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 A B S T R A C T

Cardiac digital twins (CDTs) are emerging as powerful tools in personalized medicine, providing subject-specific 
models to simulate and understand cardiac function. A central challenge in constructing CDTs is accurately 
personalizing the structure and function of the His-Purkinje system (HPS), which determines ventricular 
activation. In this study, we leveraged a novel modified Geodesic-BP method to infer early activation sites 
(EASs) from epicardial activation times. The EASs can then serve as a surrogate for Purkinje-myocardial 
junctions, facilitating anterograde ventricular activation. We used both experimental porcine (N = 5) and 
synthetic (N = 5) datasets of epicardial activation times measured or assigned to locations on an electrode 
sock. For both datasets, we optimized for initial estimates of 5, 50, 100, and 200 EASs and assessed output 
variability by repeating the inference process 10 times. Assessments were based on matching the predicted 
activation times at both the epicardial locations and from intracardiac measurements made with multielectrode 
needles, and throughout the ventricular myocardium for the synthetic dataset. The algorithm could consistently 
recover global ventricular activation patterns from epicardial data alone. For the experimental dataset, the 
minimum and maximum mean absolute differences were 0.19 ms and 3.86 ms on the epicardial sock and 
2.65 ms and 10.69 ms for the needles. For the synthetic dataset, the corresponding values were 0.13 ms 
and 2.81 ms on the sock and 2.42 ms and 14.07 ms ms throughout the ventricular myocardium. However, 
discrepancies between the epicardial surface and intramural myocardium, overfitting of EASs, and variability 
across repeated runs revealed key limitations. These findings highlight both the overall potential and current 
limitations of inferring EASs using the proposed optimization approach. They demonstrate the feasibility 
of deriving informative activation patterns from limited data, while underscoring the need to incorporate 
stronger physiological priors and anatomical constraints. Ultimately, our results motivate future efforts to refine 
simulation-based personalization frameworks, improve robustness, and enhance the physiological realism of 
CDTs for more accurate and reliable applications.
1. Introduction

Cardiac digital twins (CDTs) have emerged as a transformative tech-
nology in cardiology, offering detailed, subject-specific computational 
replicas of cardiac structure and function to enable personalized and 
precise diagnosis, prognosis, and therapy planning [1–4]. Central to 
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the vision of CDTs is the accurate personalization and inference of the 
numerous parameters underlying the biophysical models from standard 
clinical measurements. Therein also lies the major challenge in this en-
deavor, one example of which is the characterization of the ventricular 
activation sequence during normal sinus rhythm. Ventricular activation 
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is predominantly governed by the His-Purkinje system (HPS), a rapidly 
conducting fiber network terminating in Purkinje-myocardial junctions 
(PMJs) that facilitate the earliest activation sites (EASs) within the 
ventricles [5–7]. The anatomical configuration and electrophysiological 
behavior of the HPS play a crucial role in shaping activation dynamics, 
arrhythmia maintenance, and retrograde conduction properties [8,9].

Despite its physiological importance, inferring the PMJ locations 
and subsequent ventricular activation for CDT applications remain 
challenging tasks [1,10]. Foremost among these challenges is the lim-
ited accessibility of high-resolution anatomical or functional data in 
both experimental and clinical practice [11,12], which limits our un-
derstanding of the electrical properties of the HPS [13]. As a result, 
computational models of cardiac electrophysiology often rely on repli-
cating the predominant breakthrough of the Durrer-based five primary 
fascicles of the HPS described in the literature as long ago as the 
1970’s [14]. More recent methods have turned to inverse modeling 
techniques, inferring HPS structures [15] or numerous EASs [16] from 
ECGs and BSPMs [17], or activation maps [18]. These iterative in-
verse approaches are enabled by fast and efficient solvers for the 
eikonal equation, which enables rapid simulations of cardiac activa-
tion [19,20]. Probabilistic frameworks have further improved model 
plausibility by generating ensembles of feasible HPS configurations 
constrained by data [21], and generative models have emerged to 
synthesize realistic ventricular activation [16]. Validation of these 
optimization techniques, however, is necessary to assess the reliabil-
ity of HPS reconstruction for generating accurate CDTs for potential 
clinical applications. This is particularly important because inverse re-
constructions in cardiac modeling applications (e.g., ECG Imaging) are 
challenging, as they are known to be ill-posed and ill-conditioned [10,
13,16]. Furthermore, the problem is inherently non-unique, leading to 
multiple ventricular activation sequences that can produce remarkably 
similar 12-lead ECGs [10,13].

To our knowledge, no studies to date have performed volumetric 
validation of HPS-inferred activation sequences based on indepen-
dent data, i.e., not used in the optimization process. Most validation 
efforts have relied on torso surface ECG morphologies, which offer 
limited spatial insight and do not assess volumetric accuracy within 
the myocardium [16]. A few landmark studies have compared nonin-
vasively reconstructed epicardial and endocardial activation times from 
electrocardiographic imaging (ECGI), showing promising surface-level 
agreement—but they still lacked validation against independent intra-
mural recordings [22]. More recently, ventricular simulations coupled 
with pre-clinical models have begun to estimate conduction velocities 
and validate wavefront reconstructions using volumetric datasets [23–
25]. However, these efforts focused on ectopic activity and therefore 
lack the anatomical specificity and defined activation breakthrough 
points characteristic of the HPS [23]. This gap highlights a critical 
need for benchmarks that can test the predictive fidelity of His-Purkinje 
personalization methods within CDTs.

In this study, we evaluated an enhanced approach for inferring EASs 
from the cardiac conduction system using epicardial activation times, 
with a particular focus on assessing the reconstruction of volumetric 
activation times. The optimization process employed a modified ver-
sion of the Geodesic-BP method, developed initially to estimate EASs 
from epicardial data [18]. This method determines the spatial and 
temporal characteristics of EASs within the ventricular myocardium by 
minimizing discrepancies between optimized simulations and observed 
epicardial activation patterns. More recently, the approach has been 
further refined and extended to incorporate torso ECG data [16]. We 
applied the method to geometric models and epicardial sock electrode 
activation times from five invasive porcine experiments. To evaluate 
the accuracy of activation reconstruction beyond the epicardial sock, 
we compared optimized simulated activation timings with intramural 
needle electrode recordings, which were omitted from the optimization. 
We further validated this approach by testing its ability to recover 
2 
activation patterns from synthetic epicardial sock data generated us-
ing five prescribed EASs aligned with HPS fascicles described in the 
literature [14]. By integrating computational modeling [15,26] with
in situ electrical recordings, our framework provides a link between 
simulation and physiological measurements. Leveraging insights from 
generative modeling [16], this methodology overcomes key limitations 
of ECG-based techniques and enhances the physiological fidelity of 
personalized CDTs by comparing to invasive experimental signals.

2. Methods

2.1. Experimental dataset

Before describing the details of the optimization approach, we 
outline the experiments that provided the input data and the validation.

2.1.1. InSitu experiment setup
The experimental model used in this study has been previously 

described in Zenger et al. [27]. Briefly, midline sternotomies were 
performed on five anesthetized Yucatan minipigs (male, approximately 
30 kg) to expose the anterior surface of the heart. Each animal was 
instrumented with both epicardial and intramural electrode arrays for 
high-resolution electrical mapping. The intramural electrodes consisted 
of custom-made plunge needles, each containing 10 electrodes spaced 
1.6 mm apart along the shaft. For each animal, 20–30 plunge needles 
were inserted into the myocardium within the perfusion territory of 
the left anterior descending (LAD) coronary artery, with 5–10 mm 
spacing between epicardial entry sites. To capture epicardial potentials, 
a high-density 247-electrode sock array was placed over the ventricular 
surface, providing an approximate resolution of 6.6 mm2 and 10 mm 
inter-electrode spacing. Following electrode placement, the thoracic 
cavity was closed and any residual air evacuated, and recordings were 
delayed for one hour to allow recovery from needle insertion before 
sinus rhythm electrograms were collected. Bioelectric signals were 
recorded simultaneously using a custom-built digital multiplexer sys-
tem at a sampling rate of 1 kHz, with appropriate gain settings and 
low-pass filtering [27]. All animal procedures were approved by the 
University of Utah Institutional Animal Care and Use Committee (pro-
tocol #20-11001, approved 11/23/2020) and conducted in accordance 
with the Guide for the Care and Use of Laboratory Animals.

2.1.2. Experiment processing
Geometric model generation:. After euthanasia, the hearts were excised, 
filled with dental alginate to preserve internal structure, fixed in forma-
lin, and scanned via computed tomography (CT). Using Seg3D (www.
sci.utah.edu/software/seg3d), geometric segmentations were created 
for the intramural needles, left and right ventricles, and blood pools. 
Finite element meshes with a target mean edge length of 700 μm were 
generated using Cleaver (www.sci.utah.edu/software/cleaver) [28,29]. 
The five anatomical models derived from these scans are referred to as 
Geometries A through E. Myocardial fiber orientations were assigned 
using a rule-based method incorporating fiber (𝛼) and helix (𝛽) angles 
defined on the endocardium and epicardium [30]. Specifically, 𝛼 was 
set to 60◦ at the endocardium and −60◦ at the epicardium, while 𝛽 was 
assigned values of −35◦ and 0◦, respectively [31,32].
Geometric registration:. At the end of each experiment, the positions of 
selected sock electrodes and intramural needle insertion points were 
digitized using a MicroScribe 3D digitizer (Revware Inc., Raleigh, NC). 
These digitized points were registered to the CT space via an affine 
transformation, using the common locations of digitized and imaged 
intramural needles. The transformed sock points were snapped to the 
myocardial surface using a nearest-neighbor approach. To register the 
full set of sock electrodes, a nominal sock mesh, created by manually 
stretching the sock over a heart model and digitizing each individual 
electrode, was first adjusted along the apical-basal axis to match verti-
cal electrode spacing. This nominal mesh was then aligned with the 

http://www.sci.utah.edu/software/seg3d
http://www.sci.utah.edu/software/seg3d
http://www.sci.utah.edu/software/seg3d
http://www.sci.utah.edu/software/cleaver


L.C.R. Tanner et al. Computers in Biology and Medicine 198 (2025) 111178 
Fig. 1. Electrode locations for Geometries A through E (columns). The top panel shows the epicardial sock electrodes, showing two views per experiment: the 
ventricular base (top) and the anterior surface (bottom). The bottom panel shows intramural needle electrode locations with matching views: base (top) and 
anterior (bottom).
CT-derived heart mesh using correspondence-driven iterative closest 
point (ICP) registration, followed by geodesically constrained radial 
basis deformation as previously described [33].

For each geometry (A–E), spatial correspondence was established by 
identifying the closest point on the biventricular mesh to each electrode 
location from the sock and plunge needle datasets using meshtool [34]. 
The resulting geometric models thus represented distinct distributions 
of electrode locations across the epicardial surface and throughout the 
myocardial wall, as shown in Fig.  1. Electrode count summaries for 
each geometry are provided in Table  1.
Signal processing:. Electrical recordings were processed using the open-
source software PFEIFER (https://github.com/SCIInstitute/PFEIFER)
[35]. Signals were baseline-corrected, filtered (amplitude-normalized 
11th-order rational transfer function), and annotated for temporal 
landmarks on a beat-by-beat basis. Electrodes exhibiting excessive 
noise, no detectable physiological response, or inconsistent behavior 
relative to neighbors were manually reviewed and excluded from the 
analysis. As a result, the number of valid time signals (and activation 
times) for the experiments ranged from 111–218. For each dataset, 
a global root mean squared signal was computed separately for the 
sock and intramural arrays and used to identify fiducials around the 
QRS complex. Local activation times were then computed based on the 
time of the maximum negative deflection (dV/dtmin) within the QRS 
complex and checked for accuracy. For visualization only, activation 
times were interpolated using meshtool based on the spatial distribution 
of the epicardial sock electrodes.

2.2. Eikonal method

Activation sequences were calculated with CARPentry using the 
eikonal approximation framework [19] controlled using the openCARP 
framework [36]. In this approach, the arrival time of the activation 
wavefront, denoted by 𝑡𝑎, is computed within the myocardial 𝛺 based 
on a spatially varying orthotropic velocity field represented by the ten-
sor 𝐕(𝐱), with initial activation times 𝑡  at locations 𝛤 . The governing 
0

3 
Table 1
Number of intramural needle electrodes (column 1) and epicardial sock 
electrodes (column 2) used in five experiments (Geometry A–E). Each row 
corresponds to a different experimental geometry.
 # of intramural electrodes # of epicardial electrodes 
 Geometry A 101 205  
 Geometry B 113 218  
 Geometry C 72 183  
 Geometry D 56 111  
 Geometry E 73 190  

equations for this model are defined as: 
⎧

⎪

⎨

⎪

⎩

√

∇𝑡𝑇𝑎 𝐕∇𝑡𝑎 = 1 in 𝛺,

𝑡𝑎 = 𝑡0 in 𝛤 ,
(1)

where 𝛺 denotes the myocardial tissue, and 𝑡𝑎 is a scalar field repre-
senting the time at which the activation wavefront arrives at position 𝐱. 
The tensor 𝐕(𝐱) is a symmetric, positive-definite 3 × 3 matrix encoding 
the squared conduction velocities along orthotropic fiber directions: 
longitudinal (𝑙), transverse (𝑡), and sheet (𝑠). This tensor is given by: 

𝐕 = 𝑣2𝑙 𝑙𝑙
𝑇 + 𝑣2𝑡 𝑡𝑡

𝑇 + 𝑣2𝑠 𝑠𝑠
𝑇 . (2)

A homogeneous longitudinal conduction velocity of 100 cm/s and off-
axis velocities at 1

2  of the longitudinal velocity [23] were set in the 
entirety of the myocardium. These conduction velocity values are in 
agreement with experimental porcine studies [23–25,37].

2.3. Geodesic backpropagation algorithm

We employed a Geodesic-BP algorithm modified to optimize EASs 
from activation times across an epicardial sock, with methodology 
described by Grandits et al. (2020) and Grandits et al. (2025) [16,18]. 
To summarize, given target epicardial activation times ̂𝑡 (𝐱 ) for epi =
𝑎 epi

https://github.com/SCIInstitute/PFEIFER
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1,… , 𝐿, an optimal set of initiation sites 𝑋0, both location and stimulus 
time, are found such that simulated activation times 𝑡𝑎,𝑋0

(𝐱epi) best 
match the targets in a least-squares sense: 

min
𝑋0∈

1
𝐿

𝐿
∑

𝑒𝑝𝑖=1

(

𝑡𝑎,𝑋0
(𝐱epi) − 𝑡̂𝑎(𝐱epi)

)2
= min

𝑋0∈
(𝑋0), (3)

where  is the feasible set of EASs, and (𝑋0) denotes the loss func-
tion. The loss function in Eq.  (3) is minimized using the ADAM op-
timizer [38], run for 400 iterations with a learning rate of 0.75. 
Starting from an initial set of early activation site (including both 
location and stimulus time) guesses 𝑋(0)

0 , iterative updates to the solu-
tion 𝑋(0)

0 , 𝑋(1)
0 ,… , 𝑋(𝑘+1)

0 ,…  are made until convergence to an optimal 
set 𝑋∗

0 . Gradients are computed via back-propagation, which traces 
discrete geodesic paths from the EASs. The feasible set  includes all 
EASs within the entire myocardial volume, i.e., from endocardium to 
epicardium, with non-negative activation times 𝑡𝑖. No upper bound is 
enforced on 𝑡𝑖, allowing the algorithm to naturally deactivate EASs with 
large initiation times. For each optimization run, initial EAS positions 𝑥𝑖
are sampled uniformly throughout the myocardium using the trimesh
library [39]. Corresponding activation times 𝑡𝑖 were drawn from a 
uniform distribution between 𝑡0 and maxepi 𝑡̂𝑎(𝐱epi). Computation of 
activation from the EASs within Geodesic-BP was performed using 
an iterative optimization procedure to approximate the eikonal model 
(Section 2.2).

2.4. Optimization of experimental epicardial data

We deployed the Geodesic-BP method in Section 2.3 using 4 dif-
ferent, randomly selected sets of candidate EASs: 5, 50, 100, and 200 
locations each with its own stimulus time. We repeated this process 
with each of the 5 different geometric models from the experimental 
studies. The goal of each optimization was to minimize the discrepancy 
between the inferred and ground-truth epicardial sock activation times. 
We repeated the inference process using the Geodesic-BP method 10 
times for all EAS setups, i.e., we performed a different random selection 
of initial EAS locations and stimulus times. The goal of the repeated 
optimizations was to assess the variability in the solution.

To evaluate the performance of the optimization method, we distin-
guished between training and validation data. Epicardial sock activa-
tion times were used as input to the optimization process, effectively 
serving as training data to determine the best-fit activation sequence. 
In contrast, intramural needle activation times were withheld from the 
optimization and used exclusively for validation, allowing us to assess 
the accuracy of the reconstructed activation sequences independently. 
Accuracy was quantified by computing the absolute differences be-
tween experimentally measured and optimized activation times at each 
location. Point-wise means and standard deviations were computed 
over all solutions, both throughout the myocardial volume and at the 
epicardial points.

2.5. Optimization of synthetic epicardial data

We also evaluated the ability of the Geodesic-BP algorithm to re-
cover a synthetically generated activation sequence based on five early 
activation areas first reported by Durrer et al. and often used in cardiac 
applications [26,40–42]. Synthetic simulations offer an opportunity to 
evaluate the optimization of EAS locations and stimulus times, albeit 
under controlled conditions that involve assigning values to generate 
the activation times used in the optimization [26]. Durrer-like ground 
truth activation sequences were calculated with CARPentry using the 
eikonal approximation framework [19,43] controlled using the open-
CARP framework [36], described in Section 2.2. This simulation was 
repeated for each experimental geometry, using the equivalent five 
stimulus sites based on previous studies by Gillette et al. using the 
universal ventricular coordinate system [26,30]. Table  2 contains a 
summary of the EAS details.
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Table 2
Early activation sites used for synthetic ground truth eikonal simulations of 
sinus ventricular activation.
 Parameter 𝑧 𝜌 𝜙 𝑣  
 𝑏𝑙𝑣,𝑠𝑓 0.61 0.0 0.73 −1 
 𝑏𝑙𝑣,𝑝𝑓 0.47 0.0 −1.36 −1 
 𝑏𝑙𝑣,𝑎𝑓 0.82 0.0 1.94 −1 
 𝑏𝑟𝑣,𝑠𝑓 0.72 1.0 −0.04 −1 
 𝑏𝑟𝑣,𝑚𝑜𝑑 0.63 0.0 0.21 +1 

As with the examples from the measured values, we provided the 
optimizer with the 5 different geometric models (A–E) and the synthetic 
epicardial activation times at the same locations as the values mea-
sured with the sock and then conducted the same steps: ten repeated 
selections of 5, 50, 100, and 200 EAS locations and stimulus times. To 
generate the synthetic activation times on the experimental epicardial 
sock, we mapped each sock electrode to the nearest simulated acti-
vation time. For all optimizations, we omitted additional noise to the 
synthetic data, as the goal of this study was to evaluate how well the 
method could recover ground truth information under ideal conditions, 
where all input parameters were fully known and controlled.

For the optimization setup with 5 EASs, we captured the variability 
in the EAS locations across trials. We performed constrained k-means 
clustering on the EAS locations produced by the 10 randomly selected 
starting locations. The constraints ensured that each cluster contained 
exactly 10 points. From the resulting clusters, we calculated the point-
wise differences within every cluster of points and summarized the 
results as minimum, maximum, and average intra-cluster distances. 
Additionally, for the optimization setups with 5 and 200 EASs, we con-
structed histograms of the stimulus start times to capture the variability 
between setups.

3. Results

3.1. Optimization from measured activation times

For each of the five geometric models, we used between 111–218 
measured epicardial sock activation times (see Table  1) as input to the 
modified Geodesic-BP algorithm that we optimized for 10 sets of 5, 50, 
100, and 200 initial EASs, as detailed in Section 2.4. Fig.  2 presents an 
overall performance metric as the mean absolute differences between 
measured and inferred activation times for both the epicardial sock 
and intramural needles. For the epicardial sock results, we observed a 
general decrease in mean absolute difference with increasing numbers 
of EASs. In contrast, no consistent trend was observed in the intramural 
needle results. Notably, Geometry D, Run 6 with 200 EASs yielded 
the lowest mean absolute difference (0.44 ms) on the epicardial sock, 
while Geometry E, Run 0 with 5 EASs, exhibited the highest (3.86 ms). 
Interestingly, although this sample had the worst accuracy on the 
epicardial sock, it produced the lowest mean absolute difference in 
the intramural needle data (7.18 ms). Similar patterns were seen in 
Geometry E, Run 4, with 50 EASs and Geometry B, Run 1 with 50 EASs. 
Conversely, some runs with the highest intramural error achieved the 
lowest epicardial sock error, including Geometry A, Run 7 with 100 
EASs, Geometry A, Run 2 with 200 EASs, and Geometry C, Run 2 with 
200 EASs.

Fig.  3 shows visualizations of the experimental ground truth, op-
timized simulation, and corresponding difference maps for the best- 
and worst-performing optimizations: Geometry D, Run 6 with 200 EASs 
(minimum average absolute difference) and Geometry E, Run 0 with 5 
EASs (maximum average absolute difference), respectively. Results are 
shown on both anterior and posterior views of the epicardial surface. In 
the best-performing optimization, the experimental activation pattern 
appears smoother than the optimized result, though both coarsely share 
similar regions of mid-activation (blue) and late activation (brown) on 
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Fig. 2. Box plots of mean absolute differences. Mean absolute differences between optimized and experimental activation times are shown for measurements 
from the epicardial socks (top) and intramural needle electrodes (bottom) across five different experiments. The 𝑥-axis indicates the number of optimized EASs: 
5, 50, 100, and 200.
the anterior and posterior surfaces, respectively. In contrast, the worst-
performing optimization shows little to no spatial similarity between 
the experimental and optimized activation patterns. The difference 
maps also highlight localized temporal discrepancies between the op-
timized and experimental data, and they range from 0–4 ms in the 
best-performing case and up to 15 ms in the worst.

Fig.  4 shows the spatial distribution of initiation sites for Geometry 
D in the best-performing run (minimum average absolute difference) 
and Geometry E in the worst-performing run (maximum average abso-
lute difference), each selected from optimizations initialized with 5, 50, 
100, and 200 EASs. Some EASs activated after the initial stimulus, as 
discussed in Section 2.3; these sites functioned as acceleration sites to 
help match epicardial sock activation patterns. In the best-performing 
5-EAS case, two sites, one near 0 ms (pink) and one near 14 ms 
(orange), were clustered on the endocardial surface. In contrast, the 
worst-performing case shows a more scattered distribution throughout 
the myocardium. As the number of EASs increased, initiation times 
became more temporally staggered and spatially distributed across the 
myocardium. The colors of the spheres in the figure indicate delayed 
activation, with later-onset sites corresponding to those that provided 
acceleration. Notably, the number of such acceleration sites generally 
increased with the number of initial EASs.

Fig.  5 summarizes the mean activation times and corresponding 
standard deviations across 10 optimization runs for Geometry E, com-
paring optimizations initialized with 5 and 200 EASs. In the mean 
activation maps, the 5 EASs case exhibited a marginally higher max-
imum activation time (54 ms) compared to the 200 EASs case (49 ms). 
Moreover, activation times throughout the myocardium were generally 
lower in the 5 EASs case, as indicated by increased regions of blue 
and green, while the 200 EASs case displayed more widespread late 
activation (browns). In terms of variability, the 5 EASs case showed 
a slightly larger maximum standard deviation (11 ms) than the 200 
EASs case (8 ms). For both EAS setups, regions of elevated variability 
were localized primarily on the endocardial surface and within the 
intramural volume, as indicated by concentric isochrones transitioning 
from blue to brown. The 200 EASs case exhibited more spatially patchy 
patterns in both the mean and standard deviation maps, closely resem-
bling the variability observed in individual (non-averaged) optimized 
simulations.
5 
3.2. Optimization from synthetic activation times

For each geometry, we conducted a simulation of synthetic acti-
vation with 5 EASs based on the 1970 Durrer report [14]. A subset 
of the resulting epicardial activation times served as the input to the 
Geodesic-BP algorithm using the same paradigm as for the measured 
epicardial sock activation times, as detailed in Section 2.5. Fig.  6 
presents the mean absolute differences for both the epicardial sock and 
across all the nodes in the heart volume. As with the case derived 
from the measured values, we observed a general decrease in mean 
absolute difference with increasing numbers of EASs. In contrast, within 
the heart volume, we observed a general increase in mean absolute 
difference with increasing number of EASs. Notably, Geometry D, Run 
0 with 200 EASs yielded the lowest mean absolute difference (0.13 ms) 
on the epicardial sock, while Geometry D, Run 9 with 5 EASs exhibited 
the highest (2.81 ms).

Fig.  7 presents the synthetic ground truth, optimized simulation, 
and corresponding difference maps for the best- and worst-performing 
optimizations based on the epicardial sock activation times: Geometry 
D, Run 0 with 200 EASs (minimum average absolute difference across 
the epicardial sock) and Geometry D, Run 9 with 5 EASs (maximum 
average absolute difference across the epicardial sock), respectively. 
Results are shown from both anterior and posterior views of the epi-
cardial surface. Even in the best-performing optimization, the synthetic 
ground truth activation pattern is more spatially coherent and less 
patchy compared to either optimized result, which, in fact, more closely 
resembles each other than they do the ground truth. Both display 
similar regions of late activation (brown) across the epicardial surface 
and coarsely resemble the patterns of the ground truth case. Intramural 
activation patterns reveal a similar trend to that observed from the 
measured intramural needles, i.e., that neither case performs well, but 
that better epicardial sock agreement is paired with worse intramural 
fit. These patterns are further reflected in the difference maps, where 
there was increased error (blue) on the endocardium, including the en-
docardial surface and throughout the septum. For the best-performing 
case, absolute differences were higher (up to 51 ms) than for the 
worst-performing case (40 ms).

Fig.  8 illustrates the spatial distribution of initiation sites on Geom-
etry D for the best- and worst-performing run optimizations initialized 
with 5, 50, 100, and 200 EASs. In the 5-EAS case, the best-performing 
run had two early stimuli (approximately 0 ms, shown in pink), while 
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Fig. 3. Epicardial surface activation maps and corresponding difference maps for the best-performing (Geometry D, Run 6 with 200 EASs) and worst-performing 
(Geometry E, Run 0 with 5 EASs) optimizations. The best and worst performances correspond to the minimum and maximum mean absolute differences on the 
epicardial sock. The columns show, from left to right: the experimental ground truth, the optimized simulation, and the absolute differences in activation times 
between experimental and optimized cases. The first and second rows display posterior and anterior views of the epicardial surface, respectively. Spheres indicate 
the locations of the sock epicardial electrodes and are colored according to either activation time or absolute difference in activation time, depending on the 
column. Activation time color bars range from 0–54 ms for the best case and 0–61 ms for the worst case. The color bars for absolute differences ranged from 
0–4 ms for the best case and 0–15 ms for the worst case.
the worst-performing run had only one. The remaining sites in both 
cases activated around 15 ms, deviating from the prescribed 0 ms onset 
of the ground truth configuration we imposed. In the best-performing 
run, three sites were located on the subendocardial surface, whereas 
in the worst-performing run, only one site was subendocardial and 
one was even positioned on the epicardial surface. Both the best- 
and worst-performing runs represent a departure from the expected 
subendocardial confinement of EASs. As the number of EASs increased, 
the stimulus initiation times became more temporally dispersed and 
spatially distributed throughout the myocardium. In some cases, the 
earliest stimulus was delayed until approximately 20 ms, significantly 
later than the 0 ms onset prescribed in the synthetic ground truth 
simulation.

Fig.  9 summarizes the mean activation times and corresponding 
standard deviations across 10 optimization runs for Geometry D, com-
paring optimizations initialized with 5 and 200 EASs. For both the 5 
and 200 EASs, the maximum activation time was 53 ms. However, 
activation times throughout the myocardium were generally lower in 
the 5 EASs case, as indicated by increased regions of blue and green, 
while the 200 EASs case displays more widespread late activation 
(browns). In terms of variability, the 5 EASs case showed a larger 
maximum standard deviation (12 ms) than the 200 EASs case (7 ms). 
For both EAS setups, regions of elevated variability were localized 
primarily on the endocardial surface. The 200 EASs case exhibited 
more spatially patchy patterns in both the mean and standard devi-
ation maps, closely resembling the variability observed in individual 
(non-averaged) optimized simulations.

Table  3 summarizes the minimum, maximum, and average intra-
cluster distances for each cluster across all geometries. Geometry D 
exhibited the smallest intra-cluster distance (0.3 mm), while Geome-
try E exhibits the largest intra-cluster distance (36.6 mm). Across all 
geometries, the average distances ranged from 7.8 mm (Geometry C) 
to 12.8 mm (Geometry D). Fig.  10 shows the distributions of stimulus 
start times for each geometry. Across all geometries, the 200 EASs 
optimization setup consistently resulted in later stimulus start times 
compared to the 5 EASs setup.

4. Discussion

In this study, we deployed a novel modified Geodesic-BP method
[16,18] to optimize the earliest sites of ventricular activation from 
high-resolution epicardial sock activation data collected during nor-
mal sinus rhythm in five porcine experiments [44]. We evaluated the 
model’s capacity to reconstruct activation beyond the epicardial sur-
face, comparing recovered volumetric activation times with intramural 
6 
Table 3
Minimum, maximum, and mean intra-cluster distances (in mm) across all five 
geometries (A–E). Values represent the spatial spread of clustered stimulus 
points across 10 optimization runs per geometry when using five initiation 
sites.
 Distance (mm) Geom. A Geom. B Geom. C Geom. D Geom. E 
 Minimum 0.4 0.3 0.3 0.3 0.6  
 Maximum 28.6 20.8 30.3 33.4 36.6  
 Mean 9.3 7.8 7.8 12.8 11.8  

needle electrode recordings withheld from the optimization process. 
We also tested the algorithm’s ability to recover activation patterns 
from synthetic epicardial sock data generated from 5 EASs placed 
along known HPS fascicles [14]. The motivation for this study was 
twofold. First, there is the profound paucity of knowledge regarding the 
anatomical and physiological details of the HPS, particularly its vari-
ability across subjects, where EAS serves as a functional replacement 
for the PMJs in the context of personalized CDTs [5–7,45,46]. Second, 
inverse optimization methods face a fundamental limitation that multi-
ple optimized HPS configurations can produce nearly indistinguishable 
activation patterns, rendering the inverse problem under-determined 
in cardiac electrophysiology and complicating personalization [10,16]. 
Validation is therefore critical to ensure reliability when deploying 
CDTs for clinical application and use. Overall, this methodology inte-
grated computational modeling [26] with in situ and synthetic electrical 
recordings to explore a strategy that replaces explicit modeling of 
inaccessible details of the HPS with a functional equivalent suitable for 
eventual clinical translation.

Our key findings from this study are as follows: first, we found that 
the optimization process using the Geodesic-BP efficiently reproduced 
the ventricular activation sequence on the epicardial surface from 
activation times sampled at 111–218 locations on an epicardial sock 
with modest fidelity (maximum mean absolute difference of 3.9 ms). 
However, the complex activation patterns lacked physiological realism, 
with excessive simultaneous breakthroughs beyond what occurs in the 
heart, likely due to missing regularization or physiological constraints 
in the optimization. Note that the known physiology of HPS structures 
in humans lends itself to tighter physiological constraints than in 
porcine data, as discussed later in the limitations. More critically, our 
optimization failed to simultaneously recover both epicardial activation 
patterns and intramural needle activation timings (Figs.  3 and 7). There 
are several putative explanations for this poor performance, especially 
unavoidable geometric errors (see Section 4.1), rather than inherent 
limitations of the optimization method itself.
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Fig. 4. Optimized initiation and acceleration sites for experimental activation times. The top row shows the runs with the best-performing (minimum mean 
absolute difference on the epicardial sock) optimized EAS locations on Geometry D, while the bottom row shows the runs with the worst-performing (maximum 
mean absolute difference on the epicardial sock) optimized EAS locations on Geometry E, each selected from initializations with 5, 50, 100, and 200 EASs. In 
each panel, color-coded spheres indicate the optimized stimulus (EAS) sites, with color representing activation start time. The top and bottom rows display basal 
and anterior views of the myocardium, respectively, both shown as transparent volumes. Activation times ranged from 0–54 ms in the best-performing run and 
0–63 ms in the worst-performing run, as indicated by the color bar.
The second notable finding is that increasing the number of EASs 
used to seed the optimization only marginally improved errors in 
epicardial sock predictions, while producing activation sequences that 
lacked physiological realism, a likely sign of overfitting (Figs.  3 and 7. 
In contrast, optimizing from fewer EAS seed points resulted in highly 
variable outcomes, which diminished the reliability of the inference 
(Table  3). A further source of concern was the substantial variability 
that occurred across the 10 different optimized runs with randomized 
initialization in the synthetic dataset. These observations highlight 
critical limitations and trade-offs associated with this optimization 
approach, underscoring the need for physiology-based constraints on 
the number and location of EASs, as well as the smoothness of cardiac 
activation patterns.

Across all five geometries, the optimized simulations coarsely repro-
duced the global epicardial activation patterns observed in the ground 
truth experimental and synthetic epicardial maps, as shown in Figs. 
3 and 7. For example, in Fig.  7 (Geometry D, Run 0 with 200 EASs, 
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top panel), both the synthetic ground truth and optimized simulations 
display regions of late activation (>42 ms, colored in shades of brown) 
near the posterior basal and anterior apical left ventricle, as well as 
the posterior apical and anterior basal right ventricle. Regions of mid-
activation (30 ms, colored in shades of blue) appear near the posterior 
basal and anterior apical ventricular junctions, with central zones of 
even earlier activation (25 ms, shown in green) nested within. Overall, 
both the anterior and posterior epicardial surfaces show consistent 
wavefront propagation patterns, and the reconstructed epicardial ac-
tivation sequences effectively captured the main features of ventricular 
depolarization. These findings suggest that epicardial activation data 
alone can provide sufficient information to personalize epicardial ac-
tivation based on the placement and timing of EAS using a simplified 
eikonal model of propagation. However, the optimizer is not explicitly 
constrained, meaning it may place EASs in locations that could directly 
reproduce the epicardial pattern.
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Fig. 5. Epicardial and intramural maps of mean activation times and corresponding standard deviations for Geometry E. The top panel shows results for 5 EASs, 
and the bottom panel shows results for 200 EASs. In each panel, the first row presents the posterior view, and the second row presents the anterior view. Columns 
from left to right display: (1) mean activation times on the epicardial surface, (2) mean activation times on an intramural cut plane, (3) standard deviations on 
the epicardial surface, and (4) standard deviations on the cut plane. The color of the spheres corresponds to the mean activation time in the first and second 
columns, and to the standard deviation in the third and fourth columns, matching the corresponding epicardial sock recordings. For 5 EASs, mean activation 
times range from 0–54 ms and standard deviations range from 0–11 ms. For 200 EASs, mean activation times ranged from 0–49 ms and standard deviations from 
0–8 ms.
The optimization results were much less convincing when viewed 
from the context of intramural activation, e.g., throughout the my-
ocardium. Examples of these inadequacies include Figs.  3 and 7. In 
some geometries, such as Geometry D, Run 0 with 200 EASs, the ab-
solute differences between the optimized simulation and the synthetic 
ground truth intramural activation times exceeded 50 ms, as shown in 
Fig.  7. These differences are clinically and experimentally relevant, as 
they may obscure conduction abnormalities or misrepresent the spatial 
extent of early activation zones. Another example of the discrepancy 
between the epicardial and intramural optimization results arose with 
Geometry E, Run 0, with 5 EASs, exhibiting the highest error on the 
epicardial sock while simultaneously achieving the lowest error on the 
intramural needles. We also see the opposite trend, where the lowest 
error on the epicardial sock simultaneously resulted in the highest error 
on the intramural needles.
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When comparing optimization results seeded at 5 and 200 locations 
in the cases of fully synthetic activations initiated from 5 defined 
locations, the 200 EASs setup created a closer match at the epicardium 
despite the fact that the synthetic ground truth incorporated only 5 
stimulus sites. For instance, in Geometry D, the 5 EASs optimization 
yielded a maximum mean absolute difference of 2.81 ms on the epi-
cardium. In contrast, 200 EASs reduced this error to 0.33 ms. However, 
the larger value of activation times of many of the inferred EASs 
showed that the additional locations did not act as initiation sites, but 
rather as acceleration points to help the optimized simulation better fit 
the observed data, as shown in Figs.  8, and 10. This finding raises the 
possibility that the optimization process may not be identifying phys-
iologically plausible early activation sites, but instead is introducing 
non-physiological patch-like stimuli to locally reduce the error. Such 
behavior suggests that the current formulation may be overfitting the 
data rather than accurately recovering the underlying physiological 
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Fig. 6. Box plots of mean absolute differences. Mean absolute differences between optimized and synthetic activation times are shown for measurements from 
the epicardial socks (top) and for the ventricles (bottom) across five different experiments. The 𝑥-axis indicates the number of optimized EASs (5, 50, 100, and 
200); note that the number of ground truth EAS remains constant.

Fig. 7. Ventricular activation maps and corresponding difference maps for the best-performing (Geometry D, Run 0 with 200 EASs) and worst-performing 
(Geometry D, Run 9 with 5 EASs) optimizations. The best and worst performances correspond to the minimum and maximum mean absolute differences on the 
epicardial sock. The columns show, from left to right: the synthetic ground truth on the epicardium (column 1) and intramurally (column 2), the optimized 
simulation on the epicardium (column 3) and intramurally (column 4), and the absolute differences between synthetic and optimized activation times on the 
epicardium (column 5) and intramurally (column 6). The first and second rows display posterior and anterior views of the epicardial surface, respectively. Spheres 
indicate the locations of the sock epicardial electrodes and are colored according to either activation time or absolute difference in activation time, depending 
on the column. Activation time color bars range from 0–55 ms for the best case and 0–58 ms for the worst case. Color bars for absolute differences ranged from 
0–51 ms for the best case and 0–40 ms for the worst case.
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9 



L.C.R. Tanner et al. Computers in Biology and Medicine 198 (2025) 111178 
Fig. 8. Optimized initiation and acceleration sites for synthetic activation times. The top row shows the runs with the best-performing (minimum mean absolute 
difference on the epicardial sock) optimized EAS locations and the bottom row shows the runs with the worst-performing (maximum mean absolute difference 
on the epicardial sock) optimized EAS locations on Geometry D, each selected from initializations with 5, 50, 100, and 200 EASs. In each panel, color-coded 
spheres indicate the optimized stimulus (EAS) sites, with color representing activation time. Additionally, color-coded cubes indicate the Durrer ground truth 
stimulus sites, with color representing activation time (all sites are pink, 0 ms). The top and bottom rows display basal and anterior views of the myocardium, 
respectively, both shown as transparent volumes. Activation times ranged from 0–60 ms, as indicated by the color bar.
activation pattern. Introducing a constraint that penalizes increases in 
stimulus start times would discourage reliance on acceleration sites and 
encourage the optimization to accurately identify the early activation 
sites.

Furthermore, the 5 EASs setups show substantial variability across 
the different optimized runs, which were initiated from random initial 
guesses. As shown in Table  3, the maximum distance between cor-
responding optimized points can reach up to 36.6 mm, a clinically 
significant difference. While the mesh resolution (700 μm) may con-
tribute to the minimum observed variability, the overall variability is 
substantial, suggesting that mesh generation has minimal impact on 
these results. We would also expect variability in the specific locations 
of the 200 EASs across different optimization runs, even if the resulting 
activation times are less variable. However, a consistent point-by-point 
comparison across such a large number of sites was not feasible.

Moreover, in Figs.  5 and 9, there were standard deviations of the 
activation sequence up to 12 ms throughout the myocardium for the 
10 
5 EASs setup and 7 ms for 200 EASs setup. This level of variability 
suggests that the optimization algorithm may struggle to consistently 
converge on similar solutions, especially with a lower number of EASs. 
This inconsistency may arise from the deterministic nature of the 
optimization algorithm used in Geodesic-BP, which relies on local 
gradient-based search strategies and is sensitive to initial guesses. Such 
methods can converge to different local minima across runs, particu-
larly when the number of early activation sites (EASs) is small relative 
to the complexity of the ventricular activation landscape, which is 
highly non-convex and spatially heterogeneous.

Overall, these findings highlight the importance of incorporating 
intramural validation data when evaluating model performance, par-
ticularly in the context of CDTs intended for diagnostic or therapeutic 
applications. While epicardial or intramural activation values may 
appear accurate in isolation, there is no guarantee of fidelity across 
the ventricles as a whole, nor a unique mapping between epicardial 
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Fig. 9. Epicardial surface and intramural maps of mean activation times and corresponding standard deviations for Geometry D. The top panel shows results 
for 5 EAS, and the bottom panel shows results for 200 EASs. In each panel, the first row presents the posterior view, and the second row presents the anterior 
view. Columns from left to right display: (1) mean activation times on the epicardial surface, (2) mean activation times on an intramural cut plane, (3) standard 
deviations on the epicardial surface, and (4) standard deviations on the cut plane. The color of the spheres corresponds to the mean activation time in the first 
and second columns, and to the standard deviation in the third and fourth columns, matching the corresponding epicardial sock recordings. For the 5 EASs case, 
mean activation times range from 0–53 ms and standard deviations range from 0–12 ms. For the 200 EASs case, mean activation times ranged from 0–53 ms 
and standard deviations from 0–7 ms.
and intramyocardial activation. There are fundamental limitations in 
surface mapping techniques that prevent the revelation of myocardial 
events that generate them. Such a lack of uniqueness reveals the need 
to apply great care when extracting deeper meaning from superficial 
mapping data, whether measured or estimated using ECGI methods. For 
diagnosing conduction behaviors that occur within the subepicardium, 
the accuracy of the epicardial approach may be sufficient. However, 
for applications requiring detailed whole-heart conduction modeling, 
such as arrhythmia risk assessment or localization of premature ven-
tricular contractions, validation must extend throughout the entire 
myocardium, not just on the epicardium or endocardium where data 
are typically available. Our results show that while epicardial activa-
tion can be accurately matched, significant discrepancies can remain 
intramurally, highlighting the necessity of full volumetric validation.
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4.1. Limitations

The presented implementation of the Geodesic-BP method performs 
limited optimization of EASs underlying the ventricular activation se-
quences stemming from the HPS. While EASs and corresponding activa-
tion times were adjusted, the underlying topology of the HPS was not 
explicitly modeled or constrained, which may limit the physiological 
realism of the inferred activation sequences under pacing conditions. In 
particular, Purkinje-myocardium junctions were not explicitly modeled, 
restricting our ability to assess their interactions with the surrounding 
myocardium. Previous studies have either reconstructed HPS structures 
from EASs obtained via endocardial mapping [47] or performed si-
multaneous optimization of a physiologically detailed HPS [21,48], 
highlighting alternative approaches for capturing these effects.
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Fig. 10. Histograms of stimulus start times for Geometries A–E. Each panel displays the distribution of start times across 10 optimization runs for a given 
geometry. Red bars correspond to the 5 EASs optimization setup, and blue bars correspond to the 200 EASs optimization setup.
Our models assumed a homogeneous conductivity tensor, which 
may obscure more complex, regionally variable activation patterns. 
Although the synthetic dataset was set to match the conduction velocity 
used in the optimization, accurately measuring conduction velocity 
in experimental data is challenging, especially across the full volu-
metric myocardial wall [23–25,37]. We used values from previous 
studies with the same setup, but did not implement region- or patient-
specific velocities [23]. Our analysis focuses on relative activation 
patterns and differences across conditions, which are preserved even 
when conductivity is uniform. Additional information from imaging or 
electro-anatomical data could be used to reconstruct the anisotropic na-
ture, or by extending Geodesic-BP to optimize the conduction velocity 
tensor simultaneously [16].

Furthermore, experimental conduction velocities were fixed dur-
ing inference rather than being optimized alongside EAS locations 
and timings. Other studies have simultaneously optimized conduction 
velocities along with EAS locations, which could improve reconstruc-
tion accuracy [49–52]. While fixing velocities could contribute to the 
observed inaccuracies in experimental intramural activation patterns, 
similar discrepancies were also seen in the synthetic dataset, where 
conduction velocities were identical to the assumed model, indicating 
that other factors, such as the number of EASs or the ill-posed nature 
of the optimization, also play a role. Future work could incorpo-
rate conduction velocity optimization to further enhance intramural 
reconstruction and improve the physiological plausibility of inferred 
activation sequences.

Furthermore, our underlying eikonal model did not allow for cap-
turing complex propagation dynamics such as re-entrant circuits or 
multiple interacting wavefronts, despite performing well under near-
normal conditions. These phenomena involve intricate interactions 
between wavefronts, tissue heterogeneities, and refractory proper-
ties [53], which are currently not represented. Capturing them would 
require more detailed biophysical models, such as reaction–diffusion 
models that incorporate curvature-dependent conduction, recovery 
dynamics, and potentially patient- or region-specific tissue proper-
ties. Reaction–diffusion models are not ideal for optimization due to 
their high computational cost. However, eikonal-based solvers capable 
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of capturing re-entrant behavior more closely resembling reaction–
diffusion models have recently been developed [54]. As such, our 
conclusions are most applicable to scenarios where activation remains 
relatively organized and may not generalize to highly arrhythmic or 
structurally abnormal hearts.

To inform and validate our computational framework, we employed 
porcine heart models, which offer valuable anatomical and physiologi-
cal parallels to the human heart. Prior experimental investigations have 
characterized the structure and variability of the HPS across species, 
revealing key differences in the distribution of Purkinje fibers. In pigs, 
Purkinje fibers extend through the ventricular wall toward the epi-
cardium [55–57], whereas in humans, the network is largely confined 
to the endocardium [8,55,58]. This anatomical distinction, which could 
be encoded as physiological constraints under optimization, such as 
the location and stimulus times of the EAS, underscores the need for 
caution when extrapolating findings from porcine models to human 
applications.

In the experimental setup, several sources of geometric error could 
have affected the accuracy of the resulting early activation predictions. 
First, because these experiments involved beating hearts, the epicardial 
sock electrodes could shift position, sometimes by as much as 25 mm, 
and needle electrodes might be pushed outward. Second, by the end 
of the experiment, the arrested heart often became severely deformed, 
generating substantial errors in the measurements of electrode position, 
a problem only exacerbated by the fixation process that preceded ex 
vivo imaging. Finally, registration errors between the electrode arrays 
(epicardial sock and intramural needles) and the image-based anatomi-
cal geometries introduced further distortions that could result in spatial 
inaccuracies in the activation maps. Although we took extreme care to 
minimize these sources of error (see 2.1.2), even small misalignments 
can compromise the spatial fidelity of the resulting activation maps, 
particularly in the context of an ill-conditioned inverse problem. Such 
inaccuracies may lead to local discrepancies between recorded and 
optimized activation patterns, especially in regions with dense elec-
trode coverage or steep activation gradients. Additionally, geometric 
errors can distort the inferred stimulus locations and timing, potentially 
influencing both mean activation times and variability across optimiza-
tion runs. Future work incorporating revised experimental methods 
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to preserve heart shape and improved registration techniques – such 
as image-guided electrode localization or more robust landmark-based 
alignment methods – could help reduce these errors and improve model 
accuracy.

4.2. Conclusion

Taken together, these results indicate a persistent challenge in the 
broader efforts of applying digital twin and ECGI approaches to repli-
cate early activation in specific subjects [26,59]. While the inference 
method was capable of achieving some agreement with epicardial-level 
signals, the resulting myocardial activations were highly unphysiolog-
ical and erroneous. Hence, a significant gap remains in adapting the 
underlying mechanisms driving this method to the conditions in the 
heart. We have illustrated two different novel forms of validation that 
can be applied to further approaches to this highly relevant prob-
lem if digital twin methods are to become clinically useful. Possible 
improvements to this method should include setting physiological con-
straints on the EASs and then exploring the necessary hyperparameters 
involved, potentially through uncertainty quantification.
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