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are personalized to match individual patients based on 
clinical measurements, these models are termed patient-
specific models of cardiac function or cardiac digital 
twins (CDTs) [3]. Such patient-specific models show great 
promise for personalized medicine, supporting diagnostics, 
prognostics, and treatment planning [4–6]. While efficiently 
personalizing anatomy from cardiac images has become 
feasible during the cardiac digital twinning process [7, 
8], efficient estimation of patient-specific EP parameters 
from non-invasive measurements continues to be a major 
challenge [8–14]. These parameters include the membrane 
models assigned to each cell type, the passive electrical 
characteristics of both cell-to-cell coupling and extracellular 
conductivity, and the resulting macroscopic conduction 
velocity within the various myocardial tissues.

Two further elements of simulating cardiac electrical 
activity in the ventricles are the behavior of the conduction 
system and achieving efficient computational performance. 
Ventricular conduction is guided by the network of Purkinje 
fibers, the junctions with the working ventricular cells, and 
the resulting initiation of activation within the ventricles. 
Including all these elements explicitly in a model of the 

1  Introduction

Computational models of cardiac function based on image-
based anatomy and embedded cardiac electrophysiology 
(EP) have shown great promise in both research and potential 
clinical applications [1, 2]. When the computational models 
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ventricles quickly becomes computationally prohibitive, 
which has motivated various simplifications. Recent model-
ing studies of ventricular excitation have reproduced the ini-
tiation of the heartbeat by combining prescribed myocardial 
activation sites with a fast-conducting endocardial layer that 
approximates the functional role of the His–Purkinje system 
[8, 10, 15, 16]. To achieve the necessary overall computa-
tional efficiency, many contemporary studies have leveraged 
approximations driven by eikonal models of wave propaga-
tion to compute the spread of cardiac activation from these 
sites of early initiation [17–19].

Despite this progress, the volumetric conduction veloc-
ity (CV) tensor defining the spread of activation within 
the ventricular myocardium is commonly prescribed by 
homogeneous fixed anisotropy ratios for the myocar-
dium, although exceptions exist [20–22]. The most typical 
anisotropy ratios used in modeling are either 3:1:1, 2:1:1, 
or 4:2:1 for longitudinal:transverse:sheet conduction, 
respectively, based on a wide range of reported experimen-
tal studies [23–29]. The fast-conducting endocardial layer 
is generally assigned simplified properties, ranging from 
isotropic conduction to scaled versions of these aniso-
tropic myocardial values [15, 30–33]. Within this frame-
work, the ventricular conduction velocity tensor can be 
described by six key parameters: myocardial longitudinal, 
transverse, and sheet CVs, together with endocardial-layer 
longitudinal, transverse, and sheet CVs. Accepting fixed 
values for these parameters reduces model complexity and 
reflects current limitations in obtaining accurate experi-
mental or clinical measurements of CV with fine spatial 
resolution, particularly across a complex, curved volume 
like the heart [22, 34]. For a review on measuring CV in 
experimental and clinical settings, we refer to our previous 
work in Good et al. [22]. The major liability of keeping 
CV values constant and approximate is that the relation-
ship between CV variability and the resulting activation 
sequences is largely unexplored.

Uncertainty quantification (UQ) is an approach that 
can address this gap by determining statistically the influ-
ence of variations in parameters on modeling outcomes 
[35–43]. A common UQ formulation is based on creating 
a polynomial chaos expansion (PCE) to approximate the 
underlying statistical relationships [44, 45]. PCE provides 
highly accurate output statistics with reduced numbers 
of evaluations of the driving model (compared to, e.g., 
Monte Carlo approaches) by leveraging mathematical 
assumptions about stochastic fields. Such characteristics 
are crucial when analyzing activation patterns stemming 
from variations in CVs, as the underlying models are com-
putationally costly. To the best of our knowledge, UQ has 
never been applied to understand the specific effects of CV 
on the spread of activation in the heart.

We aimed to investigate how variations in CV affect 
activation patterns, using UQ within a PCE framework 
to analyze simulation models of cardiac EP. To achieve 
the computational performance needed for possible dig-
ital twin applications, we employed a fast and efficient 
eikonal solver to simulate cardiac activation from ven-
tricular-paced beats [8, 18]. We strategically placed eight 
individual stimulation sites throughout the ventricular 
tissue based on theoretical and clinical pacing locations, 
allowing us to assess the epicardial, mid-myocardial, and 
endocardial regions of the heart separately. Additionally, 
we computed activation metrics to characterize the activa-
tion patterns.

Our results highlight the importance of tuning myocar-
dial and endocardial longitudinal CV parameters within 
physiological ranges to accurately capture heterogeneities in 
cardiac activation patterns, particularly for beats stimulated 
from the endocardium. This consideration is crucial for reli-
able and personalized cardiac electrophysiology modeling.

2  Methods

We explored the role of conduction velocity (CV) varia-
tions on total activation times within three biventricular 
geometric models derived from post-experiment imaging 
of porcine hearts. Into these models, we incorporated a 
fast-conducting endocardial layer as a simplification of 
the Purkinje system [16, 46]. We applied the polynomial 
chaos expansion (PCE) as a means to quantify uncertainty 
in the simulations of propagation using a computationally 
efficient approximation (the eikonal approach) and evalu-
ated the impact of variations in six parameters: myocardial 
longitudinal CV, myocardial transverse CV, myocardial 
sheet CV, endocardial-layer longitudinal CV, endocardial-
layer transverse CV, and endocardial-layer sheet CV.

2.1  Model generation

Three bi-ventricular geometric models of porcine hearts 
were generated from computerized tomography (CT) 
scans, as shown in Fig. 1 Panel A. The tissue acquisition 
was approved by the University of Utah IACUC (Proto-
col #20-11001) following all institutional animal care 
guidelines. These models were derived through segmen-
tation using Seg3D [47] and transformed into finite-ele-
ment meshes with a mean edge length of approximately 
800  µm to ensure adequate resolution for eikonal-based 
simulations [18, 47–49]. Universal ventricular coordi-
nates (UVCs) were computed for each ventricular mesh to 
allow for consistency across different geometries [8, 50]. 
Myocardial fiber orientations were incorporated into each 
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geometry using a standard rule-based approach [50]. Fiber 
directions were prescribed using a smoothly varying pri-
mary fiber angle, rotating from approximately −60◦ at the 
epicardium to +60◦ at the endocardium, together with a 
helix fiber angle component ranging from approximately 
0◦ at the epicardium to −35◦ at the endocardium, consis-
tent with established ventricular fiber architecture reported 
in anatomical studies [51]. The resulting fiber field was 
applied uniformly across all geometries and held fixed for 
all simulations to isolate the effects of conduction veloc-
ity variability. A fast-conducting endocardial layer was 
incorporated as a single-element layer into each mesh 
and acted as a surrogate for the His–Purkinje system. We 
refer to the conduction velocities assigned to this surrogate 
region as endocardial-layer conduction velocities to dis-
tinguish them from myocardial tissue properties. The layer 
extended from 15% to 90% of the apicobasal distance 
(captured by the apicobasal UVC coordinate z), based on 
imaging studies [52] of the His–Purkinje system.

2.2  Conduction velocity parameter ranges

For both the endocardial layer and the working myocar-
dium, we assigned three CV ranges corresponding to the 
longitudinal, transverse, and sheet directions. The longi-
tudinal CV of the working myocardium ranged between 
50 cm/s and 80 cm/s [53]. In comparison, the longitudinal 
CV in the endocardial layer was four to five times higher 
than that in the surrounding myocardium. The CVs of the 
transverse and sheet directions for the endocardial layer 
were set to range from 0.5–1.0 times the longitudinal CVs 
[23–29]. The result was a set of six parameters in Table 1, 
which we varied independently and systematically fol-
lowing a uniform distribution over physiological ranges 
based on the literature, focusing on obtaining realistic 
values of overall activation time [20, 54, 55]. PCE does 
not require independent or uniformly distributed inputs. 
Rather, it requires specifying a joint probability model for 
the uncertain parameters, which determines the orthogo-
nal polynomial basis used in the expansion. In this study, 
we assumed (i) independent parameters and (ii) uniform 

marginal distributions over physiologically plausible 
bounds (Table 1). This choice reflects limited and inconsis-
tent evidence for the joint distribution of myocardial and 
endocardial-layer conduction parameters across subjects, 
particularly in the context of a simplified fast-conducting 
endocardial layer rather than an explicit conduction sys-
tem. As such, uniform independent sampling provides a 
conservative, bounded uncertainty model appropriate for 
sensitivity ranking under broad plausible variability.

2.3  Uncertainty quantification framework

To quantify the uncertainty in CV, we employed polyno-
mial chaos expansion (PCE) through our open-source tool 
UncertainSCI [45, 56]. This approach involves approximat-
ing the dependence of a specific product of the simulation 
on a finite set of random parameters using a multivariate 
polynomial function derived from a modest set of simula-
tions with specific parameter values. This approximation 
then serves as an emulator to solve the underlying propaga-
tion simulation [36, 57, 58].

2.3.1  Setting hyperparameters for uncertainty 
quantification

A key practical requirement to conduct a UQ analysis 
with UncertainSCI is to set hyperparameters that control 
the sample points and ultimately the quality of the result-
ing polynomial expansion [59]. A first step is to control the 
order of the polynomial, which, in turn, guides—but does 
not dictate—the number of sample points required to build 

Table 1  Conduction velocity parameter ranges
Parameter Minimum 

value
Maximum 
value

Myocardial longitudinal (ML) 50 cm/s 80 cm/s
Myocardial transverse (MT ) 1/3 ML 2/3 ML

Myocardial sheet (MS) 1/3 ML 2/3 ML

Endocardial-layer longitudinal (EL) 200 cm/s 400 cm/s
Endocardial-layer transverse (ET ) 1/2 EL 1 EL

Endocardial-layer sheet (ES) 1/2 EL 1 EL

Fig. 1  Biventricular cardiac geometry including stimulation points and endocardial layer. Front view (panel A left) and top view (panel A right) of 
the geometry and stimulation point locations. Front view (panel B left) and top view (panel B right) of the geometry and endocardial layer
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In this formulation, Ω denotes the myocardial domain, and 
ta represents the scalar function describing the arrival time 
of the depolarization wavefront at position x. The boundary 
Γ specifies the region where activation is initiated, corre-
sponding in our case to single-pacing sites with prescribed 
activation time to. The CV tensor V varies with each set 
of sample values of CV in the longitudinal, transverse, and 
sheet fiber directions, according to the formula:

V := v2
l llT + v2

t ttT + v2
sssT ,� (3)

where vl, vt, and vs are the velocities associated with , t, 
and s, which are the longitudinal, transverse, and sheet fiber 
directions, respectively.

2.5  Stimulus points

We initiated the simulations of activation from eight dis-
tinct sites: epicardial, mid-myocardial, and endocardial sites 
originating from the same location in the left ventricular 
(LV) free wall; apical LV epicardial and endocardial sites; 
a single apical right ventricular (RV) endocardial site; and 
sites at the epicardial posterior and anterior ventricular junc-
tions. Figure 1 Panel A shows the location of these sites on 
the geometry. These stimulation sites made up the locations 
in Γ and activated at to = 0. To maintain consistency across 
all three geometries, these stimulation sites were identified 
using UVCs from the geometric model, as explained above 
and summarized in Table 2.

2.6  Computing quantities of interest

The analysis encompassed various metrics, including total 
volumetric activation time, as well as identification of the 
location and timing of the earliest and latest activation 
sites on the epicardial surface. Epicardial breakthrough 
was defined as the earliest phase of epicardial activation. 
For each simulation, we first identified the total epicardial 
activation time Tepi, defined as the difference between 
the earliest and latest epicardial activation times. The 

the PCE model. For this study, we tested orders 5 to 10 and 
selected polynomial order 6, based on a strategy developed 
in previous studies [59, 60].

We constructed the PCE surrogate non-intrusively using 
a regression (least-squares) fit to a set of eikonal simulations 
evaluated at selected parameter points [45, 56]. For a total-
degree expansion of order p in d parameters, the number of 
polynomial basis terms is

Nbasis =
(

d + p
p

)
,� (1)

so that with d = 6 and p = 6, Nbasis =
(

12
6

)
= 924 

coefficients must be determined. In practice, stable regres-
sion requires a number of model evaluations that is at least 
comparable to Nbasis, and modest oversampling is com-
monly used to improve numerical conditioning and reduce 
sensitivity to the particular sampled design. For our cho-
sen (d, p) setting, UncertainSCI provided a default design 
with 934 samples (Nbasis = 924, plus oversampling with 10 
additional samples), slightly exceeding Nbasis. This choice 
of default in UncertainSCI is based on prior experience 
using PCE, and UncertainSCI performs internal quality 
checks on the samples after the default number have been 
generated. We then doubled the design to 1868 simulations 
to further improve robustness of the estimated moments 
and Sobol indices across pacing sites, consistent with prior 
observations [60].

A second step requires setting the distribution and 
ranges applied to the input parameters, in our case, the 
values for CV. The samples were selected from uniformly 
distributed values within the boundaries of Table  1. We 
used the doubled sample size (1868 simulations) for all 
subsequent analyses to ensure consistency and robustness 
across pacing protocols, following observations from prior 
studies [59, 60].

2.4  Eikonal-based simulation of cardiac 
electrophysiology

The underlying simulation model for our study employed 
a well-known wave-based approach based on an eikonal 
approximation implemented within the framework of the 
Cardiac Arrhythmia Research Package (CARP) [8, 18, 61]. 
The resulting simulations included 1868 runs that generated 
activation maps within the ventricles. The eikonal formula-
tion can be summarized as follows:
{√

∇tT
a V∇ta = 1 in Ω

ta = to in Γ,
� (2)

Table 2  UVC stimulus locations
Location z ρ ϕ ν

LV Epi. 0.5 1 π −1
LV Mid. 0.5 0.5 π −1
LV Endo. 0.5 0 π −1
LV Apex Epi. 0 1 π −1
LV Apex Endo. 0 0 π −1
RV Apex Endo. 0.1 0 0 1
Anterior junction 1 1 π

2 −1

Posterior junction 1 1 − π
2 −1
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3  Results

3.1  Epicardial, mid-myocardial, and endocardial 
left ventricular free wall stimulation

Figure 2 shows the mean, STD, and global sensitivities for 
epicardial, mid-myocardial, and endocardial LV free wall 
stimulus sites on the ventricular volume, given changes 
in the six conduction velocity (CV) parameters described 
above. The total activation time reported for the mean val-
ues showed a decrease from 96  ms following epicardial 
stimulation to 82 ms after mid-myocardial stimulation and 
71 ms after endocardial stimulation. The mean pattern of 
excitation for epicardial stimulation showed concentric, 
approximately elliptical isochrones on the ventricular sur-
face in the vicinity of the pacing site, as observed in previ-
ous research studies [34]. Although less distinct, similar 
patterns, but with a rotated central axis, were observed 
after mid-myocardial and endocardial stimulations. The 
ranges of values of STD for each pacing site were roughly 
similar, but both minima and maxima generally decreased 
from epicardial to mid-myocardial to endocardial stimula-
tions. In particular, the STD ranged between 4.4 ms and 
15 ms for epicardial stimulation, between 3.9 ms and 12 ms 
for mid-myocardial stimulation, and between 3.1 ms and 
10 ms for endocardial stimulation. As expected, the STDs 
were lowest close to the stimulus sites and increased as 
activation spread through the rest of the heart.

For the global sensitivities, there was a complex inter-
action between the dominant parameters and the pacing 
location. For example, following LV epicardial stimula-
tion, the myocardial longitudinal CV exhibited the larg-
est spatially aggregated influence on activation dynamics, 
with a mean sensitivity of 0.43 and localized peak sensitiv-
ities reaching 0.95. This was followed by the myocardial 
transverse CV, which showed a lower but still substantial 
spatially aggregated influence (mean sensitivity of 0.34), 
with localized peak sensitivities up to 0.56. The other CVs 
played only minimal roles in the variability of the spread 
of activation initiated on the epicardium. The same general 
findings, with reduced amplitudes, appeared following LV 
mid-myocardial stimulation. The myocardial longitudinal 
CV again exhibited the largest spatially aggregated influ-
ence on activation dynamics, with a mean global sensitiv-
ity of 0.30 and localized peak sensitivities reaching 0.71. 
The myocardial transverse and endocardial-layer longitu-
dinal CVs showed comparable but lower spatially aggre-
gated influence, with mean global sensitivities of 0.20 
and 0.23, respectively, and localized peak sensitivities 
of 0.49 and 0.56. Following LV endocardial stimulation, 
there were similar ranges of impacts of the three major 

breakthrough region was then defined as the portion of the 
epicardial surface that becomes activated within the first 
10% of this total epicardial activation interval. Formally, 
this region consists of epicardial locations with activation 
times satisfying

ta ≤ tepi
min + 0.1 Tepi,

where tepi
min denotes the earliest epicardial activation time. The 

area of the breakthrough was computed as the total surface 
area of epicardial mesh elements meeting this criterion. 
This relative-time definition provides a robust, geometry-
independent measure of early epicardial activation that 
adapts naturally to variations in overall activation duration.

From the PCE model, we computed the mean, stan-
dard deviation (STD), and parameter sensitivities through 
straightforward and computationally efficient polynomial 
manipulations. The sensitivity analysis was performed 
using Sobol indices, also known as sensitivity indices (SI), 
which quantify the extent to which a model’s output vari-
ance is affected by a subset of its input variables. The spe-
cific formulas used for the statistical analysis are:

Mean E[ta],
STD

√
E[(ta − E[ta])2],

Global Sensitivity Given I ⊂ {1, . . . , d}, SI =
STD(ta; I)2 −

∑
∅̸=J⊊I STD(ta; J )2

STD(ta)2 .

� (4)

where E is the expected value, ta is the activation time 
(computed as a scalar-valued UQ emulator), and p are the 
d parameters (in our setting d = 6, as in Table 1). For the 
global sensitivity, the summation is taken over all nonempty 
strict subsets J ⊊ I, where J  and I are subsets of the 
parameter indices {1, 2, . . . , d}. In particular, STD(ta; I) 
denotes the (partial) standard deviation attributed to the 
parameter subset I, as obtained from the variance decom-
position of the PCE surrogate.

Sobol sensitivity indices were computed pointwise over 
the ventricular volume, yielding spatial maps of parameter 
influence. Because pointwise sensitivities can exhibit 
localized peaks (e.g., near stimulation sites, within the 
endocardial-layer region, or in late-activating territories), we 
interpret multiple complementary measures when assessing 
parameter importance. In particular, spatially aggregated 
sensitivities (such as the spatial mean and spatial patterns 
across the ventricular volume) are used to assess global 
influence, while maximum sensitivities are reported to 
highlight localized regions where variability in a given 
parameter exerts a strong effect. Accordingly, conclusions 
regarding dominant parameters are supported primarily by 
consistent spatial patterns and spatially aggregated measures 
across pacing sites, rather than by isolated peak values alone.
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activation (breakthrough) had a STD of 2.5  mm, and 
2.4 mm following mid-myocardial and endocardial stimu-
lation, respectively. For the area of the breakthrough site 
on the epicardial surface, the means were 202  mm2 and 
853 mm2, while the STDs were 44.4 mm2 and 382 mm2, 
respectively. The location of the latest site of activation 
had a larger STD with 3.7 mm, 3.5 mm, and 3.0 mm fol-
lowing epicardial, mid-myocardial, and endocardial stim-
ulation, respectively.

3.2  Left ventricular epicardial and endocardial 
apex, right ventricular endocardial apex stimulation

Figure  3 shows the mean activation times, their STDs, 
and global sensitivities for stimulus sites at the LV epi-
cardial and endocardial apex, and RV endocardial apex in 
response to variations in the six CV parameters described 
above. The longest total ventricular activation time was 
observed following LV epicardial apex stimulation (mean 
91  ms), compared to 72  ms for LV endocardial apex 
stimulation and 78 ms for RV endocardial apex stimula-
tion. In all cases, concentric isochrones emerged from the 

CV values, but some different spatial patterns. The myo-
cardial longitudinal and endocardial-layer longitudinal 
CVs exhibited comparable spatially aggregated influence 
on activation dynamics, each with a mean sensitivity of 
0.23, indicating similar global importance under this pac-
ing condition. Localized peak sensitivities reached 0.67 
for the myocardial longitudinal CV and 0.64 for the endo-
cardial-layer longitudinal CV, reflecting region-specific 
effects. In contrast, the myocardial transverse CV showed 
a lower spatially aggregated influence (mean sensitivity 
of 0.20), with localized peak sensitivities up to 0.51. The 
spatial patterns of the sensitivities showed even greater 
variations, e.g., with only a small basoposterial region 
of high sensitivity to myocardial longitudinal CV. The 
strong dependence on the endocardial-layer CV was also 
uniquely visible in the endocardial sides of the RV free 
wall and the septum. Across the sampled CV space, total 
volumetric activation time varied widely for LV free-wall 
stimulation. In particular, the LV endocardial site showed 
the broadest spread among all protocols (min 46 ms, max 
149 ms; range 103 ms), consistent with the strong sensitiv-
ities reported above. The location of the earliest epicardial 

Fig. 2  Uncertainty quantification of volumetric activation times fol-
lowing left ventricular epicardial (left), mid-myocardial (center), and 
endocardial (right) stimulations. The first row shows the location of 
the stimuli on the geometry (front and top view). The second row 
shows the mean activation sequence; the third row shows the standard 
deviation; the fourth, fifth, and sixth rows show the global sensitivity 
contributions of variations in the myocardial longitudinal (row three), 

myocardial transverse (row four), and endocardial-layer longitudinal 
(row five) conduction velocities, respectively. In each column, there 
are views from two perspectives, the left lateral and the basal-to-apical 
views of the heart, respectively. For the global sensitivities, ML CV 
refers to the myocardial longitudinal conduction velocity, MT  CV 
to the myocardial transverse conduction velocity, and EL CV to the 
endocardial-layer longitudinal conduction velocity
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longitudinal CV showed only a minor spatially aggre-
gated influence (mean sensitivity 0.06), with localized 
peak sensitivities up to 0.27 that were confined to a small 
endocardial region. Following LV endocardial apex stim-
ulation, the myocardial longitudinal CV again exhibited 
the strongest spatially aggregated influence on activation 
dynamics (mean sensitivity of 0.50), with localized peak 
sensitivities reaching 0.88 and the highest values arising in 
the apical RV region. The endocardial-layer longitudinal 
CV followed with a smaller spatially aggregated influence 
(mean sensitivity of 0.17), despite localized peak sensi-
tivities reaching 0.74 that were largely confined to the LV 
subendocardium. The myocardial transverse and sheet 
CVs played smaller roles, with mean sensitivities of 0.18 
and 0.04 and localized peak sensitivities of 0.47 and 0.35, 
respectively. When the RV endocardial apex was stimu-
lated, the endocardial-layer longitudinal CV exhibited the 
largest localized sensitivities (peak value 0.89), primarily 
within the RV endocardial free wall, while the myocardial 
longitudinal CV showed the largest spatially aggregated 
influence (mean sensitivity 0.34), and also exhibited broad 
regions of elevated sensitivity (localized peaks up to 0.86) 

stimulation site and spread in patterns that reflected the 
local fiber orientation. For LV epicardial and endocardial 
apex stimulation, the isochrones moved vertically from 
apex to base, while for RV endocardial apex stimulation, 
they spread quickly from the endocardial RV apex to 
eventually cross the septum and then spread toward the 
LV base of the heart. The STD values had similar ranges 
for each pacing site, i.e., roughly 2–12 ms, and the distri-
butions were consistent in that values were smallest near 
the stimulus sites and were greatest in the areas of late 
activation.

For the global sensitivities, following LV epicardial 
apex stimulation, the myocardial longitudinal CV exhib-
ited the largest spatially aggregated influence on activation 
dynamics, with a mean sensitivity of 0.57 and localized 
peak sensitivities reaching 0.91, followed by the myocar-
dial transverse CV, which showed a lower but still sub-
stantial spatially aggregated influence (mean sensitivity 
of 0.26), with localized peak sensitivities up to 0.44. The 
spread of activation was much less affected by the myocar-
dial sheet CV and the endocardial-layer CVs (longitudinal, 
transverse, and sheet). Among these, the endocardial-layer 

Fig. 3  Uncertainty quantification of volumetric activation times fol-
lowing LV epicardial apex (left), LV endocardial apex (center), and RV 
endocardial apex (right) stimulations. The first row shows the location 
of the stimuli on the geometry (front and top views). The second row 
shows the mean activation sequence; the third row shows the standard 
deviation; the fourth, fifth, and sixth rows show the global sensitivity 
contributions of variations in the myocardial longitudinal (row three), 

myocardial transverse (row four), and endocardial-layer longitudinal 
(row five) conduction velocities, respectively. In each column, there 
are views from two perspectives, the left lateral and the basal-to-apical 
views of the heart, respectively. For the global sensitivities, ML CV 
refers to the myocardial longitudinal conduction velocity, MT  CV 
to the myocardial transverse conduction velocity, and EL CV to the 
endocardial-layer longitudinal conduction velocity
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area of the breakthrough site on the epicardial surface, the 
means for RV and LV endocardial apex stimulation were 
386 mm2 and 496 mm2, with large STDs of 198 mm2 and 
175  mm2, respectively. The location of the latest site of 
activation had larger STD values, with 1.5 mm, 3.4 mm, 
and 3.6 mm following LV epicardial apex stimulation, RV 
endocardial apex stimulation, and LV endocardial apex 
stimulation, respectively.

across the LV and RV epicardium. In contrast, the myocar-
dial transverse and sheet CVs had relatively smaller spa-
tially aggregated effects, with mean sensitivities of 0.16 
and 0.03 and localized peak sensitivities of 0.49 and 0.41, 
respectively. The location of the earliest site of activation 
on the epicardium had small values of STD of 1.6 mm and 
1.9  mm following RV endocardial apex stimulation and 
LV endocardial apex stimulation, respectively. For the 

Fig. 4  Uncertainty quantification of volumetric activation times fol-
lowing anterior junction (left) and posterior junction (right) stimula-
tions. The first row shows the location of the stimuli on the geom-
etry (front and top views). The second row shows the mean activation 
sequence; the third row shows the standard deviation; the fourth, fifth, 
and sixth rows show the global sensitivity contributions of variations 
in the myocardial longitudinal (row three), myocardial transverse (row 

four), and endocardial-layer longitudinal (row five) conduction veloci-
ties, respectively. In each column, there are views from two perspec-
tives, the left lateral and the basal-to-apical views of the heart, respec-
tively. For the global sensitivities, ML CV refers to the myocardial 
longitudinal conduction velocity, MT  CV to the myocardial transverse 
conduction velocity, and EL CV to the endocardial-layer longitudinal 
conduction velocity
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4  Discussion

In this study, we aimed to explore the impact of conduction 
velocity (CV) variations on myocardial activation patterns, 
with a particular focus on the longitudinal, transverse, and 
sheet components of both myocardial and endocardial-
layer CV. Our results offer valuable insights into how 
variations in CV components influence the spread of acti-
vation across different stimulation sites, with implications 
for both simulation accuracy and clinical applications. The 
results also highlight which CV parameters should be pri-
oritized when running cardiac electrophysiology simula-
tions to improve both predictive modeling and real-world 
clinical predictions. Throughout the Discussion, state-
ments regarding parameter importance are based primarily 
on spatially aggregated sensitivity measures and consis-
tent spatial patterns observed across pacing sites, while 
localized peak sensitivities are interpreted as indicators of 
region-specific effects rather than global dominance.

4.1  The importance of myocardial longitudinal 
conduction velocity

Across all tested stimulation sites, the myocardial longi-
tudinal CV consistently exerted the strongest influence on 
the spread of activation, as reflected by the highest spatially 
aggregated (mean) sensitivity values across the ventricular 
volume. This trend was observed for both epicardial and 
endocardial stimulations, with global sensitivities reach-
ing up to 0.98 at the posterior junction and 0.95 at the LV 
epicardium. These results are not surprising and highlight 
the crucial role of myocardial longitudinal conduction in 
the overall behavior of activation. One possible explana-
tion is that myocardial longitudinal conduction dominates 
because it governs propagation through the majority of the 
ventricular volume. Although endocardial-layer longitudi-
nal CV is faster in absolute terms, it is confined to a thin 
layer, whereas myocardial longitudinal CV influences acti-
vation across the bulk of the myocardium. This result is 
consistent with previous experimental studies [34], which 
also showed that the longitudinal axis plays a key role in 
dictating activation patterns across the ventricles.

Given its strong influence, myocardial longitudinal CV 
should be a primary focus in both simulations and experi-
mental investigations of ventricular activation, and accu-
rate modeling of this parameter is crucial for predicting 
the effects of therapies that seek to adjust the timing of car-
diac activation, such as cardiac resynchronization therapy 
(CRT). Future studies should investigate how variations in 
longitudinal CV impact the efficacy of CRT and other con-
duction-targeting therapies.

3.3  Anterior and posterior junction stimulations

Figure 4 shows the mean, STD, and global sensitivities for 
anterior and posterior junction stimulations of the ventricu-
lar activation, given changes in the six CV parameters. The 
means showed the same maximum activation of 77 ms fol-
lowing both anterior and posterior junction stimulations. 
Visually, the activation sequences from the two stimulations 
followed mirror patterns, with each activation time spread-
ing from the stimulation point toward the other side of the 
heart, either anterior to posterior or vice versa. The STDs had 
similar values and followed a similarly symmetric pattern, 
ranging between 2.0  ms and 12  ms after anterior junction 
stimulation and between 1.9 ms and 11 ms following poste-
rior junction stimulation. Similarly to the activation times, the 
STDs were lowest in areas close to the stimulation sites and 
gradually increased towards the termination sites.

The global sensitivities again revealed the dominance of 
the myocardial longitudinal CV in influencing the spread 
of activation. Following anterior junction stimulation, the 
myocardial longitudinal CV exhibited the largest spatially 
aggregated influence on activation dynamics, with a mean 
sensitivity of 0.45 and localized peak sensitivities reach-
ing 0.97, followed by the endocardial-layer longitudinal 
CV, which showed a smaller spatially aggregated influence 
(mean sensitivity of 0.18) despite localized peak sensitivities 
reaching 0.62. The patterns were also highly anti-symmetric, 
with areas of high sensitivity to variability in longitudinal 
CV aligning with areas of low sensitivity to transverse CV. 
The myocardial transverse and sheet CVs still played a mod-
est but relevant role in the spread of activation, with mean 
sensitivities of 0.24 and 0.04 and localized peak sensitivities 
of 0.55 and 0.47, respectively. Following posterior junction 
stimulation, the myocardial longitudinal CV again exhibited 
the strongest spatially aggregated influence on overall acti-
vation behavior, with a mean sensitivity of 0.49 and local-
ized peak sensitivities reaching 0.98. The endocardial-layer 
longitudinal CV showed a lower spatially aggregated influ-
ence (mean sensitivity of 0.17), despite localized peak sen-
sitivities reaching 0.60, closely followed by the myocardial 
transverse and sheet CVs, which exhibited smaller spatially 
aggregated effects, with mean sensitivities of 0.19 and 0.08 
and localized peak sensitivities of 0.57 and 0.49, respec-
tively. The asymmetry of the spread of activation was not 
perfect, however, as the location of the latest site of activa-
tion had a STD of 8.0 mm for anterior activation and 5.5 mm 
for posterior. The anterior and posterior junction stimulation 
protocols exhibited narrower, but still substantial, variation 
across CV samples. For the anterior junction, total activation 
time ranged from 52.22 ms to 125.36 ms (range 73.14 ms), 
representing the smallest spread among the sites we tested.
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limited influence on global electrical activation timing [62, 
63]. Taken together with the present results, this body of 
work supports the interpretation that macroscopic activation 
timing is more strongly governed by effective longitudinal 
conduction properties than by physiologically plausible 
variations in fiber helix angle observed in healthy human 
populations [51]. Accordingly, uncertainty in longitudinal 
conduction parameters is expected to exert a larger influ-
ence on activation timing than uncertainty in fiber helix 
angle in the scenarios examined here.

4.2  Endocardial-layer longitudinal conduction 
velocity: site-specific influence

Not surprisingly, the role of endocardial-layer longitudinal 
CV was more pronounced following endocardial stimulation 
sites. For example, after LV endocardial apex stimulation, 
the global sensitivity to the endocardial-layer longitudinal 
CV reached values of 0.74, approaching the sensitivity to 
the myocardial longitudinal CV (0.88). Similarly, findings 
emerged following RV endocardial apex stimulation, in 
which the endocardial-layer longitudinal CV had a maxi-
mum sensitivity of 0.89, slightly exceeding that of the myo-
cardial longitudinal CV at 0.86. Such findings suggest that 
endocardial-layer CVs should be carefully considered when 
stimulation occurs near or at the endocardium, as is the case 
in both sinus beats and typical pacemaker implants. Impor-
tantly, the influence of endocardial-layer longitudinal CV 
was largely localized to subendocardial regions and pacing-
dependent, consistent with its lower spatially aggregated 
sensitivity compared to myocardial longitudinal CV. We 
also note that imposing a layer of rapid conduction near the 
endocardium is only a surrogate for the role of the Purkinje 
network, and our results support the importance of this net-
work in overall activation [16].

4.3  Minimal impact of myocardial sheet and 
endocardial-layer transverse CVs

In this study, we observed that variations in the myocardial 
sheet and endocardial-layer transverse CVs had a relatively 
minimal impact on the spread of activation and the overall 
activation times. This result is reflected in the low global 
sensitivity values for these parameters, especially compared 
to myocardial longitudinal CV. For example, across all stim-
ulation sites, the myocardial sheet and endocardial-layer 
transverse CVs exhibited low spatially aggregated sensitivi-
ties, with localized peaks that remained below 0.5. These 
findings suggest that, even for most scenarios in which 
activation is driven from epicardial or endocardial sites, the 
myocardial sheet and endocardial-layer transverse CVs play 
a limited role in altering activation patterns. Consequently, 

A related consistent result is the extent of the variation 
observed (by means of STDs) when CV values were varied, 
reaching as high as 15 ms in some cases, and hence of criti-
cal importance when reconstructing activation sequences 
under normal or abnormal conditions. A general finding 
from the spatial patterns of STD is that activation shows 
more variability the further away from the site of earliest 
activation, e.g., on the right ventricular epicardium follow-
ing LV pacing.

While the longitudinal CV value was typically the most 
powerful influence on the activation sequences, this domi-
nance was by no means complete. The myocardial trans-
verse CV also played a relevant role, as evidenced by the 
differences between the patterns of STD and those of the 
global sensitivities. In some cases, these patterns were 
similar for different pacing conditions, but in others, the 
transverse CV contributed significantly to the variability in 
activation times. This suggests that both longitudinal and 
transverse CVs should be carefully considered when pre-
dicting activation dynamics.

Personalization strategies for cardiac digital twins often 
focus on reproducing whole-heart activation timing mea-
sures, such as QRS duration or total ventricular activation 
time [15]. Our results indicate that CV parameters, particu-
larly myocardial and endocardial-layer longitudinal CVs, 
should also be explicitly considered in this process. The 
sensitivity we observed is comparable to the typical adjust-
ments needed to match overall timing metrics, with STDs 
around 10-15 ms and site-specific variations ranging from 
∼70–100+ ms. These magnitudes imply that uncertainty in 
CVs can materially shift predicted activation times, rein-
forcing the need to (i) prioritize calibration of myocardial 
longitudinal CV, (ii) account for endocardial-layer lon-
gitudinal CV when beats originate near the endocardium, 
and (iii) report uncertainty bands on model-derived timing 
measures used during personalization. Importantly, the pri-
oritization of CV parameters discussed here is conditional 
on the paced-beat excitation patterns, the healthy ventricu-
lar substrates examined in this study, and the nature of the 
calibration targets. Under alternative excitation scenarios, 
such as conduction-system pacing, multi-site or CRT pro-
tocols, or abnormal rhythms involving conduction block 
or reentry, the relative importance of transverse and sheet 
conduction components may increase. Similarly, when cali-
bration targets emphasize surface ECG features (e.g., QRS 
duration) rather than activation-time metrics, parameters 
such as transverse or sheet CV may become more identifi-
able and should be prioritized accordingly. In such cases, 
sensitivity rankings should be re-evaluated using excitation 
patterns and data targets appropriate to the clinical context. 
Our findings are also consistent with recent studies report-
ing that variations in myocardial fiber helix angle have 

1 3



Medical & Biological Engineering & Computing

being used in select cases for cardiac resynchronization 
therapy [69]. We plan to incorporate CSP protocols in future 
work to explore their potential and compare their impact 
with the findings presented here. However, many arrhyth-
mias are initiated by ectopic activations, and so there is 
considerable interest in understanding the subsequent acti-
vation patterns. Additionally, we modeled activation under 
relatively normal, smoothly varying fiber structures, which 
may have only partially captured the complex heterogeneity 
of CV across the heart. The variation in CV within differ-
ent regions, especially in the face of substrate changes due 
to ischemia or fibrosis, will certainly impact the spread of 
activation, and this complexity warrants further exploration. 
While our study focused primarily on healthy conditions, 
understanding normal physiological behavior is crucial 
before delving into more complex scenarios, such as patho-
logical conditions where myocardial ischemia or infarction 
may alter electrophysiological substrates.

Another important limitation is that we did not include 
an explicit, branching His–Purkinje system (HPS). Instead, 
we employed a simplified fast-conducting endocardial layer 
as a surrogate, which captures some functional effects of 
rapid subendocardial propagation but cannot reproduce 
pathway-specific delays, discrete Purkinje–myocyte junc-
tion properties, or bundle-level abnormalities. Furthermore, 
our simulations were based on an eikonal approximation, 
which is computationally efficient but simplifies the full 
bidomain formulation. As such, it neglects wavefront cur-
vature effects, source–sink interactions, and transmembrane 
dynamics that can become critical in pathological set-
tings or in the presence of conduction block. These mod-
eling choices were deliberate for tractability in large-scale 
uncertainty quantification, but they constrain physiological 
fidelity and should be kept in mind when interpreting our 
findings. Therefore, future studies will need to investigate 
the impact of altered CV in diseased hearts to better under-
stand its implications in clinical settings. Finally, because 
this study focuses on single-site pacing in otherwise healthy 
ventricles, the reported sensitivity rankings should not be 
interpreted as universally applicable across all excitation 
patterns. In pathological conditions or complex pacing con-
figurations, anisotropic propagation mechanisms associated 
with transverse and sheet conduction may become more 
influential. Extending the present analysis to such scenarios 
is an important direction for future studies.

5  Conclusion

We quantified how uncertainty in CV components propa-
gates to activation timing in ventricular eikonal simula-
tions across multiple pacing sites. Three consistent findings 

the values assigned to these parameters are unlikely to sub-
stantially affect the simulation outcomes for these common 
pacing scenarios. However, these results do not rule out the 
potential relevance of myocardial sheet and endocardial-
layer transverse CVs in specific situations, such as those 
involving more complex or pathological substrates. Further 
studies exploring these parameters in conditions like myo-
cardial fibrosis, ischemia, or in models with highly hetero-
geneous tissue properties may reveal circumstances where 
these CV components exert more influence.

4.4  Variation in activation time and spatial spread

A consistent finding from all our studies was that the total 
volumetric activation time decreased as the stimulation 
site moved from the epicardium to the endocardium, with 
activation times at the LV epicardial site averaging 96 ms, 
compared to 82 ms following mid-myocardial pacing, and 
71 ms after LV endocardial pacing. This progression aligns 
with the known physiological property that endocardial sites 
often exhibit faster activation than epicardial ones. Physi-
ologically, this difference is attributed to the orientation of 
myocardial fibers and the role of the rapid conduction in the 
subendocardial region due to the Purkinje network [64]. In 
simulations, the longitudinally oriented fibers in the endo-
cardium approximate this behavior and facilitate faster con-
duction compared to the more transverse orientation of the 
epicardial fibers.

Similarly to total activation times, their variance also 
decreased as stimulation moved deeper into the myocar-
dium, reflecting more consistent activation with endocardial 
versus epicardial stimulation. These results underscore the 
importance of considering both the location of stimulation 
and the corresponding CV variations when predicting acti-
vation dynamics. Moreover, they hint at the relative instabil-
ity of PVCs that initiate from the epicardial surface and their 
possibly enhanced potential to generate sustained arrhyth-
mias [65–68]. The variability in the location of activation 
was greater at epicardial sites, with larger STDs observed in 
regions of late activation compared to those that activated 
earlier. This result suggests that activation near the epicar-
dium may be more prone to spatial variability, likely due to 
the more complex geometry and heterogeneity of conduc-
tion in that region.

4.5  Limitations

Our study has some limitations that should be considered 
when interpreting these results. First, we exclusively applied 
single-paced protocols rather than conduction system pacing 
(CSP) protocols. CSP has emerged as a more physiological 
alternative to right ventricular pacing and is increasingly 
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