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Abstract

Distinguishing the intrinsic electrophysiological remodeling of healthy cardiac aging from early
pathology is a prerequisite for preventive cardiology in older adults, yet no population-scale 3D
normative reference exists. Leveraging the life-course design of the MyoFit46 birth cohort,

community-dwelling adults aged 75+ born within the same week of 1946, we combined



cardiovascular magnetic resonance with 256-lead electrocardiographic imaging (ECGI) and a
deterministic mapping framework to construct subject-specific digital twins (DTs) encoding
myocardial conduction velocity, endocardial activation sequences, and regional repolarization
heterogeneities. An aging repolarization layer was required in all 30 selected participants,
demonstrating that standard adult cellular models do not reproduce the repolarization dynamics
of healthy aging hearts and that explicit age-related ionic remodeling is systematically
necessary. Population-level analysis revealed structured Purkinje-myocardial junction
distributions consistent with classical anatomical landmarks, distinct apico-basal repolarization
gradients, and sex-specific repolarization scaling reflecting age-related hormonal decline. The
DTs replicated in vivo epicardial dynamics within established clinical ECGI uncertainties. As a
proof-of-concept, the atlas was compared against an age-matched, non-fibrotic early-stage
hypertensive group, identifying a directional shift toward action potential prolongation before
overt structural disease. These findings establish the first normative electrophysiological DT

atlas of the healthy aging heart for assessing pathological remodeling in older adults

Introduction

Global populations are aging at unprecedented rates, and the proportion of adults aged 65 years
and older has reached historically high levels'. This demographic transition has reshaped the
concept of healthy aging, shifting the focus from the absence of disease toward the preservation
of functional ability and well-being in later life’. Importantly, although aging is the strongest
risk factor for most chronic diseases of later life, its biological processes extend beyond the
cumulative burden of lifelong risk exposures and overt pathology?. This distinction is
particularly challenging in the cardiovascular system, as age-associated structural and
electrophysiological remodeling may be present even in apparently healthy individuals and
frequently overlaps with subclinical cardiovascular disease®. In the absence of a normative
reference for the healthy aging heart, physiological remodeling risks being conflated with early
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pathology, limiting both preventive cardiology and life-course risk stratification in older adults’.
Distinguishing healthy-aging trajectories from early disease is therefore essential for preventive

strategies in older adults.

During healthy aging, cardiac electrophysiology (EP) remodels at both cellular and tissue
levels®’. At the cellular level, ionic channel remodeling prolongs the action potential®?, an effect
compounded by declining estrogens'® and testosterone!! that narrow sex differences in
repolarization'?. Cardiomyocyte senescence further perturbs ionic homeostasis'*!4, though its
regional distribution remains poorly characterized. At the tissue level, irreversible
cardiomyocyte loss'® is compensated by survivor hypertrophy!¢, while reduced Cx43
expression'’ and fibrosis-driven anisotropy are expected to slow and fragment conduction'®. No
framework has yet integrated these multiscale changes into a population-level normative
reference of healthy cardiac EP. Digital twins (DTs), which translate multimodal clinical data
into mechanistic models, provide a means to encode their functional electrophysiological

signature at the tissue and organ scale.

DTs have emerged as a powerful framework for mechanistic cardiac phenotyping, providing a
deterministic mathematical platform that integrates multimodal clinical data to replicate
observed EP'8. Electrophysiological DTs have been deployed for treatment planning'® 2!, in

22-24

silico clinical trials***, and deep cardiac phenotyping at population scale?>*. From a

personalization perspective, these DTs are predominantly calibrated against 12-lead

electrocardiogram?®’-3°

given its clinical availability, though at the cost of limiting the spatial
richness of the inferred parameters. Moreover, none of these studies have established a

normative reference of the healthy aging heart from an age-matched, healthy cohort against

which pathological remodeling could be assessed.

To address this gap, we leveraged the unique MyoFit46 cohort, a rigorously selected,
community-dwelling population of healthy adults aged 75+ born within the same week of
March 1946, alongside co-registered quasi-simultaneous cardiovascular magnetic resonance

(CMR) and high-density electrocardiographic imaging (ECGI), to construct the first 3D



electrophysiological DT-based atlas of healthy cardiac aging. ECGI reconstructs epicardial
potentials from hundreds of body-surface leads, providing richer spatial information than the
standard electrocardiogram and resolving regional activation and repolarization map?®! yet its
quasi-simultaneous acquisition with CMR is rarely available, having never been achieved in a
deeply phenotyped, age-matched healthy aging cohort. A deterministic, sequential mapping
framework directly translated multimodal data into subject-specific DTs, including conduction
velocity (CV), endocardial activation sequences, and regional repolarization heterogeneities,
providing a high-resolution normative reference for the aging heart against which pathological

remodeling can be systematically assessed.

Results

Results are organized in two parts. On the one hand, verification of the DT personalization
pipeline against synthetic data to characterize its inherent uncertainties before application to
human participants. Briefly, our deterministic pipeline infers subject-specific CV and activation
sequence, defined by the location of the Purkinje-myocardial junction (PMJ) and their time of
activation from ECGI data, and then personalizes ventricular repolarization in two steps: first, a
baseline slow delayed rectifier potassium current conductance calibration by a scaling factor
(gks); second, an aging-specific repolarization calibration to account for regional action potential
duration lengthening or shortening, above average healthy young values, using the rapid
delayed rectifier potassium current conductance (gk:) as a surrogate of these changes. On the
other hand, and constituting the primary contribution of this work, the pipeline was applied to a
healthy aging cohort from the MyoFit46 study to construct a normative electrophysiological DT
atlas of cardiac healthy aging. The atlas characterizes activation sequences, PMJ distributions,
and both baseline and aging repolarization (AgR) heterogeneities across the ventricular
epicardium. Finally, as a proof-of-concept, the healthy atlas is compared against an age-matched
early-stage hypertensive (¢HTN) aging group to demonstrate its capability as a normative

reference for assessing early deviations from healthy aging EP.



Personalization pipeline verification

Pipeline verification was performed against six synthetic ground-truth DTs spanning the tested
range of conduction velocities, activation strategies, and repolarization patterns. Across these
benchmarks, endocardial activation times (ATs) were reconstructed with an activation time root
mean square error (AT-RMSE) of 8.73 + 1.35 ms for Durrer-based cases and 9.75 = 0.98 ms for
Purkinje-based ones, excluding septal and basal regions where ECGI lacks activation data.
Verification tests identified the generation of supplementary PMJ (i.e., PMJ located on the
borders of endocardial surface) to compensate for missing endocardial regions. Non-
supplementary PMJ counts were comparable to their ground-truth counterparts in Durrer-based
cases, with an average of ~9 PMJs against the 5 expected from Durrer et al. activation®. In
Purkinje-based cases, the pipeline identified a subset of the denser ground-truth network,
averaging ~54 against the 558 PMJs of the ground-truth activation sequence. Epicardial
reconstruction yielded a mean AT-RMSE of 13.35 + 9.67 ms, and a repolarization time root
mean square error (RT-RMSE) of 16.99 + 6.18 ms across all tests, with the largest repolarization
errors observed in cases with the highest activation errors. CV estimation showed a sequence-
dependent bias, with CV relative error of —32.08 + 1.25% for Durrer-based and -8.50 + 3.78%

for Purkinje-based tests. Full verification results are provided in Supplementary S1.

Digital Twin Atlas of Healthy Aging

MyoFit46 healthy demographics

Table 1. MyoFit46 healthy cohort demographic. Variables are expressed as median and interquartile range. A
Mann-Whitney U test with Benjamini-Hochberg correction was used for sex-group comparison (padj). AgR:
aging repolarization; ARI90: time to 90% of epicardial activation-repolarization interval; AT90: time to 90% of
epicardial activation; BMI: body mass index; BSA: body surface area; CMR: cardiac magnetic resonance; CV:
conduction velocity; D-BP: diastolic blood pressure; Dr: fiber-direction diffusion coefficient; ECGI:
electrocardiographic imaging; ECV: extracellular volume; EDVi: end-diastolic volume index; EF: ejection
fraction; eGFR: estimated glomerular filtration rate; ESVi: end-systolic volume index; gKs: slow delayed rectifier

potassium current conductance scaling factor; LA-EDVi: left atrial end-diastolic volume index; LGE: late



gadolinium enhancement; LVMi: left ventricle mass index; MPR: myocardial perfusion reserve; MWT: maximal

wall thickness; PMJs: Purkinje-myocardial junctions; RR: R-R interval; RT90: time to 90% of epicardial

repolarization; S-BP: systolic blood pressure; SVi: stroke volume index.

Variable All (n=30) Female (n=18) Male (n=12) Pagj-value
Demographics
Age (years) 76.68 [76.33-77.44] 76.72 [75.99-77.36] 76.63 [76.47-77.50] 0.753
Height (cm) 162.95[160.85-172.75] 161.80 [159.82-164.83] 172.50[161.75-175.25] 0.158
Weight (kg) 66.20 [59.50-74.88] 64.55 [58.35-69.27] 71.25 [64.53-77.62] 0.158
BSA (m’) 1.72 [1.61-1.82] 1.68 [1.60-1.75] 1.81 [1.76-1.92] 0.098
BMI (kg/m’) 24.92 [21.74-26.75] 24.92 [20.75-26.75] 24.65 [22.32-26.67] 0.753
S-BP (mmHg) 123.00 [118.50-130.75] 123.00 [118.08-134.33] 123.50[119.50-128.50] 0.897
D-BP (mmHg) 72.83 [66.08-78.16] 71.66 [64.50-77.42] 76.00 [68.66—79.33] 0.478
eGFR
90.15 [77.03-95.45] 84.15[72.00-91.50] 96.05 [92.72-101.30] 0.028
(ml/min/1.73n7)
CMR parameters
EDVi (ml/m’) 67.76 [61.72-74.26] 62.98 [61.17-70.62] 72.23 [66.04-76.48] 0.152
ESVi (ml/m’) 20.15[17.23-24.17] 17.70 [15.83-20.66] 23.93 [20.63-27.23] 0.028
SVi (ml/m?) 48.69 [44.23-50.23] 48.69 [41.51-50.20] 48.43 [45.89-50.01] 0.647
EF (%) 70.06 [66.59-73.52] 72.46 [68.98-75.44] 66.93 [65.31-69.16] 0.048
LVMi (g/m’) 46.18 [41.26-50.26] 42.08 [39.80-47.56] 48.98 [46.20-53.006] 0.047
MWT (mm) 10.54 [9.53-11.29] 10.23 [9.25-11.05] 10.84 [10.25-11.32] 0.459
LA-EDVi (ml/m?)  6.44 [4.75-7.52] 6.30 [4.68-7.37] 6.55 [4.93-7.89] 0.647
1297.82 [1282.34— 1303.72 [1291.73— 1284.22 [1271.44—
TI (ms) 0.288
1319.39] 1319.39] 1314.19]
MPR 2.68 [2.06-3.20] 2.25[1.69-2.71] 3.21 [2.924.04] 0.028
Core LGE (%) 0.00 [0.00-0.04] 0.00 [0.00-0.00] 0.00 [0.00-0.20] 0.753
ECV (%) 27.78 [24.93-28.98] 28.05[26.95-29.12] 25.41 [24.68-26.70] 0.168



Variable All (n=30) Female (n=18) Male (n=12) Dagi-value
ECGI parameters

RR (ms) 931.25 [855.50-993.88] 942.30 [857.32-988.10] 881.55 [850.62-995.95] 0.753
CV (m/s) 0.83 [0.73-0.94] 0.82 [0.77-1.01] 0.83 [0.71-0.87] 0.640
AT90 (ms) 50.20 [44.26-54.04] 48.79 [40.78-51.97] 53.75 [48.60-56.77] 0.168
RT90 (ms) 275.32[232.17-320.89] 280.45[232.17-319.59] 259.88 [232.00-320.69] 0.879
ARI90 (ms) 308.13 [275.97-338.91] 308.13 [275.97-338.82] 306.89 [278.74-341.18] 1.000
In silico parametrization

Dy (cm’/ms) 0.0020 [0.0015-0.0026]  0.0019 [0.0017-0.0031]  0.0020 [0.0014-0.0022] 0.640
gKs 2.59 [1.87-3.19] 3.08 [2.09-3.63] 2.21[1.29-2.39] 0.039
AgR 1.02 [0.99-1.13] 1.06 [1.01-1.19] 1.00 [0.96-1.02] 0.039
PMJs 20.00 [15.00—44.50] 16.50 [12.00-37.75] 25.00 [16.75-50.50] 0.291

Table 1 summarizes the basic demographics and clinical characteristics of the MyoFit46 healthy

cohort. Of the 505 available MyoFit46 participants, 30 fulfilled the inclusion/exclusion and

modeling criteria, with late gadolinium enhancement (LGE) burden and hypertension being the

two main exclusion drivers. A detailed flow diagram of participant selection can be found on

Supplementary material S2. Sex-differences were found on estimated glomerular filtration

rate, left ventricle (LV) indexed end-systolic volume, LV mass index, and myocardial perfusion

reserve (Table 1). For the in silico parameters, females presented statistically higher mean ggs

and AgR scale factors (Table 1). The remaining in silico EP parameters were not significantly

different between sexes. The median in silico parameters obtained after personalization were a

spatially constant fiber-direction diffusion coefficient (Ds) of 0.0020 cm*/ms and 20 PMJs per

participant.



Healthy population replication

Figure 1 summarizes the agreement between ECGI-derived and simulated epicardial dynamics

for both activation (Figure 1a, ¢, e) and repolarization (Figure 1b, d, f).

Regarding activation (Figure 1a), normalized cumulative activation curves showed close
agreement between simulations and ECGI, with a stable interquartile range of timing errors
throughout the activation. The ECGI data exhibited a slower activation rate during early phases
but increased towards the end of the latest activated regions with respect to the DTs. Across the
cohort, the global AT-RMSE was 12.31 £ 3.99 ms. Spatially, the ECGI showed earlier RV
activation and delayed activation at the LV-RV insertion relative to the in silico results, while
differences across the LV were spatially heterogeneous (Figure 1c). Figure 1e illustrates the
spatially localized sources of errors in three DTs: (i) regions of late activation, where ECGI was
faster than replicated DT activation, and (ii) regions where the spherical endocardial activation
locations produce fast breakthroughs in the RV epicardium. These effects contribute to the
overall error reported. Lastly, after matching the activation sequences, the ECGI-derived
apparent CV was systematically faster than the simulated apparent CV, with a mean CV relative
error of —15.60% = 4.82%, consistent with the sequence-dependent bias identified during

verification tests (Supplementary S1.2).

In contrast, repolarization dynamics quantified in the ECGI (Figure 1b) showed an initial delay
with respect to the DTs, followed by a gradual shift toward earlier times at the end of
repolarization, approaching the mean DTs pattern. The mean global RT-RMSE was 15.14 + 3.63
ms. Repolarization tended to occur later in the ECGI than in the in silico estimates, except at
specific locations (the mid RV wall and the inferolateral LV wall), where it occurred earlier
(Figure 1d). Subject-specific maps showed that simulated patterns remained qualitatively
consistent with ECGI, preserving global gradients despite a systematic shift toward earlier

repolarization in the basal regions (Figure 1f).
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Figure 1. Replication of in vivo epicardial dynamics by personalized digital twins across the MyoFit46
cohort. Agreement between electrocardiographic imaging (ECGI)-derived and in silico epicardial activation (a,
¢, e) and repolarization (b, d, f) dynamics across the healthy MyoFit46 cohort. For both phases, panels are
displayed from top to bottom: (a, b) the cumulative distribution function (CDF) of activated and repolarized
tissue against normalized time are represented. The solid line represents the mean ECGI CDF, used as a
temporal anchor, while the shaded region encodes the interquartile range of the paired percentile differences
between in silico and ECGI CDFs; (c, d) a flattened epicardial representation of the mean healthy anatomy
showing the point-to-point mean absolute error (in silico — ECGI) across the 30 participants, AAT for activation
times (ATs) and ART for repolarization times (RTs); and (e, f) three representative subjects, selected to span a
range of characteristic root mean squared error (RMSE) values, comparing ECGI (top) and in silico (bottom)
epicardial maps. The anatomical orientation of the flattened representation is indicated by the inset schematic,
where right ventricle (RV) and left ventricle (LV) denote the right and left ventricles and A and | denote the anterior
and inferior regions, respectively. The black curve delineates the LV-RV boundary.



Healthy aging atlas: activation sequences

Obtained activation sequences (i.e., PMJ location and time of activation) were mapped to the
mean healthy anatomy (MHA) for population level analysis of the distribution of PMJs along
the MyoFit46 healthy cohort. After exclusion of supplementary PMJs, 1034 PMJs remained

among the 30 participants.
a) PMJ prevalence per segment b) 3D PMJ prevalence representation
53.3
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Figure 2. Spatial distribution, prevalence, and activation-phase dynamics of Purkinje-Myocardial
junctions (PMJs) across the healthy MyoFit46 cohort. (a) PMJ prevalence expressed as the percentage of
participants with at least one PMJ within each segment, displayed separately for the left ventricle (LV) and right
ventricle (RV) bull's-eye. Color scale ranges from white (low prevalence) to dark red (high prevalence). (b)
Three-dimensional endocardial representation of the mean healthy anatomy (MHA) showing the spatial
density of PMJ hotspots across the LV and RV, with color intensity reflecting local PMJ prevalence. (c) Mean

percentage of activation-phase profiles of PMJs per anatomical segment. Activation times were normalized
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from 0% (first PMJ activated) to 100% (last PMJ activated) for each participant to remove inter-subject temporal
variability. Stacked bars illustrate the fraction of PMJs activated during four defined phases: Early (<25%, dark
purple), Mid-early (25-50%, blue), Mid-late (50-75%, amber), and Late (>75%, red). Segments are grouped
anatomically by region (LV Basal, LV Mid, LV Apical, RV Basal, RV Mid, RV Apical), with LV and RV walls aligned
for direct comparison. (d) MHA endocardial surfaces showing the spatial distribution of PMJs stratified by
activation phase, from Early (leftmost) to Late (rightmost). Color intensity reflects local PMJ density within each
phase. A: anterior; AS: antero-septal; IS: inferoseptal; I: inferior; IL: inferolateral; AL: anterolateral; S: septal; L:

lateral.

Figure 2 summarizes the spatial distribution, prevalence, and activation-phase dynamics of
PMIs across the cohort. Figure 2a, b show PMJ prevalence per LV segments and the 13
supplementary RV segments and their 3D equivalent. The regions with the highest prevalences
are the mid anterolateral wall of the LV and the mid anterolateral RV wall, with 86.66% of cases
with at least one PMJs on those regions. From a chamber-based analysis, we observed that the
LV PMIJs were distributed throughout the chamber, whereas on the RV there was a clear
difference between the anterior and inferior wall (see Figure 2a). In Figure 2b, we observed 6
regions that showed a prevalence of more than 35%: one on the LV mid inferolateral wall, three

on the lateral RV wall distributed longitudinally and two on the mid and basal anterior RV wall.

Figure 2c shows the percentage of PMJ being activated per segment across four phases, defined
by normalized activation time (i.e., Early (<25%), Mid-early (25-50%), Mid-late (50-75%), and
Late (>75%)). The basal and mid-anterior regions of the LV, alongside the basal anterolateral
region of the RV, exhibited the highest concentration of early activation, with over 60% of their
PMIs firing during the early or mid-early phases. Then, there are regions with no clear phase
dominance (i.e., neither late nor early phases have a percentage higher than 60%). These
included the basal and mid anterior, mid anterolateral, and basal inferolateral regions of the RV,
and the mid inferior and apical anterior regions of the LV. The remaining endocardial regions
were predominantly activated during the late phases. Figure 2d shows in more detail how those
early or late activated PMJs are distributed anatomically. Early-activated PMJ were mostly

distributed across the LV anterior wall and the RV base, whereas late-activated PMJ were
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distributed homogeneously for the LV and apically located for the RV. Mid-early and mid-late
PMJs showed a transition from a mostly lateral LV distribution, towards a more inferior

distribution for the mid-late activated PMJs.

Healthy aging atlas: regional repolarization heterogeneities

Baseline repolarization

The obtained baseline regional repolarization heterogeneities were mapped to the MHA of the
MyoFit46 cohort for posterior analysis at multiple levels (Figure 3) using: (a) regional
comparison and (b-c) in 3D representation using principal component analysis for the
calculation of mean and modes of variation of the 3D gk distribution. Overall, RV presented a
higher gk, value than LV (p=0.0026, Figure 3a) with a clear gks decay from the apex to the base
in both chambers (Figure 3a). On the circumferential direction, there were only significant
larger gks values on the anterior wall than in the lateral and inferior walls (Figure 3a). Figure
3b recapitulates the apico-basal gradient described above, with higher gk values at the RV apex
decaying progressively toward the base. Principal component analysis of the spatially resolved
gxs maps (Figure 3c) revealed that the first three modes of variation together explain 75% of
inter-subject repolarization variability across the MyoFit46 cohort. Mode 1 defines the
amplitude and direction of the longitudinal gradient. Modes 2 and 3 capture nearly orthogonal
transverse gradients: mode 2 describes a gk gradient from the RV anterolateral wall toward the
LV inferolateral wall, while mode 3 describes the opposite orientation, from the RV inferolateral

wall toward the LV anterolateral wall.

12
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Figure 3. Baseline repolarization atlas: regional distribution and principal modes of variation of gks across
the healthy MyoFit46 cohort. (a) Boxplots of gks scaling factors comparing inter-chamber (left ventricle (LV) vs.
right ventricle (RV)), LV and RV longitudinal (Basal, Mid, Apical), and circumferential (Lateral, Inferior, Anterior)
distributions. Statistical significance was assessed using the Mann-Whitney U test with Benjamini-Hochberg
correction (* pagi<0.05, *** pagi<0.001). (b) Cohort-mean gks map displayed on the flattened biventricular
endocardial surface. The black curve delineates the LV-RV boundary. (c) Three leading principal modes of
variation (Modes 1-3) derived from principal component analysis of the spatially resolved gks maps across
participants. For each mode, the positive (left) and negative (right) extremes (mean = 2 standard deviations

(SD)) are shown on the flattened biventricular surface, illustrating the dominant spatial patterns of inter-
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subject variability. The anatomical orientation of the flattened epicardial representation is indicated by the
inset schematic, where RV and LV denote right and left ventricles, respectively, and A and | denote anterior and

inferior regions. gks: slow delayed rectifier potassium current conductance scaling factor.

Aging repolarization

The median surface proportion of each compensation class per region is summarized in Table 2,
while Figure 4 illustrates the pointwise prevalence of each compensation class across the
cohort. The neutral regulation (AgR™) was the dominant spatial pattern, accounting for a median
of 61.4% of epicardial surface covered by no AgR adjustment. The shortening (AgR') and
prolongation (AgR") accounted for a median of 17.9% and 3.7% of the surface, respectively.
Notably, AgR! regions were present in all 30 subjects, while AgR' regions were identified in 27
out of 30 subjects (90%), indicating that at least one form of active AgR regulation was present

in every participant.

Table 2. Regional distribution of aging repolarization (AgR) classes across the healthy MyoFit46 cohort.
Median [interquartile range] epicardial surface percentage covered by AgR*(shortening), AgR ~(neutral), and AgR"
(prolongation) compensation per region across 30 subjects. Medians are computed independently per class and
do not sum to 100%. Chamber comparisons were assessed using the Wilcoxon signed-rank test; longitudinal
and circumferential comparisons using the Friedman omnibus test. Post-hoc analysis can be found in

Supplementary S3. LV: left ventricle; RV: right ventricle.

Region AgR! (%) AgR'" (%) AgR™ (%)
Global 17.9 [5.2-46.6] 3.7[0.2-17.2] 61.4[43.4-82.7]
Chamber

LV 1.5[0.2-21.5] 3.4[0.2-18.0] 75.3 [48.8-89.5]
RV 31.5[9.4-69.1] 2.0[0.0-19.3] 60.6 [22.3-75.5]
p-value <0.001 0.374 <0.01
Longitudinal LV

LV Base 0.50.0-6.2] 8.8 [0.2-32.2] 70.1 [52.2-92.6]
LV Mid 0.7 [0.0-12.6] 0.3 [0.0-14.3] 80.8 [53.0-92.7]
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LV Apex 2.2[0.0-54.9] 0.0 [0.0-0.3] 86.0 [38.5-99.8]
p-value 0.045 <0.001 0.190
Longitudinal RV

RV Base 15.8 [1.2-35.9] 3.910.1-46.9] 52.7[29.5-76.4]
RV Mid 32.8 [7.9-80.1] 0.0 [0.0-7.1] 52.1[14.1-84.6]
RV Apex 38.0 [0.1-95.0] 0.0 [0.0-0.0] 57.5[2.4-99.5]
p-value 0.016 <0.001 0.873
Circumferential LV

LV Lateral 1.0 [0.0-11.6] 0.9 [0.0-10.2] 88.2 [54.2-96.4]
LV Inferior 0.0 [0.0-6.7] 1.1[0.0-26.7] 83.1[42.0-99.1]
LV Anterior 4.2 [0.0-43.0] 2.0 [0.0-17.7] 64.2 [25.4-94.6]
p-value <0.01 0.137 0.107
Circumferential RV

RV Lateral 7.3 10.0-59.9] 0.2[0.0-13.1] 68.7 [23.2-90.9]
RV Inferior 41.4[0.0-96.4] 0.0 [0.0-0.0] 54.8 [3.6-100.0]
RV Anterior 53.6 [10.6-72.8] 2.1[0.1-17.4] 37.1[19.1-78.1]
p-value <0.01 <0.001 0.267

As illustrated in Figure 4b, AgR™ was present throughout the epicardial surface with higher
pointwise prevalence in the LV, reaching regions with prevalence higher than 80%. Consistently,
the median surface percentage was significantly higher in the LV than in the RV (Table 2).
Notably, in the mid, apical, lateral, and inferior LV regions exceeded 80% of epicardial surface
coverage (Table 2). No significant longitudinal or circumferential gradients were identified in

either chamber (Table 2).

The second most prevalent compensation class, AgR* showed a markedly higher surface
percentage in the RV compared to the LV (Table 2), representing the largest chamber-level

difference observed across all three classes. As illustrated in Figure 4¢, AgR' was
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predominantly concentrated toward the apex in both ventricles, with a particularly pronounced
mid-apical accumulation in the RV. Consistently, the median surface percentage increased from
base to apex in the RV and LV (more details in Supplementary S3). At the circumferential
level, a significant gradient was identified in the LV (Table 2), driven by differences between
the three defined segments for both ventricles (all p.g;<0.05), except between RV inferior and

anterior walls (pag=0.919).

Lastly, AgR" was the least prevalent compensation class, with no significant difference in
surface proportion between the LV and RV (Table 2). However, a consistent and significant
base-to-apex gradient was identified in both ventricles (Table 2), with AgR" concentrated at the
base and virtually absent at the apex. As illustrated in Figure 4a, this basal concentration was
particularly evident in the RV lateral wall and the LV inferior and anterior walls. At the
circumferential level, no significant gradient was identified in the LV (Table 2), whereas a
significant circumferential gradient was found in the RV, driven by differences between the
lateral and inferior walls (pag;<0.001) and between the inferior and anterior walls (pag;<0.001).

a) AgR prolongation b) AgR neutral c) AgR shortening
I

0.0 "meE—_367 0.0 MEEGZ6.7 0.0 S
AgR'[%] AgR™[%] AgR! [%]

Figure 4. Aging repolarization (AgR) classes epicardial prevalence. Population-level prevalence maps of AgR
compensation classes across the healthy MyoFit46 cohort. Each map displays the proportion of subjects exhibiting a
given AgR compensation state at each epicardial point, ranging from 0 (no subject) to 100 (n=30). a) AgR" prolongation
compensation prevalence. b) AgR™ neutral prevalence (no compensation). c) AgR* shortening compensation
prevalence. The black line indicates the LV-RV insertion. The anatomical orientation of the flattened epicardial
representation is indicated by the inset schematic, where RV and LV denote right and left ventricles,

respectively, and A and | denote anterior and inferior regions.
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Atlas-Based eHTN cohort remodeling

A total of 47 participants (26 females) were selected from the 505 MyoFit46 participants for the
eHTN cohort. The only significant clinical difference with the healthy cohort was in systolic and
diastolic blood pressure (paj<0.001), both higher in eHTN cohort. LV mass index trended
higher in eHTN without reaching significance (46.18 vs. 49.75, p.gi=0.160, healthy vs. eHTN).
Same pattern was reported for time to 90% AT, RT and activation-repolarization intervals
(ARIs) (AT: 50.20 vs. 53.38 ms, p.gi=0.160; RT: 275.32 vs. 302.38 ms, pagi=0.160, and ARI:
308.13 vs. 336.72 ms, p.g=0.160, healthy vs. eHTN). AgR and gk, scaling factor showed sex
differences, with larger values for the female eHTN subgroup (gks: 2.89 vs. 1.34, pagi=0.004;
AgR: 1.13 vs. 0.97 p.i=0.004). Complete demographics and clinical details are provided in
Supplementary S4-5. eHTN personalized DTs achieved a comparable replication quality, with
mean AT-RMSE and RT-RMSE of 12.5 + 3.2 ms and 15.9 + 3.6 ms, respectively. A

comprehensive replication comparison of the eHTN cohort is provided in Supplementary S6.

Figure 5 summarizes the main atlas-based findings for the eHTN and healthy cohorts: (a) the
mean 3D prevalence of PMJs on the eHTN cohort; (b) the mean gk prevalence difference
between eHTN and healthy atlases; and (c) the AgR classes prevalence differences. A complete
atlas-like analysis of the eHTN cohort can be found on Supplementary S7. Regarding PMJs
distribution, as can be observed in Figure 5a, the main PMJs hotspots identified on the healthy
atlas are preserved on the eHTN subgroup, including a broader spectrum of PMJ locations. At
segment-level, PMJ prevalence did not differ between cohorts (Wilcoxon signed-rank, p = 0.62;
sign test 14—/12+, p = 0.62, true LV and RV apex and segments without PMJ discarded for the
comparison, Supplementary S8.1). Phase-wise comparison across defined segments revealed a
significant reduction of the Late-phase fraction in eHTN (median A =—7.89 pp, Wilcoxon pagj =
0.021), directionally consistent across 17 of 22 segments (sign test pagj = 0.068, LV and RV true
apex and segments with non PMJ excluded). The displaced mass redistributed predominantly

toward the Mid-early phase (median A =+5.10 pp), though not reaching significance after
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correction (paqj = 0.098). Early and Mid-late fractions were unchanged (See Supplementary

S8.2).

a) eHTN PMJs location prevalence b) Mean g, differences
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Figure 5. Atlas-based localization of early-stage hypertension (eHTN)-associated electrophysiological
remodeling. (a) Three-dimensional endocardial representation of the joint mean anatomy showing the spatial
density of Purkinje-myocardial junction (PMJ) hotspots across the left ventricle (LV) and right ventricle (RV) for
eHTN cohort, with color intensity reflecting local PMJ prevalence. (b) Point-wise difference maps (eHTN minus
healthy) of slow delayed rectifier potassium current conductance scaling factors (gks), displayed on the
flattened biventricular epicardial representation of the joint mean anatomy. Blue indicates lower gks in the
eHTN cohort and red indicates higher gks. (c) Point-wise difference maps of aging repolarization (AgR)
compensation class prevalence on the flattened biventricular epicardial representation of the joint mean
anatomy, shown from left to right for AGR" prolongation (red), AgR™ neutral (green), and AgR* shortening (blue).
Positive values (colored) indicate higher prevalence in the eHTN cohort and negative values (greyscale)
indicate lower prevalence relative to the healthy atlas; differences within £2 percentage points (pp) are

rendered transparent to suppress noise-like variation. The black line indicates the LV-RV insertion. The
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anatomical orientation of the flattened epicardial representation is indicated by the inset schematic, where RV

and LV denote right and left ventricles, respectively, and A and | denote anterior and inferior regions.

Figure 5b highlights the gk regional differences between the mean eHTN map and the healthy
one, where blue denotes reduction from healthy to eHTN and red increment. From those
differences can be identified a reduction of gk, values particularly on the RV. However, no
previously defined region reached statistical significance with respect to healthy values (all pag
> 0.05, Supplementary 8.3), and a sign test on the regional median differences was not
significant (11 of 15 regions reduced, p = 0.119). Lastly, Figure 5S¢ illustrates the AgR
prevalences classes difference between the eHTN and healthy cohorts. Increase in prevalence of
each class is defined by colored regions, while downgrade by grayscale. Comparison of AgR
class prevalences revealed a general increment of AgR', with 12 out of 15 ventricular regions,
previously defined in Table 2, showing prevalence increment (sign test, paqj = 0.0015), as
consequence AgR! prevalence was reduced in 11 out of 15 regions (pasj =0.086). Regionally,
AgR prevalence is mostly accumulated on the basal regions of the RV and inferior and anterior
LV walls (Figure 5c¢), expanding the prevalence pattern reported in the healthy cohort (Figure
4a), transferred from the AgR™ class. In contrast, AgR'is mostly reduced on the RV (Figure 5¢)
and transferred to the AgR™ class (Figure 5c¢). No statistically significant difference was
observed between the distribution of proportions of AgR per ventricular region between healthy

and eHTN cohorts (all pagj >0.05, Supplementary S8.4)

Discussion

This study presents the first population-scale 3D EP atlas of healthy cardiac aging, providing a
normative reference for ventricular conduction properties, endocardial activation sequences, and
regional repolarization heterogeneities in a rigorously selected cohort of community-dwelling
adults aged 75+. Its central finding is that healthy cardiac aging at age 75+ produces

electrophysiologically structured, spatially consistent remodeling that is computationally
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distinct from the assumptions embedded in standard adult cellular models. Three findings
support this conclusion: every participant required an aging-specific repolarization adjustment;
the population-level PMJ distributions were structured and extended classical anatomical
descriptions to a living older cohort; and the repolarization heterogeneities were spatially
coherent, concentrating where the baseline repolarization burden was highest. Grounded in the
unique MyoFit46 birth-cohort design and a deterministic CMR-ECGI mapping framework that
directly translates multimodal clinical data into subject-specific DTs, the atlas provides a
principled baseline against which early-stage remodeling in eHTN participants was assessed as

an atlas-based application.

Of the 505 MyoFit46 participants, only 30 met the inclusion/exclusion criteria for the healthy
reference subgroup, with LGE burden and hypertension as the two main exclusion drivers. This
attrition itself reflects how rare a clinically healthy phenotype is at age 75+. Even so, the atlas
revealed that the AgR layer was required in every one of the 30 participants, demonstrating that
standard adult cellular models do not adequately reproduce the repolarization dynamics of
healthy aging hearts and that explicit age-related ionic remodeling is systematically necessary in
this population. This confirms that the electrophysiological remodeling associated with aging,
including accumulation of senescent cells'* and Ca** pathway dysregulation®, induced
repolarization dynamics distinct from those captured by the young adult O’Hara-Rudy healthy
cardiomyocyte model****, Critically, standard adult cellular formulations may systematically
underestimate or mischaracterize repolarization-dependent outcomes in this age group during in
silico cardiac safety pharmacology, as recently demonstrated for age-related hormonal decline

in drug trial frameworks™.

The AgR requirement having been established, the next question is where age-related
remodeling accumulates and how it relates to the underlying repolarization landscape. Spatially,
the AgR layer did not introduce independent remodeling patterns but rather reinforced and
extended the heterogeneities already encoded in the baseline gks. The baseline layer captured the

dominant pattern: an apex-to-base gradient with higher values at the apex progressively
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decaying toward the base in both the LV and RV, pattern previously observed on healthy young
individuals*®*’. In addition, the principal component analysis revealed secondary transverse
gradients from the RV anterolateral to the LV inferolateral walls, a pattern not previously
reported to our knowledge, suggesting a level of repolarization complexity only accessible
through the 3D atlas approach, but not strictly related to aging. The AgR layer specifically
encoded: AgR' concentrated at the RV apex where gxs was highest, and AgR' concentrated at
the base where gks was lowest. This additive behavior suggested that age-related remodeling
accumulates preferentially in regions already carrying the highest repolarization burden. The LV
lateral wall was the region least affected by age-related repolarization remodeling. Together,
these spatial findings demonstrate that healthy cardiac aging produces structured, anatomically
consistent repolarization heterogeneities rather than diffuse or random remodeling, with

implications for how age-related substrates are spatially represented on the aging heart.

These spatially structured repolarization heterogeneities were not uniform across the cohort.
Beyond the spatial patterning of age-related remodeling, the atlas revealed significant sex
differences in both repolarization layers, with gks and AgR scaling factors both significantly
higher in females than males. This pattern is consistent with sex-specific ion channel expression
in the cellular model, with longer action potential durations in females**. However, age-related
decline in sex hormones attenuates these differences in elderly cohorts®®, reducing the
shortening and lengthening effects of testosterone and estrogen on action potential duration!?.
As a result, the larger scaling adjustments required in females reflect not only an intrinsic sex
difference in repolarization but also the compounding effects of age-related hormonal changes,
highlighting a potential life-course interaction with implications for sex-stratified risk

assessment in older adults®.

The atlas characterized the most prevalent activation sequences in this healthy aging population,

revealing consistent population-level PMJ distributions that closely aligned with the classical ex

1.32

vivo mapping of Durrer et al.’>. LV initial activation predominantly originated in the basal

anterior regions, corresponding to Durrer's high anterior para-septal area, which extends toward
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the anterior papillary muscle, and propagated toward the inferior and lateral walls, where the
majority of late-activated LV PMJs were located. A concentrated PMJ hotspot emerged on the
mid inferior wall in over 35% of participants, anatomically corresponding to the posterior
papillary muscle insertions and lying near Durrer's posterior para-septal area. Beyond these
primary hotspots, the remaining LV PMJs were broadly distributed, reflecting the dense nature
of the left Purkinje Network. In contrast, the RV displayed a distinct base-to-apex activation
sequence driven by five highly structured PMJ hotspots — three clustered along the lateral wall
and two on the mid-inferolateral and mid-anterolateral walls — consistent with the structural
insertions of the moderator band into the RV free wall*’. These RV findings expand upon
Durrer's initial observation of early RV activation near the anterior papillary muscle®?, providing
a more granular, population-level map of in vivo RV free-wall insertions. Together, the PMJ
atlas provides the first population-scale in vivo map of healthy aging activation sequences,
extending classical ex vivo anatomical descriptions to a living older age cohort, although septal

and basal coverage remains inherently limited by the ECGI inverse solution.

As a proof-of-concept, the framework was applied to an age-matched eHTN subgroup from
within the MyoFit46 cohort, capturing participants at an early disease stage, meeting guideline
criteria for a diagnosis of hypertension but without overt target organ damage. This eHTN
subgroup allows us to show the atlas’ ability to identify subclinical, function-level
electrostructural remodeling at the early stages of hypertensive heart disease. The in vivo
replication by the DTs and the generated structural scaffold of the atlas was preserved between
cohorts. Cohort characteristics —except blood pressure measurements—PMJ distributions across
segments and the apico-basal gk, gradient did not differ significantly from the healthy reference.
Despite the absence of structural remodeling in the eHTN group, a global transition from AgR*
toward AgR" was found, indicating a directional shift toward action potential prolongation that
has previously been linked to hypertensive remodeling*'**. Additionally, this atlas-based
comparison further localized that remodeling to the basal regions, most pronounced in the RV.

These regions may correspond to sites more susceptible to arrhythmogenic events** and, given
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the established link between higher life-course blood pressure and myocardial fibrosis in this
cohort * potentially to early fibrotic remodeling. Additionally, a redistribution of PMJ
activation from late toward mid-early was observed, indicating an earlier-weighted activation
pattern; although PMJ remodeling and altered activation have been reported in murine
hypertensive pressure overload® the specific mechanistic correlate of this redistribution remains

to be established.

Beyond this study, the atlas provides a non-invasive framework to differentiate age-related
changes from early pathological remodeling, relevant for preventive cardiology in older adults.
Its encoded statistical distributions also position it as a generative resource for synthetic aging
populations, enabling virtual cohorts for in silico cardiac safety pharmacology and clinical
trials, and as an informed prior for DT personalization, reducing the parameter search space to

guide pacing-site selection or ablation strategies in the elderly.

The scientific findings described above rest on the fidelity with which the personalization
pipeline reproduced in vivo EP across the cohort. Applied to the 30 healthy MyoFit46
participants, the pipeline replicated in vivo epicardial dynamics with AT-RMSE and RT-RMSE
below the clinical uncertainties reported for ECGI against invasive electroanatomical mapping
(i.e., 24 ms for AT and 51ms for RT)*. LV replication showed higher fidelity than the RV, with
the largest discrepancies at basal and RV-LV insertion regions, which are prone to ECGI
reconstruction artefacts*’ and coincide with the blind spots identified during in silico
verification. The slower RV activation reflects the pipeline's homogeneous CV assumption,
which can produce local errors in a cohort with regionally heterogeneous aging-related
conduction'>!7. A consistent cohort-wide CV underestimation was also observed, reflecting the

sequence-dependent nature of apparent CV measured from epicardial ECGI data®®.

Several limitations qualify these findings beyond the methodological constraints already
discussed. While 30 subject-specific DTs represent a significant computational cohort, a larger

multi-ethnic sample will be needed to make these findings fully generalizable across
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populations. A sex-balanced younger healthy CMR-ECGI cohort would also allow these
findings to be quantified directly against a younger baseline, reinforcing their age-specificity.
Regarding the ECGI inverse solution, inherent constraints in spatiotemporal resolution and
blind spots in the interventricular septum and deep intramural layers limit activation and
repolarization coverage in these regions, with any local depolarization errors potentially
absorbed into the estimated repolarization factors. Regarding repolarization, the personalization
targeted only gks and AgR scaling; other ion channel conductances known to contribute to
repolarization dynamics were not modelled, and transmural homogeneity of repolarization
properties was assumed throughout. Importantly, the AgR scaling factor represents a
computational surrogate for the net ionic remodeling required to reproduce the observed
repolarization dynamics — it should not be interpreted as a direct tissue-level identification of
gk: remodeling. Finally, as with any ECGI-based personalization strategy, the estimated
electrophysiological parameters represent a plausible solution consistent with the observed

surface data rather than a unique ground-truth characterization of each individual's EP.

Expanding this study to the full MyoFit46 cohort (n=505) would provide a more comprehensive
portrait of the 75-year-old human heart, with greater statistical power to resolve population-
level heterogeneity and sex-specific aging trajectories, and is expected to incorporate additional
clinical data such as extracellular volume measurements and quantitative stress perfusion that
could further refine myocardial tissue characterization. Building on this expanded normative
reference and on the proof-of-concept comparison against an age-matched eHTN cohort
presented here, future studies will scale the proposed personalization pipeline to broader clinical
populations and life-course trajectories to quantitatively distinguish healthy aging repolarization
from early pathological remodeling. Finally, future iterations of the pipeline should optimize the
assessment of septal and basal regions and include enhanced cellular- and tissue-level

characterization to achieve a more faithful representation of individual participants.

This work establishes the first 3D normative electrophysiological DT atlas of healthy cardiac

aging. Using the MyoFit46 birth cohort alongside quasi-simultaneous CMR-ECGI and a direct
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sequential mapping framework, we reconstructed subject-specific conduction properties,
activation sequences, and regional repolarization heterogeneities across community-dwelling
adults aged 75+. Population-level analysis revealed structured PMJ distributions consistent with
classical anatomical landmarks, distinct apico-basal repolarization gradients, and spatially
consistent AgR patterns that accumulate preferentially in regions of highest repolarization
burden. Every participant required AgR personalization, confirming that healthy aging hearts
are not well described by standard adult cellular computational models, with direct
consequences for in silico DTs of older adults. Together with the first population-scale maps of
activation and repolarization heterogeneity in a healthy elderly cohort, these findings establish a
quantitative normative reference for the aging heart. Applied to an age-matched eHTN cohort,
the atlas localized coherent subclinical electrophysiological deviations in the absence of
structural remodeling, demonstrating its capability to assess pathological trajectories in older

adults.

Methods

The proposed methodology encompasses three main components: (i) the MyoFit46 study
population and the selection criteria for the healthy aging and eHTN cohorts; (ii) the DT
personalization pipeline, including the integration of multimodal clinical data and the modeling
of electrophysiological properties; and (iii) the pipeline verification and statistical methods used

for atlas generation.

MyoFit46 Study Population

MyoFit46 (www.myofit46.com; https://www.clinicaltrials.gov; Unique identifier:
NCT05455125) is the cardiovascular sub-study of the Medical Research Council National
Survey of Health and Development —a prospective, longitudinal birth cohort study. Originally
5,362 participants (53% females) born the same week of March 1946 in England, Scotland and

Wales were included**°. Over the last decade, multiple data collection waves have tracked
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early-life exposures, cardiometabolic risk factors, and the emergence of multimorbidity through
continuous medical and social follow-up’!>2. As part of the latest data collection wave at age
75+, a subset of 505 individuals was recruited for the MyoFit46 sub-study to investigate how

life-course trajectories impact cardiovascular health and longevity.

Clinical data acquisition and processing

Participants of the MyoFit46 study underwent detailed clinical phenotyping, including 3 Tesla
single-magnet quantitative stress perfusion contrast CMR (Siemens Prisma) combined with
256-lead high-resolution ECGI using a bespoke CMR-ECGI vest engineered at University
College London’?. For CMR dataset collection protocols, we refer the readers to the following

publications***,

ECGI data were processed using the methodology described by Webber et al.>’, with previously
reported validation and reproducibility of the full analytical pipeline®®. Briefly, body surface
potentials were signal-averaged and combined with subject-specific heart—torso geometries
derived from CMR to solve the inverse problem of electrocardiography. Epicardial potentials
were reconstructed on a subject-specific mesh using a previously validated regularized inverse
solution framework>*3¢, yielding unipolar epicardial electrograms and corresponding activation
and repolarization maps. AT was defined as the interval from earliest epicardial activation to the
maximum negative derivative of the QRS complex in each unipolar epicardial electrograms. RT
was identified as the point of maximum derivative of the T wave, and ARI was calculated as RT

minus AT.

MyoFit46 was approved by the London Queen Square Research Ethics Committee (reference:
19/L0O/1774; Integrated Research Application System reference: 254776). All participants
provided written informed consent to take part in the study, and for their data to be stored

electronically in accordance with the 2018 Data Protection Act.
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Healthy aging group selection

While the broader MyoFit46 cohort encompasses a wide range of lifestyles and health states, the
present study aims to characterize healthy cardiac aging. Therefore, a specific healthy aging
subgroup was selected based on rigorous inclusion and exclusion criteria. Selected participants
were required to be in sinus rhythm with no known cardiovascular disease, preserved LV
ejection fraction (> 55%), minimal fibrosis (LGE burden < 2% of total LV mass), normal
systemic pressure, and free of major metabolic and respiratory comorbidities. Individuals with
cardiac implantable electronic devices, renal failure, or high-grade atrioventricular blocks were

deemed ineligible. Full criteria are detailed in Supplementary S9.

Early-stage hypertensive aging group selection

As a proof-of-concept, an eHTN aging group was selected from within the MyoFit46 cohort
following the same inclusion and exclusion criteria as for the healthy aging group, with the sole
exception of the systemic blood pressure criteria. For inclusion, participants were required to
have a documented history of hypertension, elevated systolic or diastolic arterial blood pressure
reading, or be receiving antihypertensive drug therapy. The resultant eHTN group thus captures
early-stage hypertension without overt target organ damage (minimal if any detectable
hypertrophy, LGE < 2% of LV mass and preserved LV ejection fraction). This carefully selected
subgroup enables us to study the early electrophysiological sequelae of hypertension, free of

confounding from structural cardiomyopathy.

Digital Twin Personalization pipeline

This subsection details the pipeline developed to translate multimodal clinical data into subject-
specific electrophysiological DTs. The following segments describe: the integration of
anatomical and tissue-characterization data from cine and LGE-CMR; the processing of ECGI-
derived maps; and the mechanistic modeling approach used to personalize myocardial CV,
activation sequences, and regional repolarization heterogeneities. A schematic overview of the

complete personalization workflow is presented in Figure 6.
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Figure 6. Comprehensive pipeline for digital twin personalization. The workflow comprises three sequential
stages: (Left) Activation Personalization: estimation of the electrical diffusion tensor (D) from
electrocardiographic imaging (ECGI)-derived conduction velocity (CV) and identification of the subject-specific
activation sequence via reverse propagation and Purkinje-Myocardial junction (PMJ) detection. (Center)
Baseline Repolarization: estimation of regional gks scaling factors from discrepancies between simulated and
ECGI-derived activation-repolarization intervals (ARIs). (Right) Aging Repolarization (AgR): additional
adjustment applied to regions where gks reached its physiological bounds, encoding the direction of action
potential duration adaptation required. All stages incorporate subject-specific sex, D, and heart rate. AT:

activation time; gKs: slow delayed rectifier potassium current conductance scaling factor.

Multimodal clinical data integration

Subject-specific anatomy was reconstructed from manual segmentation of the LV and RV
endocardial and epicardial borders on end-diastolic cine CMR short- and long-axis images.
Segmentations were performed using 3D Slicer (version 5.6.1)°7 by one trained reader (MW,
CMR Level III) and subsequently validated by a separate experienced cardiac imaging expert
(GC, CMR Level III). The obtained masks were processed and, when necessary, realigned via
rigid transformation to generate a contour-based representation of the participants’ biventricular
anatomy. Lastly, we applied a mesh morphing algorithm, based on B-spline deformations, to
adapt a reference biventricular model to the subject-specific contours by minimizing surface-to-

surface distance.
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LGE data were acquired using a free-breathing, motion-corrected balanced steady-state free
precession sequence with phase-sensitive inversion-recovery to acquire a left ventricular short-
axis stack. Following acquisition, the LGE images were analyzed by a single reader blinded to
clinical data using ADAS3D (ADAS3D Medical, Barcelona, Spain version 2.12) and segmented
using the 3 standard deviation method>’; as a result, a 3D representation of the subject-specific
LGE burden was obtained. Then, we applied the mesh morphing algorithm to adapt

reconstructed 3D LGE burden to previously reconstructed end-diastolic heart.

Lastly, ECGI AT maps were processed using a spatiotemporal post-processing step based on the
combination of local activation-time gradient thresholds with amplitude-weighted timing of
candidate negative deflections to enforce physiologically coherent activation patterns, reducing
the artificial ECGI lines of block caused by the inverse ECGI solution®®¢!. Once filtered, as was
done with the LGE, ECGI epicardial data was registered, using the mesh morphing algorithm, to
the end-diastolic anatomy reconstructed from the cine-CMR. A schematic overview of this

integration workflow is provided in Supplementary S10.

Electrophysiological modeling

Cardiac electrophysiological modeling framework follow the strategy described by Gonzalez-
Martin et al,*? using the monodomain formulation® for the tissue level propagation and the
O’Hara—Rudy as the cellular model**. We employed the modified version of the O’Hara—Rudy
formulation proposed by Passini et al.** with ion-channels conductance adjusted according to
Dutta et al.%. In addition, sex-specific ion-channel expression patterns were incorporated based
on participants’ sex, following the modifications described by Yang and Clancy>*. At the tissue
level, transmural myocyte heterogeneity was represented by dividing the ventricular wall into
three layers of equal thickness—endocardial (33%), mid-myocardial (33%), and epicardial
(33%)—each assigned distinct electrophysiological and cellular properties®*%. Finally,
myocardial fiber orientation was prescribed using the rule-based method described by Doste et

al.*’. Propagation properties were personalized by estimating subject-specific myocardial
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apparent CV from ECGI-derived activation maps (see Section 2.2.2.1). These estimates were
used to adjust the electrical diffusion tensor (D) of the monodomain model, with diffusion

aligned to the myocardial fiber direction (Dy) and a three-fold reduction prescribed in the

transverse directions.

The personalization of these electrophysiological properties proceeds through three sequential
stages, as illustrated in Figure 6: (i) estimation of subject-specific D from ECGI-derived CV;
(i1) determination of the activation sequence through ECGI epicardial activation time map
processing; and (iii) characterization of regional repolarization heterogeneities through

calibration of potassium channel conductances. Each stage is detailed below.

Estimation of apparent conduction velocity

Local apparent CVs were derived from the ECGI epicardial activation map using the inverse-
gradient approach®. To avoid artefacts related to inverse reconstruction uncertainty, spatial
regularization and contiguous breakthroughs, CV values were filtered to exclude
physiologically implausible measurements (i.e., below 0.05 m/s or above 2.5 m/s)%. Because
CV is an emergent property rather than an explicit parameter in the monodomain formulation,
the median apparent CV was translated into the tissue’s D. This translation was performed using
a pre-established second-order polynomial relationship derived from benchmark simulations
(detailed in Supplementary Material S11). To reduce sensitivity to local noise and
reconstruction variability, a homogeneous myocardial CV was assumed, except in dense scar

regions identified by LGE, which were modelled as non-conductive tissue (Dy=0)".

Estimation of electrical activation sequence

Subject-specific activation sequence estimation was derived from the ECGI epicardial activation
map. The procedure comprises two main steps: (i) estimation of the endocardial activation map;
and (ii) identification of PMJ locations and their corresponding time of activation. A schematic

can be found in Figure 7.
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Figure 7. Flow diagram illustrating the estimation of subject-specific myocardial electrical diffusion (D)
and the electrical activation sequence. Processed electrocardiographic imaging (ECGI)-activation times
data (red oval) drives two parallel estimation streams. Down the left column, the median apparent conduction
velocity (CV) is extracted and translated, via pre-established correlation, into the subject-specific D (blue
parallelogram). Moving rightward, the epicardial activation times (ATs) are mathematically inverted (AT;") and
used as the input sequence for a reverse propagation (RP) simulation (i.e., from epicardium to endocardium).
This simulation, which incorporates the previously estimated D, generates a reverse activation pattern (AT(RP))
that is inverted a second time (/TT"L) to approximate the endocardial activation map. Finally, Purkinje-Myocardial
junctions (PMJs) are identified from this estimated endocardial map to output the final subject-specific

activation sequence (blue oval).

To approximate subject -specific endocardial activation, we implemented a reverse-propagation
strategy as a pragmatic modeling approach for sequence inference. This approach exploits the
approximate spatial reversibility of wavefront propagation in a medium with relatively
homogeneous conduction properties: by inverting the epicardial activation times from the ECGI
and propagating it backward through the myocardium — incorporating fiber orientation and
subject-specific CV— the resulting map provides a first-order surrogate of endocardial
activation times. While anisotropy and boundary effects preclude exact reversibility, the
feasibility of this assumption was assessed through dedicated verification tests. The resulting

activation-time map, after the reverse-propagation simulation, was inverted a second time so
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that the latest-activated regions became the earliest, yielding an approximation of the

endocardial activation pattern.

Following the estimation of the endocardial activation map, we applied the methodology
proposed by Barber et al.”! to identify self-activated regions from electroanatomical mapping or
estimated endocardial maps, in this case applied to our estimated endocardial activation maps.
Owing to limited electrophysiological detail in the septal region (that is inherent to all epicardial

ECGI maps), this area was excluded from the activation sequence estimation.

Estimation of repolarization regional heterogeneities

Regional repolarization heterogeneities were estimated via a two-step process. In the first stage,
repolarization properties were tuned by modulating the local expression of the slow delayed
rectifier potassium current, represented by a scaling factor (gks). As previously reported in the
literature®’, this conductance was selected due to its spatial heterogeneity across the
myocardium’?, making it the most suitable conductance parameter for capturing regional
repolarization differences. To prevent physiologically unrealistic conductances, this scaling was
constrained between 0.2-fold and 4.0-fold of the baseline value consistent with and moderately
extending the inter-subject variability in gk, derived from gene expression data in healthy
human ventricles®*”*", Following an initial simulation, using the personalized D and activation
sequence, local discrepancies between the in silico and ECGI-derived ARIs were measured.
These differences were translated into epicardial gk, scaling factors using a pre-established
relationship that accounts for the participant's sex, heart rate, and D as detailed in

Supplementary Material S12.

Because extreme ARIs were observed in the in vivo ECGI data, an additional AgR layer was
introduced to capture the pronounced electrophysiological remodeling associated with
aging®!'>!4, This second calibration step was exclusively applied to regions where the gk scaling
factor had reached its predefined boundary constraints, as these regions could not be further
adjusted through the baseline personalization alone. In those regions, a local scaling factor was

applied to gk as an effective computational surrogate to achieve the required action potential

32



duration calibration’. Importantly, this gk, scaling does not imply an underlying tissue-level
change in this current specifically; rather, it serves as a surrogate for the net ionic remodeling
needed to reproduce the observed AgR dynamics in regions where the baseline personalization
had reached its physiological limits. The direction of this calibration defines the AgR class of
each region: AgR! where action potential duration shortening was required (i.e., gk > 1), AgR™
where no further modification was needed (i.e., gk = 1), and AgR" where action potential
duration prolongation was required (i.e., gkr < 1). This second calibration followed the same
methodology as gks, utilizing the discrepancies from a second simulation that already
incorporated the personalized gks adjustments. Finally, the optimized epicardial gks and gk
distributions were propagated through the ventricular wall assuming a homogeneous transmural

gradient. A description of this pipeline is provided in Figure 6.

Computational framework

Electrophysiological DTs were solved using the supercomputer MareNostrum V (Barcelona
Supercomputing Center, Barcelona, Spain) with the simulation engine Alya’®. Alya is a high-
performance finite element software developed at the Barcelona Supercomputing Center and

ELEM Biotech S.L., designed to solve complex coupled multiphysics and multiscale problems.

Pipeline verification

Pipeline accuracy was assessed through six synthetic benchmark tests using forward-simulated
DTs with prescribed CV, activation sequences, and repolarization properties as ground truth.
Tests spanned three CV values covering the interquartile range of ECGI-derived measurements,
two activation strategies (Durrer-based*? and Purkinje-based PMJs?*, and two repolarization

t37

patterns for both gks and gk, (apex-to-base gradient’’ and a Voronoi distribution). Detailed test

specifications and evaluation metrics are provided in Supplementary S13.
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Healthy population replication and characterization

Following verification, the personalization pipeline was applied to the selected healthy
MyoFit46 participants. Replication accuracy was assessed across three aspects consistent with
the verification framework: apparent CV and epicardial activation and repolarization maps
replication. Agreement between in silico and ECGI-derived epicardial dynamics was quantified
using pointwise AT-RMSE and RT-RMSE and further characterized through normalized CDFs
of AT and RT, which describe the temporal distribution of epicardial activation and recovery

across the cohort.

To support population-level DTs characterization, reconstructed anatomies were used to build a
statistical shape model. Because all subject-specific biventricular meshes were generated by
morphing a common reference template, point-to-point correspondence was inherently
preserved across the cohort. The anatomies were rigidly aligned using Generalized Procrustes
analysis, and the resulting average coordinate representation, referred to as the MHA, was used
to construct a spatial atlas by mapping both the regional repolarization properties and the
activation sequence (i.e., PMJs locations and time of activation). This common framework
enabled population-level analyses of regional repolarization heterogeneities variability and the
identification of prevalent PMJ locations. Regional repolarization heterogeneities, mapped onto
the MHA, were initially analyzed at a higher level using segment—based distributions: whole
ventricles (LV, RV), longitudinal levels (basal, mid, apical) and circumferential regions (lateral,
inferior, anterior) within each chamber. Subsequently, principal component analysis was applied
to characterize dominant spatial modes of inter-subject variability. To characterize the spatial
distribution of the AgR layer, each epicardial point was assigned to its AgR class (AgR'", AgR',
AgR”) as defined above, based on the direction of action potential duration adaptation encoded
by the estimated gk.. These classes were analyzed in terms of prevalence on the cohort.
Similarly, activation sequences were analyzed in terms of the prevalence of PMJs per segment,
as well as on the MHA using spatial kernel density estimation. When analyzing PMJs time of

activation we normalized the activation times from 0 to 100% scale to remove the variability in
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activation time, where 0% represents the first PMJ activated from each participant and 100% the
last PMJ activated. In addition, we have defined four groups representing the early activation

(<25% relative activation), mid-early (25-50%), mid late (50-75%) and late activation (>75%).

For visualization of the characterization, we used the standard American Heart Association 17-
segment model for the LV, extended with 13 supplementary RV segments, 4 segments each at
the basal, mid, and apical rings, plus a true RV apex. In addition, we employed a 2D flattened
representation of the joined LV and RV epicardium following the strategy described by Soto-

Iglesias et al.”’.

Identification of eHTN trajectories

As a proof-of-concept application, the same personalization and characterization framework
was applied to an age-matched eHTN subgroup of the MyoFit46 cohort to localize where
hypertension-associated remodeling departs from the healthy aging baseline. To enable point-to-
point comparison, healthy and eHTN anatomies were jointly aligned through Generalized
Procrustes analysis, yielding a joint mean anatomical representation onto which PMJ locations
and activation times, gks scale factors, and AgR classes were mapped as described above. For
each of these outputs, group-level distributions within the eHTN subgroup were computed
following the procedure used for the healthy cohort, and point-wise difference maps (eHTN
minus healthy) were derived on the new mean anatomy to localize inter-group divergences.
Between cohort regional comparisons were performed using the same regions defined on the

healthy atlas. The true LV and RV apical segments were excluded from the analysis.

Statistical analysis

Statistical analyses were performed in Python (version 3.14) using SciPy and statsmodel
libraries (v1.17.1 and v0.14, respectively). Continuous variables are reported as median
[interquartile range]. Comparisons between two independent groups used the Mann—Whitney U
test. Within-subject comparisons of regional gks and AgR values used the Wilcoxon signed-rank

test for paired two-group comparisons and the Friedman test as omnibus for three-group
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comparisons, followed by post-hoc pairwise Wilcoxon signed-rank tests when the omnibus
yielded p < 0.05. The Benjamini—Hochberg false discovery rate procedure was applied within
each analytical family: all variables of each demographics table, and all post-hoc pairwise
comparisons within each regional analysis. To assess the global directional consistencies, a sign
test (two-sided binomial test against p = 0.5) was applied. A p-value < 0.05 was considered

statistically significant.

Data availability

National Survey of Health and Development data are available from https://nshd.mrc.ac.uk/. For
MyoFit46 collaborations, please access http://www.myofit46.com/. For data queries, please
contact mrclha.swiftinfo@ucl.ac.uk. ELEM Biotech owns the commercial rights to Alya, the
computational finite element solver employed in this study. The methodology can be replicated
using any finite element solver given all the models’ information provided in this paper. The
data generated and analyzed during this study are proprietary to ELEM Biotech and cannot be
publicly shared due to commercial confidentiality. However, access to the data may be

considered on a case-by-case basis. Requests for access can be directed to ELEM Biotech

compliance department (compliance(@elem.bio) and will be subject to a data use agreement

ensuring compliance with relevant regulations and restrictions.
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