios are simulated by replacing the activation times with those obtained from the various pacing
protocols. Hemodynamic variables from these simulations are then compared against the baseline LBBB
configuration.

It is important to note that the CircAdapt model does not account for long-term changes in tissue
properties associated with reverse remodeling, which is known to influence CRT outcomes. Therefore,
in the pacing simulations, remodeling-related parameters (e.g., wall volumes) are kept fixed. This cor-
responds to modeling an acute scenario, representing the immediate hemodynamic response following
device implantation.

4.5.4 FEvaluation metrics

Electrophysiological (EP) metrics were selected to capture both local and regional characteristics of my-
ocardial activation, while ensuring robustness with respect to inter-sample variability. Average activation
times were computed for each patch in the AHA bullseye representation, reporting mean and standard
deviation across the Ngample samples.

In addition, regional mean activation times were evaluated for all EP simulations by considering three
myocardial regions: RV free wall (RVfw), interventricular septum (IVS), and left ventricular free wall
(LVfw). For each simulation, activation times were first averaged over all patches within each region and
then averaged across the Ngumple samples.

Global activation patterns were quantified using complementary intraventricular and interventricular
metrics. The septal-to-lateral delay (SLD) was used to assess intraventricular dyssynchrony [61]. The
temporal dispersion of activation was quantified by the standard deviation § of activation times within
each region, with drv and drv s, representing dispersion in the entire left ventricle and in the LV free
wall, respectively. Interventricular synchrony was assessed using the interventricular delay (IVD), defined
as the difference between mean activation times in the LV and RV.

To identify pacing strategies associated with improved electrical synchrony, we considered reductions
in activation dispersion and SLD, together with acceptable values of IVD, based on thresholds consistent
with those reported in clinical studies of acute CRT response.

The effects of pacing on cardiac function were further quantified using mechanical and hemodynamic
biomarkers commonly adopted in clinical practice [62]. The analysis focuses on left ventricular metrics,
as the LV is the primary chamber affected by LBBB and the main target of CRT.

For each pacing configuration, we computed the mean relative variation across Ngample samples of end-
systolic volume (ESV), ejection fraction (EF), mean atrial pressure (MAP), maximum rate of pressure
rise (max dP/dt), and stroke work (SW), all expressed with respect to the pathological LBBB baseline for
each patient. Negative variations in ESV and MAP, together with positive variations in EF, max dP/dt,
and SW, indicate improved LV systolic performance and hemodynamic efficiency.
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The maximum rate of pressure rise, maxdP/dt, provides a direct measure of myocardial contrac-
tile strength, reflecting the ability of the myocardium to generate active tension during isovolumetric
contraction. In patients with LBBB and heart failure, maxdP/d¢t is typically reduced due to delayed
and inefficient activation. Owing to its sensitivity in the acute setting [8], this index is widely used to
assess immediate CRT effects, with acute increases on the order of 10 % being associated with subsequent
reverse remodeling [63].

Data availability
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the relevant institutional review board.
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Code availability
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A AHA regions

The LV free wall (LVfw) and the interventricular septum (IVS) were subdivided according to the 16-
region AHA segmentation [47]. The LVfw comprises 11 segments (4 basal, 4 medial, and 3 apical), while
the IVS comprises 5 segments (2 basal, 2 medial, and 1 apical). For the RV free wall (RVfw), three
longitudinal bands (basal, medial, and apical) were defined, with 3 circumferential divisions (anterior,
lateral, inferior) in the basal and medial bands and 2 in the apical band.

The regions were defined using the universal ventricular coordinates (UVC) introduced in [48], which
provide a global positioning system for three-dimensional biventricular geometries through four scalar
fields: apicobasal, transmural, rotational, and transventricular coordinates, each obtained as the solution
of a Laplace problem. In this work, the transmural coordinate was not required.

Figure A.1 illustrates the three coordinates used to define the AHA regions on a patient-specific
biventricular geometry, together with the corresponding bullseye representation. The transventricular
coordinate (Fig. A.1A) distinguishes between the LV (blue cavity) and RV (purple cavity).

The apicobasal coordinate 3 (Fig. A.1B), defined in [0, 1], represents the normalized distance along
the ventricular long axis from apex to base. To ensure a smooth and uniform variation of 3, the geodesic
normalization approach proposed in [64] was employed. Specifically, the shortest geodesic path from
apex to base was computed, and the initial Laplace solution was reparameterized along this path as a
function of normalized distance.

The basal, medial, and apical regions were defined by partitioning the interval [0, 1] into three equal
segments, corresponding to 3 < %, % <3< %, and 3 > %, respectively.

The rotational coordinate (Fig. A.1C), defined in [—m, 7], represents the circumferential position
around the ventricular long axis. Circumferential sectors were obtained by partitioning this interval
into sub-intervals corresponding to the desired number of regions and assigning nodes based on their
rotational coordinate. The stars in the bullseye representation indicate the regions corresponding to the
IVS.

The activation time for each region was defined as the mean electrical activation time over all nodes
within that region. In the following, each region is referred to as a patch.

Universal Ventricular Coordinates AHA regions

L A

Figure A.1: UVC on a patient-specific biventricular geometry to define AHA regions. a: transventricular
coordinate, b: apicobasal coordinate, c: rotational coordinate. d: AHA regions are represented in
bullseye form, where the stars indicate the IVS.
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B CircAdapt modules

In this appendix, we summarize the main governing equations of the CircAdapt model. Before introducing
the MultiPatch formulation, we first describe the computation of wall tension in a uniform wall, as
originally formulated in the TriSeg model [22], which represents the three ventricular walls enclosing two
cavities.

B.1 The original CircAdapt model

The one-fiber model of [65] describes a pressurized cavity enclosed by a wall composed of fibers embedded
in a soft incompressible material. Within the CircAdapt framework, this model is evaluated at the mid-
wall level.

An actively contracting chamber ¢ € {LV,RV,LA RA} is described by the state variables cavity
volume V,, contractile element length of the sarcomere L™, and contractility C,. (B.21). Blood inflow
and outflow induce changes in cavity volume V., which in turn determine cavity pressure.
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In the original CircAdapt model [21], cavity pressures are derived from cavity volumes as follows.
The cavity volume V. determines the mid-wall area A™4, defined as the surface dividing the wall volume
in two equal parts along the radial direction. The mid-wall volume is given by

; 1
‘/'cmld — ‘/c + 5‘/cwall7 (Bl)

where V'l denotes the wall volume.
Chambers are approximated as spheres, leading to the following relations between volume and surface:

. 47 /3
mid __
e = <3VCmid) ) (B.2)
mid,to 4m
Ac dot — W2’ (B3)
(Caid)
A?id _ Arcnid,tot _ Aznid,dead, (B4)

where C™4 is the mid-wall curvature (inverse radius), and Amid.dead

(e.g., valve orifices).
The mid-wall area determines the myofiber strain. The natural fiber strain E" is computed as

1 Amid
Ef = Sin <Am§d,ref) : (B.5)

where Arcnid’ref is the reference mid-wall area, computed from (B.4) using reference values of the volumes.
Given the fiber strain, a constitutive model is used to compute the corresponding myofiber stress ofiP.

This stress drives the wall tension. In CircAdapt, the relation between mid-wall tension Tcmid, mid-wall
area A™4 and fiber stress is derived from conservation of energy:

represents the non-contractile area

Trid gAmd = gfibywall q b, (B.6)
Using (B.5), this yields
. Uflbv;wall

In the TriSeg model [22], the geometries of the three ventricular walls are iteratively adjusted to
satisfy mechanical equilibrium at their junction. As a result, wall areas A™4 and curvatures C™¢ evolve
during the iteration. Once wall tension and curvature are known, the transmural pressure is computed
via Laplace’s law:

p‘zrans _ QTCmIdOémd~ (B8)

Cavity pressure is then obtained by adding the pericardial pressure:

Pe = P + Pperi-
Cavity pressures are subsequently used to update flows across valves and, consequently, cavity vol-
umes.
To account for intraventricular and transventricular heterogeneity in activation and deformation, we
adopt the MultiPatch approach [27].

B.2 The MultiPatch model

Let us consider a wall subdivided into n patches. To simplify notation, cavity-related variables are
denoted without subscripts (e.g., V' for cavity volume), whereas quantities indexed by j refer to the
j-th patch. In particular, V; and Agd denote the patch volume and reference area, respectively. The
superscript “mid” is omitted for brevity.

In this formulation, stress and strain are allowed to vary across patches, and therefore Eq. (B.7) no
longer holds uniformly over the wall. To solve the resulting equilibrium problem, the wall tension T is
linearized around a reference configuration corresponding to the wall area at zero tension, denoted by
A(]Z
_dar

T(A) ~ o

(A— A). (B.9)
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For each patch, an analogous linearized relation is introduced:

dT;
Tj(Aj) ~ ﬁ(fl] — AOJ), (BlO)
J

where Ao ; is the zero-tension area of patch j.

Since transmural pressure and curvature are common to all patches within a wall, Laplace’s law
implies that the wall tension is uniform, i.e., T = T for all patches. When the wall tension vanishes, the
total mid-wall area equals the sum of the zero-tension areas of all patches:

Ao = ZAOJ'- (B.11)
=1

Differentiating Eq. (B.11) with respect to T and inverting yields:
ar 1
a o n dTy -
2 =1 (m)

which defines the effective wall stiffness.

Equations (B.11) and (B.12) are then used in Eq. (B.9) to determine the wall tension T for a given
wall area A within the TriSeg iterative scheme. Once the TriSeg solution is obtained, the transmural
pressure p¥a" is computed using Laplace’s law (B.8).

Given the wall tension, the patch areas A; are recovered from Eq. (B.10). The fiber strain Ef® is
then computed for each patch using the patch-wise equivalent of Eq. (B.5), and the corresponding fiber
stress O’;ib is obtained from the sarcomere model (Appendix B.3). Different activation times are assigned
to each patch, resulting in heterogeneous stress and strain distributions.

To evaluate Egs. (B.11) and (B.12), the zero-tension areas Ay ; and patch stiffnesses jii must be
computed. Assuming spherical geometry and isotropic deformation, the patch area satisfies:

Lj ref
Aj = = | A7 (B.13)
Lj

where L% is the sarcomere length and L;’mf its reference value.
Since L} is not directly available during the TriSeg iteration, an initial estimate is obtained using the
contractile element length L;?Om (see Appendix B.3), yielding:

Lcjont
Ef> =1n | -2 . (B.14)

s,ref
Lj

(B.12)

From this estimate, the sarcomere model provides the corresponding fiber stress ¢fiP and stiffness

Jrt
dofib

ﬁ The induced patch tension is then given by
T, =37 B.15
75 214.]’1 ) ( )
where A;; is the estimated patch area.
The patch stiffness follows as
dTj.i dog i) Vi
— = — — 207 1 (B.16)
dAj,i (dE?,E o 4A?,z
Finally, the zero-tension area is obtained from Eq. (B.10):
T,

t ATy /dA

28



973

983

992

993

994

996

997
998
999

B.3 Sarcomere mechanics

In this section, we describe the sarcomere module of CircAdapt as introduced in the original model [21],
where the subscript ¢ denotes the cavity. In the MultiPatch formulation, the cardiac wall is subdivided
into N patches, so that each variable indexed by ¢ gives rise to N patch-specific equations, allowing
mechanical parameters to vary across patches.

A sarcomere is modeled using a three-element Hill-type contraction model [66]. The contractile
element, with length L™ is arranged in series with an elastic element of length L&', and this series
combination is in parallel with an additional elastic element. The total sarcomere length is given by

Ly = L™+ Le = Ly exp (ERY) (B.18)

where L$™! is the reference sarcomere length corresponding to the reference wall area, and EfiP is the
natural myofiber strain, defined as

LS
Eﬁb—1n< f> (B.19)
Lz,re

Sarcomere active stress The contractile element length L™ evolves over time according to

rcont __
feomt =

(B.20)

AL [T L
dt - Lelast,iso ’

where L°125%159 js the length of the series elastic element during isovolumetric contraction, and v™2* is
the maximum contraction velocity.

Active stress also depends on time through the contractility variable C,, a phenomenological quantity
representing the density of cross-bridges within the sarcomere. Contractility increases upon activation
and exhibits a rise and decay phase with distinct time constants. The rate of increase depends on
sarcomere length [67]. Active stress increases with contractility, contractile element length, and series
elastic element stretch.

The evolution of contractility is modeled as
Co = [I()Cs (LE™) — f3 () C. (B.21)
The rise function fr5° describes the formation of cross-bridges:

. 1
faoet) = o 0.0223(8 — )2 exp(—.), (B.22)

t— tact
z.(t) = min (S,max (0, tmg)) , (B.23)

where ¢2°* is the activation onset time and

tl(":ise —=0.55 7_R tict,ref.

The activation time #2°* is defined relative to the beginning of the cardiac cycle t"t:
" = nteyete, (B.24)
such that
pact — ¢bt (B.25)
for the atria, and
12t = Pt 4 AV o Agact (B.26)

for the ventricles, where At2* is the patch-wise activation delay from the EP model and #AV is the
atrioventricular delay.
The decay of contractility is governed by

Fe (1) = i [1 4+ sin (sigm(ye) min (5. Juel) )]

2tcciecay

t— tact _ tact,dur
yc(t) = . decayc ’
c
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with
d D ref
1o =0.337 tﬁCt et
and contraction duration
£2et I = (0.65 + 1.0570 Lro™™) tactret

Here, the normalized sarcomere length is defined as

Lcont
norm __ ¢
LC = max (000017 W - 1) 5

where L2°t0ref is the sarcomere length at zero active stress.
The function C% accounts for the dependence of cross-bridge formation on sarcomere length:

Cs (L) = tanh (0.75 - 9.1204 (L2°™)?) .
Finally, the active fiber stress is given by

s cont
Lc - Lc

O_ﬁb,act _ LactO,ref O_act,max Cc [ porm ¢ ,
c c Lelast,lso

(B.27)

act,max

where o is the maximum isometric active stress.

Sarcomere passive stress The passive stress 0°P3 is modeled as the sum of two contributions,

O_(I:ib,pas _ U§b7tit + O_(I:ib,ecm’ (BQS)

representing the stresses generated by intracellular structures (primarily titin, a key structural protein
of the sarcomere anchored to the Z-disc) and by the extracellular matrix (ECM), respectively.
Both components depend on the passive fiber stretch, defined as

s
APas — Lc
c LpasO,ref’

where LP2507¢f is the sarcomere length at zero passive stress and LS is the total sarcomere length.
The titin contribution is modeled as

. tit
O'gb’tlt —0.01 O,act,max ()\gask _ 1) ,

where ¢2°%ma% g the maximal isometric stress, and the exponent k' is defined as
s,ref
Lt — 9 L>
[8:pas’

where L®P?% is a characteristic length scale governing passive stiffness.
The ECM contribution is modeled as a stiffer nonlinear response:

gfibeem — (0349 gPasmax (\pas10 _ 1) (B.29)

where gP?$™2% is an empirical parameter.

fi

c

Sarcomere total stress The total myofiber stress ¢fi® is given by the sum of the active stress (B.27)

and the passive stress (B.28):
aﬁ“’ = agb’a“ + U?b’pas. (B.30)

The sarcomere stiffness x1 is defined as the derivative of total fiber stress with respect to fiber strain:

b 805"3 805"3’3“ ao_gib,pas

KRy = aEﬁb = aEﬁb + aEﬁb s (B31)
where
bS] ﬁb,act Is
ﬁ = LaCtO,ref O_act,max Oc L1cnorm116Tsiiso7
aa‘ﬁb’pas i tit
W =0.01 k.tlt O_act,maxAgas k +0.0349 - 10 Jpas,maX)\Sas 10'
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B.4 Vessel module

The tube module represents compliant blood vessels capable of propagating pressure—flow waves super-
imposed on a mean flow [21]. Vessels directly connected to the heart, namely the aorta (AO), pulmonary
artery (AP), venae cavae (VC), and pulmonary veins (VP), are modeled using this formulation.

The lumen cross-sectional area is computed as

A =1L (B.32)

where V; is the vessel volume and [; is the segment length.
Using a fibrous tube model [65], the average fiber stretch \; is given by

2‘/;/ 1/3 2141‘, 1/3
)\t = <1 + ‘/twan) == 1 + W 5 (B33)

where A2 is the wall cross-sectional area and V"' = A¥all], is the wall volume.
The vessel pressure depends on the stretch \; as

Pt = Ut(>\t) )\;37 (B34)

where o is the mean Cauchy fiber stress, modeled by the constitutive law

or(Ae) = o ( ax >k (B.35)

ref
)\t

Here, k; is a stiffness exponent, A\I*f is the reference fiber stretch,

2‘/;ref) 1/3

ref __
)\te - (1 + V;wall

and o°f is the corresponding reference stress,

O'ief _ pief ()\ief)?’ ,

with pi*f denoting the reference pressure.
Combining the above relations yields the current vessel pressure:

ky—3
Awall + 24 3
__ . ref t t
bt =Dy (Agvall + 2A§ef) ) (B36)

where Al is the reference cross-sectional area and V;j*f = AI[; is the reference vessel volume.

B.5 Periphery

The pulmonary (pulm) and systemic (sys) periphery are modeled as resistive elements. The current
pressure drop Apy,, for py € {pulm, sys}, is defined as the difference between the pressure in the inflow
artery pp ™ and that in the outflow vein p{ist:

Apyy = pi" — pi™". (B.37)

The corresponding resistances are computed as

Apref
Py
Rpy = st (B.38)
where Ap;‘?f is the reference arteriovenous pressure drop and ¢*°! is the mean systemic flow at rest.
The resulting flow through the peripheral circulation is then given by
Appy
Qpy = . (B.39)
Ryy
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w3 C  CircAdapt Global Sensitivity Analysis

1044 A global sensitivity analysis (GSA) was performed on the CircAdapt model to identify the input parame-
1045 ters that most strongly influence the six target output volumes. The set of model parameters considered
1046 in the analysis is reported in Table 6.

1047 After fixing patient-specific inputs (highlighted in gray in Table 6), the GSA was conducted separately
1048 for each patient. The resulting total Sobol indices are shown in Figure C.1. Each parameter was varied

1049 within predefined physiological ranges around its baseline value (see Table 6), consistent with values
1050 reported in [27].
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Figure C.1: Heatmap of total Sobol indices obtained from the global sensitivity analysis for the four
patients.
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