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Abstract

Drug-induced QT prolongation remains a central endpoint in early cardiac
safety assessment, but Phase I studies are limited in their ability to character-
ize inter-individual variability and to explore ethically constrained scenarios. We
developed an in silico Phase I trial framework that links human-calibrated ven-
tricular cardiomyocyte populations, multichannel ion-channel block, tissue-level
propagation, physiological interstitial fibrosis, and pseudo-ECG reconstruction
to predict drug-induced QT changes.In the validation compound set, the 4%
physiological fibrosis configuration reproduced clinical QT/QTc responses with
near-zero bias, a mean absolute error of 2.35 ms, and a root mean square error of
3.10 ms. When inter-patient variability was incorporated through a conservative
UB95 endpoint, 60 of 61 validation compounds remained within an ICH-aligned
10-ms upper-bound agreement criterion. Removing physiological fibrosis reduced
concordance from 98.4% to 75.4%, indicating that low-degree physiological tissue
heterogeneity was a key determinant of predictive performance. These find-
ings support virtual Phase I trials as a human-based digital approach for early
QT-focused cardiac safety assessment.

Keywords: Virtual clinical trials, QT prolongation, Cardiac safety, In silico modeling,
Drug development
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1 Introduction

Cardiac safety assessment remains a critical component of drug development, as
drug-induced alterations of ventricular repolarization may lead to clinically rele-
vant QT/QTc prolongation and, in susceptible conditions, life-threatening ventricular
arrhythmias. Within this context, the QT/QTc interval has long been used as a
clinically measurable marker of delayed ventricular repolarization and potential proar-
rhythmic liability, and its assessment is embedded in international regulatory guidance
for both nonclinical and clinical drug development and International Council for Har-
monization of Technical Requirements for Pharmaceuticals for Human use (ICH)[1, 2].
In early clinical development, Phase I studies provide the first controlled opportu-
nity to quantify drug-induced QT/QTc changes in humans under defined exposure
conditions. The regulatory framework has progressively evolved from the traditional
dedicated thorough QT study toward concentration–QTc and exposure–response anal-
yses performed in early-phase studies, provided that ECG quality, assay sensitivity,
and exposure coverage are adequate [2–5]. This evolution has increased the transla-
tional relevance of quantitative QT assessment in Phase I, while preserving its role as
a regulatory decision-support endpoint.

However, conventional Phase I studies remain costly, resource-intensive [6, 7],
and constrained by ethical and logistical limitations. They provide limited access to
inter-individual response variability, cannot systematically explore rare or extreme
electrophysiological conditions, and may be inappropriate in selected therapeutic
areas, such as oncology, where investigational compounds can be intrinsically toxic
and direct testing in healthy volunteers may be ethically restricted [8, 9]. In addi-
tion, animal-based cardiac safety studies are limited by interspecies differences in ionic
currents, repolarization reserve, heart rate, ion-channel expression, and drug sensi-
tivity. These limitations motivate the development of human-based computational
strategies able to complement experimental and clinical evidence during early cardiac
safety assessment, while also aligning with broader efforts to reduce reliance on animal
experimentation where scientifically justified [10–12].

Despite its regulatory relevance, QT prolongation is an imperfect surrogate of
proarrhythmic risk. Drugs with different multichannel electrophysiological profiles may
produce similar QT changes while carrying different torsadogenic liabilities. This lim-
itation motivated the development of more mechanistically informed paradigms, most
notably the Comprehensive in Vitro Proarrhythmia Assay (CiPA), which integrates
multichannel pharmacology, in silico electrophysiological modeling, and complemen-
tary biomarkers to move beyond the traditional hERG/QT-only paradigm [13–17].
These approaches have substantially advanced the mechanistic interpretation of drug-
induced electrophysiological effects, but the direct prediction of clinically measured
Phase I QT/QTc outcomes remains a distinct translational challenge.

Computational cardiac electrophysiology has provided a foundation for addressing
this challenge [18]. Experimentally calibrated population-of-models frameworks have
shown that variability in ionic conductances can reproduce inter-individual differ-
ences in cellular electrophysiology and pharmacological susceptibility [19–21]. Human
in silico drug trials have demonstrated that virtual ventricular cell populations can
outperform animal-based assays in predicting clinical proarrhythmic cardiotoxicity,
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and more recent approaches have incorporated demographic and pharmacokinetic
covariates to refine risk stratification across patient subpopulations [22, 23]. At higher
physiological scales, multiscale and tissue/organ-level simulations have shown that
drug effects can be propagated from ion-channel block to pseudo-electrocardiographic
biomarkers, including QT changes [24–26]. Tissue- and organ-level models, as well as
physics-informed surrogate approaches, have further demonstrated that drug-induced
QT changes can be reproduced with encouraging quantitative agreement against clin-
ical observations [27, 28]. More recently, virtual clinical QT exposure–response studies
based on three-dimensional whole-heart populations and emulator-based approaches
have begun to make such simulations more clinically scalable [29, 30].

Nevertheless, a gap remains between these advances and the practical need
for a digital, Phase I-oriented workflow capable of reproducing clinical QT out-
comes across a broad pharmacological dataset using a regulatorily interpretable
endpoint. Many existing approaches focus on mechanistic biomarkers, such as action
potential duration, early afterdepolarizations, qNet-related metrics, or proarrhythmic
classification, whereas fewer frameworks directly emulate the Phase I logic of com-
paring post-dose QT changes with clinical reference values. The explicit integration
of human-calibrated virtual patients, drug-specific multichannel ionic block, tissue-
level propagation, pseudo-ECG reconstruction, automated QT measurement, and
patient-variability-aware agreement assessment remains comparatively limited [28–31].

Here, we present a virtual Phase I trial framework designed to predict drug-
induced QT prolongation from human ventricular tissue simulations. The framework
links clinically matched free plasma exposure and experimentally derived multichan-
nel pharmacology to human-calibrated virtual ventricular cardiomyocytes embedded
in a tissue substrate incorporating electrotonic coupling and physiological intersti-
tial fibrosis. Drug effects are propagated through monodomain tissue simulations,
pseudo-ECGs are reconstructed using a fixed virtual electrode configuration, and
QT intervals are measured before and after drug administration using an automated
tangent-based method. The resulting simulated ∆QT values are directly compared
with clinical QT/QTc reference data using both mean-level prediction errors and a
conservative patient-variability-aware endpoint based on the upper bound of the 95%
of the confidence interval (UB95)[1, 2].

In this setting, the proposed framework was conceived as a digital cardiac-safety
workflow rather than as a standalone electrophysiological model. Drug-specific phar-
macological information and clinically matched exposure values are transformed into
virtual patient-level QT responses, which are then summarized through trial-like end-
points, including mean ∆QT and a conservative UB95-based agreement criterion.
Accordingly, the aim of this study was not to classify torsadogenic risk through
intermediate cellular biomarkers, but to predict a clinically interpretable QT-based
safety endpoint aligned with early Phase I cardiac safety assessment. By evaluating
the framework across a broad pharmacological dataset and by testing the contri-
bution of physiological interstitial fibrosis through an ablation analysis, we assessed
whether virtual Phase I simulations can reproduce clinical drug-induced QT changes
with sufficient quantitative accuracy and robustness to support early translational
decision-making.
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2 Results

2.1 A digital virtual Phase I workflow for QT-focused cardiac
safety

The proposed framework was designed to emulate the main logic of a Phase I QT
assessment in a fully computational setting. Drug-specific pharmacological inputs,
including clinically matched free plasma exposure and multichannel ion-channel block
parameters, were propagated through a cohort of human-calibrated virtual patients
embedded in a ventricular tissue substrate. For each virtual patient, the workflow gen-
erated matched control and drug-treated pseudo-ECGs, from which patient-level ∆QT
values were automatically extracted. These patient-level outputs were then aggre-
gated into compound-level mean responses and conservative UB95-based agreement
endpoints for comparison with clinical QT/QTc reference data.

This structure allowed the framework to operate as a digital cardiac-safety assess-
ment pipeline rather than as a single-scale electrophysiological simulation. The final
outputs were therefore expressed in the same units and interpretive space as early
clinical QT assessment: drug-induced QT change in milliseconds and agreement with
a 10-ms upper-bound regulatory criterion.

2.2 Drug dataset and clinical validation cohort

The virtual Phase I workflow was evaluated across a broad pharmacological dataset
derived from the Crumb and Kramer ion-channel pharmacology datasets. Overall, 67
compounds were simulated and data are provided in Supplementary Table S3.

Among these, 61 compounds met the predefined eligibility criteria for compari-
son with clinical QT/QTc reference data and were therefore included in the clinical
validation cohort. The remaining six compounds, namely chlorpromazine, diltiazem,
nilotinib, lamivudine, metronidazole, and piperacillin, were simulated but excluded
from quantitative concordance analysis because they did not satisfy the predefined
requirements for Phase I clinical QT/QTc reference data.

The validation cohort included drugs spanning multiple pharmacological classes,
including antiarrhythmics, antibacterial agents, antipsychotics, antidepressants,
antivirals, antineoplastic/endocrine agents, calcium-channel blockers, CNS-active
agents, and other therapeutic categories. The dataset included compounds associated
with QT prolongation, QT shortening, and absence of clinically relevant QT pro-
longation. The complete list of compounds, pharmacological class, regulatory status,
pharmacokinetic input parameters, clinical QT/QTc reference values, and in silico
predictions is reported in Supplementary Table S3.

2.3 Mean-level prediction of clinical QT changes

The primary validation was performed using the ventricular tissue configuration incor-
porating 4% physiological interstitial fibrosis. For each compound, the simulated ∆QT
at 1 × EFTPCmax was summarized as the mean response across the 10 virtual
patients and compared with the corresponding clinical QT/QTc change reported in
the literature.
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Fig. 1 Mean-level QT prediction accuracy of the 4% physiological fibrosis model. Clinical
∆QT/∆QTc values are compared with the mean simulated ∆QT across 10 virtual patients. Vertical
bars indicate inter-patient standard deviation, the solid line represents identity (y = x), and dashed
lines denote ±10 ms visual reference limits around identity. These limits are shown only to aid inter-
pretation of mean-level prediction error and do not replace the UB95-based ICH-aligned agreement
criterion. Points are colored by ion-channel pharmacology dataset.

At the mean-response level, the 4% fibrosis model showed strong quantitative
agreement with the clinical reference values. The global signed bias was approximately
zero (−0.001 ms 95% CI [-0.78, 0.80]), indicating the absence of systematic overesti-
mation or underestimation across the validation cohort. The mean absolute error was
2.35 ms 95% CI [1.85, 2.86], while the root mean square error was 3.10 ms 95% CI
[2.47, 3.70]. The median absolute error was 1.80 ms.

These results indicate that, when the average response of the 10 virtual patients
was considered for each compound, the model closely reproduced the QT/QTc prolon-
gation reported in the corresponding clinical studies. The relationship between clinical
and simulated ∆QT values is shown in Figure 1. Importantly, because this analysis is
based on mean simulated responses, the ±10 ms lines in Figure 1 should be interpreted
only as visual reference limits around the identity line and not as the formal regula-
tory decision criterion. The conservative regulatory assessment was instead based on
the UB95 absolute prediction error, as described in the following subsection.
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2.4 Patient-variability-aware UB95 assessment

While the previous analysis assessed mean-level predictive accuracy, we next evaluated
whether this agreement was preserved under a more conservative patient-variability-
aware regulatory criterion. For each compound, the absolute prediction error was
computed for each of the 10 virtual patients as the absolute difference between the
patient-specific simulated ∆QT and the corresponding clinical QT/QTc reference
value. The upper bound of the 95% confidence interval of the absolute prediction error
(UB95) was then calculated and compared with an ICH-aligned 10-ms upper-bound
agreement criterion.

Using this UB95-based criterion, 60 out of 61 compounds remained within the 10-
ms threshold in the 4% fibrosis configuration, corresponding to an overall conservative
ICH-aligned agreement rate of 98.4%. The mean UB95 absolute prediction error was
4.9 ms, with a median value of 4.4 ms. Only ranolazine exceeded the conservative
threshold, with an UB95 absolute prediction error of 11.5 ms as shown in Figure 2.

The threshold excess, defined as max(UB95 − 10, 0), was close to zero in the 4%
fibrosis configuration. Specifically, the mean threshold excess was 0.04 ms and the
RMS threshold excess was 0.23 ms. These findings indicate that the model remained
within the conservative regulatory agreement margin for nearly all compounds even
when inter-patient variability was explicitly considered.

To verify that this performance was not driven by a specific pharmacological
data source, we performed a source-stratified analysis separating compounds derived
from the Crumb and Kramer datasets. UB95-based ICH-aligned agreement rate
was preserved in both subsets, with 26/27 Crumb-derived compounds and 34/34
Kramer-derived compounds remaining within the 10-ms threshold in the 4% fibrosis
configuration. Therefore, the high overall concordance was preserved despite the use
of ion-channel pharmacology parameters derived from different experimental sources
(Supplementary Table S4).

Finally, to assess whether the UB95-based agreement performance was dispro-
portionately influenced by a specific therapeutic category, we performed a leave-one-
therapeutic-class-out sensitivity analysis. When each therapeutic class was removed
in turn, the UB95-based concordance remained stable, ranging from 98.0% to 100.0%.
Mean UB95 values also remained within a narrow range (3.16–6.82 ms), with median
UB95 values between 2.6 and 6.2 ms. In all leave-one-class-out analyses, the only com-
pound exceeding the 10-ms conservative threshold was ranolazine, except when the
“Other cardiovascular” class, which included ranolazine, was removed. These findings
support that the conservative UB95-based agreement performance was not driven by
any single over-represented therapeutic class (Supplementary Table S5).

2.5 Physiological interstitial fibrosis improves virtual trial
performance

To isolate the contribution of physiological interstitial fibrosis an ablation analysis
was performed by comparing results with the primary 4% fibrosis configuration with
a non-fibrotic configuration. The two models were identical in all other components,
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Fig. 2 Conservative UB95-based regulatory assessment of prediction error. For each compound,
the UB95 of the absolute prediction error across 10 virtual patients was compared with the 10 ms
threshold. Compounds are ordered by decreasing UB95 value; only ranolazine exceeded the threshold
in the 4% physiological fibrosis condition. Points are colored by ion-channel pharmacology dataset.
Drug identities, UB95 values, threshold-excess values, and corresponding ranking are reported in
Supplementary Table S3.

Table 1 Ablation analysis of the contribution of physiological
interstitial fibrosis. The 4% fibrosis configuration was compared
with an otherwise identical non-fibrotic configuration. Mean-level
metrics were computed by comparing the mean simulated ∆QT
across the 10 virtual patients with the corresponding clinical
QT/QTc reference value. UB95-based metrics were computed
from the upper bound of the 95% confidence interval of the
absolute prediction error across the 10 virtual patients.

Metric Non-fibrotic 4% fibrosis
Mean-level predictive accuracy
Bias [ms] 8.09 -0.001
MAE [ms] 9.97 2.35
RMSE [ms] 19.74 3.10
Median absolute error [ms] 4.10 1.80
Conservative UB95-based regulatory assessment
Mean UB95 absolute error [ms] 10.3 4.9
Median UB95 absolute error [ms] 4.4 4.4
Compounds with UB95 ≤ 10 ms 46/61 60/61
Compounds with UB95 > 10 ms 15/61 1/61
Conservative concordance [%] 75.4 98.4
Mean threshold excess [ms] 5 0.029
RMS threshold excess [ms] 15.94 0.23
Rescued compounds - 14
Lost compounds - 0
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including tissue geometry, virtual population, drug-block formulation, pacing pro-
tocol, virtual electrode position, pseudo-ECG reconstruction, and QT-measurement
algorithm. Therefore, differences between the two configurations reflect the effect of
introducing the physiological fibrotic substrate. Importantly, the 4% fibrosis level was
selected before the final model–clinical comparison, based on histological evidence sup-
porting a low-degree physiological interstitial fibrotic content in adult myocardium.
This value was not fitted on a drug-by-drug basis, was not adjusted to minimize
prediction error, and was applied uniformly across all compounds.

Removing physiological fibrosis markedly degraded mean-level predictive accuracy.
The non-fibrotic configuration showed a positive bias of 8.09 ms, indicating systematic
overestimation of drug-induced QT prolongation. In contrast, the 4% fibrosis config-
uration reduced the bias to approximately zero. Similarly, MAE decreased from 9.97
ms to 2.35 ms, and RMSE decreased from 19.74 ms to 3.10 ms after introducing phys-
iological fibrosis. Thus, relative to the ablated model, the 4% fibrosis configuration
reduced MAE by 7.62 ms and RMSE by 16.64 ms.

This improvement was consistent at the compound level. Absolute prediction error
was lower with 4% fibrosis in 49 out of 61 compounds, corresponding to 80.3% of
the validation cohort. Paired statistical testing confirmed a significant reduction in
absolute prediction error with 4% fibrosis, both with the Wilcoxon signed-rank test
(p = 2.916× 10−7) and with the paired t-test (p = 6.891× 10−4). Bootstrap analysis
further supported this improvement, with a reduction of −7.62 ms in MAE [95% CI:
−12.11, −3.94] and −16.64 ms in RMSE [95% CI: −24.42, −7.53].

The effect of the physiological fibrosis was also evident under the conservative
UB95-based regulatory assessment. In the non-fibrotic configuration, 15 of 61 com-
pounds exceeded the 10-ms UB95 agreement margin, whereas only 1 out of 61
compounds exceeded this margin in the 4% fibrosis configuration. Consequently, con-
servative ICH-aligned agreement rate increased from 75.4% to 98.4% after introducing
physiological fibrosis. The mean UB95 decreased from 10.3 ms to 4.9 ms, while the
mean threshold excess decreased from 5 ms to 0.029 ms and the RMS threshold excess
decreased from 15.94 ms to 0.23 ms. These results, summarized in Table 1. indi-
cate that physiological interstitial fibrosis primarily reduced the large conservative
prediction errors that caused threshold exceedance in the non-fibrotic configuration.

The reduction in threshold excess was statistically significant by Wilcoxon signed-
rank test (p = 6.10× 10−5). In the paired threshold-based comparison, 14 compounds
were rescued by the inclusion of 4% fibrosis, moving from above to below the 10-
ms UB95 agreement margin, while no compound became newly non-concordant. This
improvement in threshold-based ICH-aligned agreement rate was significant by exact
McNemar/binomial test (p = 1.22× 10−4).

Ranolazine was the only compound that remained above the conservative UB95
threshold in the 4% fibrosis configuration, with a UB95 absolute prediction error of
11.5 ms. However, even for this compound, physiological fibrosis reduced the threshold
excess from 15.8 ms in the non-fibrotic configuration to 1.8 ms in the 4% fibrosis
configuration.

Overall, this ablation analysis shows that physiological interstitial fibrosis was
a key determinant of the predictive behavior of the framework. Compared with

8



the non-fibrotic configuration, the 4% fibrosis model reduced systematic overestima-
tion, lowered large compound-specific prediction errors, and substantially increased
the number of compounds satisfying the conservative UB95-based 10-ms agreement
criterion.

3 Discussion

In this study, we developed and evaluated a digital virtual Phase I trial framework
for QT-focused cardiac safety assessment. The framework converts clinically matched
drug exposure and experimentally derived multichannel ion-channel pharmacology
into patient-level QT responses generated from human-calibrated ventricular tissue
simulations. Across 61 validation compounds with available clinical QT/QTc refer-
ence data, the framework reproduced drug-induced QT changes with near-zero signed
bias, a mean absolute error of 2.35 ms, and a root mean square error of 3.10 ms.
When inter-patient variability was incorporated through a conservative UB95-based
endpoint, 60 of 61 compounds remained within the 10-ms agreement threshold. These
results indicate that virtual Phase I simulations can reproduce clinically observed QT
responses with both mean-level accuracy and patient-variability-aware robustness.

A central objective of the present work was to move from purely mechanistic
electrophysiological descriptors toward a direct prediction of the endpoint commonly
evaluated in early clinical cardiac safety assessment. Previous in silico approaches
have provided important advances in the prediction of drug-induced electrophysio-
logical effects, including action potential prolongation, repolarization abnormalities,
qNet-related metrics, and proarrhythmic classification. However, the direct repro-
duction of Phase I-like QT outcomes remains challenging because it requires the
integration of drug-specific multichannel block, inter-individual electrophysiological
variability, tissue-level propagation, pseudo-ECG reconstruction, and a reproducible
QT-measurement procedure.

The present framework was therefore designed to preserve this translational chain.
Drug action was introduced through experimentally derived multichannel ionic block,
applied to a heterogeneous population of calibrated human ventricular cardiomyocytes.
These cells were then embedded in a spatially organized ventricular tissue substrate,
allowing electrotonic interactions and tissue-level propagation to influence the final
pseudo-ECG morphology and QT interval. As a result, the simulated output was not
a cellular surrogate of repolarization alone, but a tissue-derived ∆QT that could be
directly compared with clinical QT/QTc changes reported in Phase I studies.

The low mean-level error observed in the 4% fibrosis configuration indicates that
the model was able to reproduce the central tendency of clinical QT/QTc responses
across a heterogeneous pharmacological dataset. Importantly, this agreement was
obtained without using clinical QT/QTc data to calibrate model parameters, tune
the QT-measurement algorithm, select the virtual electrode position, or optimize
the fibrotic configuration. Clinical QT/QTc values were used only as external refer-
ence endpoints for validation. This separation between model construction and model
evaluation is essential for preserving the interpretability of the validation results.
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The primary translational value of the framework is its potential use as a dig-
ital decision-support layer in early drug development. In current cardiac safety
workflows, compounds are evaluated through a combination of in vitro ion-channel
assays, nonclinical models, animal studies, and early clinical evidence. Each of these
sources provides useful information, but none of them alone fully captures human
inter-individual variability in drug-induced ventricular repolarization. The proposed
framework adds a human-based virtual trial layer between experimental pharmacology
and clinical QT assessment. In this setting, drug-specific multichannel pharmacology
and clinically relevant exposure values are propagated through a cohort of virtual
human subjects to generate predicted mean ∆QT , patient-level variability, and a
conservative UB95-based agreement endpoint.

This type of output may be useful at different stages of early translational decision-
making.

Before first-in-human studies, the framework could support compound prioritiza-
tion by identifying drugs likely to produce clinically relevant QT prolongation under
human-like electrophysiological conditions. During early clinical development, it could
help interpret borderline or unexpected QT-related signals by linking multichannel
ion-channel block to tissue-level repolarization changes and pseudo-ECG-derived QT
prolongation. In addition, because the output is expressed in milliseconds and eval-
uated against an upper-confidence-bound criterion, it remains directly interpretable
within the same conceptual space used in clinical QT/QTc safety assessment.

The framework may be particularly relevant in therapeutic areas where standard
Phase I evaluation in healthy volunteers is ethically or practically constrained. This is
especially important for selected oncology drugs or other intrinsically toxic compounds,
for which administration to healthy volunteers solely for cardiac safety characteriza-
tion may be inappropriate. In such cases, early clinical evaluation is often performed
directly in patients, where disease status, concomitant therapies, altered physiology,
and clinical heterogeneity can complicate the interpretation of QT findings. A val-
idated virtual Phase I framework could therefore provide an additional preclinical
layer of human-based evidence, supporting cardiac safety assessment before exposing
patients to potentially toxic compounds.

Importantly, the proposed framework is not intended to replace clinical evidence
or regulatory QT assessment. Rather, it is intended to complement existing evidence
streams by providing a reproducible and mechanistically grounded digital estimate
of QT liability under human-like electrophysiological conditions. Within this per-
spective, virtual Phase I simulations may help refine experimental planning, identify
compounds requiring closer QT-focused evaluation, and reduce reliance on animal
electrophysiology in settings where interspecies translation is known to be limited.

Mean-level agreement provides a useful measure of the central predictive tendency
of the model, but it does not fully capture whether the prediction remains reliable
when inter-patient variability is considered. This distinction is particularly important
in a clinical-trial-like setting, where the interpretation of drug-induced QT/QTc effects
depends not only on the average response, but also on the uncertainty surrounding
that response. Accordingly, international QT/QTc regulatory guidance emphasizes
an upper confidence-bound logic, whereby regulatory concern is associated with the
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upper confidence bound of the drug-induced QTc effect exceeding the 10-ms threshold
[1, 32–35].

For this reason, the present analysis separated two complementary validation lev-
els. Mean-level metrics, including signed bias, MAE, RMSE, and median absolute
error, were used to quantify the quantitative agreement between simulated and clini-
cal ∆QT values. These metrics describe whether the model correctly reproduces the
central tendency of the clinical response across compounds. In contrast, ICH-aligned
agreement rate was assessed using a conservative patient-variability-aware endpoint,
defined as the upper bound of the 95% confidence interval of the patient-level abso-
lute prediction error. The 10-ms threshold was therefore applied exclusively to this
UB95-based endpoint, and not to the mean simulated response.

From a digital-trial perspective, this distinction is essential. A virtual trial should
not only predict the average response of a compound, but also indicate whether that
prediction remains reliable across the simulated cohort. The UB95 endpoint therefore
served as a compact patient-variability-aware output that translated virtual patient
heterogeneity into a clinically interpretable agreement measure. In this sense, the
UB95 criterion allowed the simulated trial to reproduce the upper-confidence-bound
logic commonly used in QT/QTc regulatory safety interpretation, while explicitly
incorporating inter-patient variability generated by the virtual cohort.

Under this conservative UB95-based criterion, the 4% fibrosis model remained
concordant for 60 of the 61 compounds. The mean threshold excess, defined as
max(UB95− 10, 0), was close to zero, indicating that threshold violations were essen-
tially absent across the validation cohort. This result supports that the model was
not only accurate in reproducing the average clinical ∆QT , but also stable when
inter-patient variability was explicitly incorporated into the agreement assessment.

The source-stratified analysis further supported the robustness of the framework.
UB95-based concordance was preserved in both the Crumb-derived and Kramer-
derived subsets, despite the fact that these datasets originate from different experi-
mental pharmacology sources. Therefore, the high overall concordance was preserved
despite the use of ion-channel pharmacology parameters derived from different experi-
mental sources. Similarly, the leave-one-therapeutic-class-out analysis showed that the
overall performance was not driven by a single over-represented pharmacological cate-
gory. When each therapeutic class was removed in turn, the conservative concordance
remained between 98.0% and 100.0%, and ranolazine remained the only compound
exceeding the UB95 threshold except when its own class was removed. These analyses
suggest that the observed agreement was not an artifact of a specific data source or
therapeutic class composition.

A major finding of this study is that the inclusion of physiological interstitial
fibrosis substantially improved the predictive behavior of the framework. The 4%
fibrotic configuration was not chosen by optimizing model performance, but prescribed
a priori from histological evidence of low-degree interstitial fibrosis in healthy adult
myocardium. This is important because the comparison between the non-fibrotic and
fibrotic configurations can be interpreted as an ablation analysis rather than as a
parameter-fitting exercise.
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Removing physiological fibrosis led to a clear degradation in predictive accuracy.
The non-fibrotic configuration showed a positive bias of 8.09 ms, indicating systematic
overestimation of drug-induced QT prolongation. In contrast, the 4% fibrosis configu-
ration reduced the bias to approximately zero and markedly decreased both MAE and
RMSE. The improvement was consistent at the compound level, with lower absolute
prediction error in 49 out of 61 compounds. The paired statistical tests and bootstrap
confidence intervals confirmed that this improvement was not limited to a few isolated
cases.

The same pattern was observed under the conservative UB95-based assessment.
In the non-fibrotic configuration, 15 compounds exceeded the 10-ms UB95 agreement
margin, whereas only one compound exceeded this threshold after introducing phys-
iological fibrosis. Thus, the 4% fibrosis configuration rescued 14 compounds and did
not cause any compound to become newly non-concordant. This finding suggests that
the physiological fibrotic substrate mainly corrected large prediction errors produced
by the ablated non-fibrotic model.

From a mechanistic perspective, this behavior is consistent with the role of
tissue-level electrotonic coupling and fibroblast–myocyte interactions in modulating
repolarization dynamics. A purely cardiomyocyte-based tissue may amplify drug-
induced repolarization changes in a way that overestimates the QT response observed
clinically. The introduction of a low-degree diffuse fibrotic substrate modifies local cou-
pling and tissue-level repolarization patterns, potentially producing a more realistic
pseudo-ECG response. However, this interpretation should be considered mechanistic
support rather than definitive proof. The present ablation analysis demonstrates that
physiological fibrosis is a key determinant of model behavior, but further dedicated
analyses would be required to isolate the exact contribution of fibroblast distribu-
tion, fibroblast–myocyte coupling strength, and conductivity scaling. Accordingly, the
present study should be interpreted as testing the contribution of a physiologically
motivated fibrotic substrate within the proposed virtual Phase I workflow, rather
than as a formal uncertainty analysis over all possible fibrosis burdens and spatial
organizations.

Ranolazine was the only compound exceeding the conservative UB95 agreement
criterion in the 4% fibrosis configuration. This result should be interpreted carefully.
The threshold violation emerged under the conservative UB95 criterion, where both
patient-level variability and the upper confidence bound of the absolute prediction
error were considered. The resulting excess over the 10-ms agreement margin was 1.8
ms, indicating a modest residual discordance rather than a large prediction failure.

A plausible explanation for this residual discordance is pharmacological input
uncertainty. In the present framework, drug-channel interaction parameters were rep-
resented by their reported central values. Specifically, IC50 and Hill coefficient values
were treated deterministically, and the variability associated with their experimental
estimation was not propagated through the electrophysiological model. This simplifi-
cation may be particularly relevant for ranolazine, whose net electrophysiological effect
depends on the balance between multiple ionic currents and may therefore be sensitive
to uncertainty in drug-channel interaction parameters [14, 36, 37]. Small variations in
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IC50 or Hill coefficient values may alter the relative degree of sodium, calcium, and
potassium current block and consequently modify the predicted QT response.

Therefore, the ranolazine result should not be interpreted as evidence of a system-
atic failure of the framework, but rather as an indication that selected compounds
with complex multichannel profiles may require explicit pharmacological uncertainty
propagation. A formal uncertainty analysis was outside the scope of the present study
and should be addressed in future work by sampling IC50, Hill coefficient, protein-
binding, and exposure values within experimentally supported ranges. This would
allow the framework to generate prediction intervals rather than a single deterministic
QT estimate for compounds whose electrophysiological response is highly sensitive to
the balance of multichannel block.

Importantly, ranolazine was also the only compound exceeding the UB95 agree-
ment criterion in the leave-one-class-out analyses, except when the class containing
ranolazine was removed. This reinforces the interpretation that the residual conserva-
tive discordance was compound-specific rather than driven by a broader failure in a
pharmacological category or data source.

Overall, several limitations should be acknowledged. First, the simulations were
performed in a simplified ventricular wedge rather than in a full anatomical heart
model. This choice allowed controlled and computationally tractable tissue-level simu-
lations across a broad pharmacological dataset, but it necessarily limits the ability to
reproduce the full complexity of clinical ECG morphology. For this reason, the recon-
structed signal was interpreted as a pseudo-ECG, and the primary endpoint was the
relative drug-induced QT change rather than the absolute reproduction of a complete
clinical ECG.

Second, the virtual Phase I trial included N = 10 virtual subjects per compound.
This number was intentionally selected to reproduce the scale of a single small dosing
cohort within early Phase I clinical trials, while preserving the computational feasibil-
ity of tissue-level simulations across a broad pharmacological dataset. Therefore, the
resulting UB95 values should be interpreted as patient-variability-aware agreement
metrics within this predefined virtual Phase I cohort, rather than as fully converged
population estimates.[38, 39].

Future work should quantify the convergence of mean ∆QT , UB95, and agreement
rates as larger virtual cohorts become computationally feasible.

Third, the drug-block model was based on a static Hill-type pore-block formu-
lation. This approach is suitable for broad pharmacological screening because it
relies on experimentally available IC50 and Hill coefficient values, but it does not
explicitly describe state-dependent binding, trapping, use dependence, membrane per-
meation, or dynamic drug-channel interactions [37, 40]. These mechanisms may be
relevant for selected compounds, especially those with complex hERG kinetics or
multichannel profiles. Incorporating dynamic Markov formulations for specific drug-
channel interactions may improve prediction accuracy for compounds with complex
electrophysiological behavior.

In the present study, the static Hill-type formulation was selected as a fit-for-
purpose approach to simulate QT changes across a broad set of compounds using
experimentally available multichannel pharmacology data
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Fourth, the present analysis did not propagate uncertainty in IC50 and Hill coef-
ficient values. The drug-block parameters were treated deterministically, even though
patch-clamp experiments may produce variability due to experimental protocol, cell
system, temperature, voltage-clamp conditions, data fitting, and inter-laboratory dif-
ferences. This limitation is particularly relevant because the ionic block profile is one
of the main drivers of the simulated QT response. Future versions of the framework
should incorporate pharmacological uncertainty by sampling IC50 and Hill coefficient
values within experimentally supported ranges.

Fifth, the framework used clinically matched free plasma concentrations derived
from available clinical or pharmacokinetic literature. Although this strategy was neces-
sary to simulate exposure levels corresponding to the clinical QT/QTc reference values,
it introduces uncertainty related to protein binding, molecular weight conversion,
study-specific pharmacokinetics, and differences between reported exposure metrics.
More importantly, the present framework did not explicitly model inter-individual
metabolic variability. Each compound was simulated at a clinically matched exposure
level, but the patient-specific processes determining exposure, including absorption,
distribution, metabolism, elimination, and drug–drug interactions, were not repre-
sented. This prevents the model from predicting how different patients may reach
different free plasma concentrations under the same administered dose.

Sixth, the clinical validation dataset was assembled retrospectively from litera-
ture sources. Although eligibility criteria were defined a priori and compounds were
not selected based on model performance, the available clinical data were hetero-
geneous in terms of study design, QT/QTc correction method, exposure reporting,
subject characteristics, and dosing regimen. In addition, the present validation used
one selected clinical QT/QTc reference per compound rather than integrating multi-
ple clinical studies for the same drug. A more complete retrospective validation would
require harmonized clinical datasets with detailed exposure information, subject-level
covariates, and consistent QT/QTc analysis methods. Without such information, pool-
ing multiple studies per compound may introduce additional heterogeneity unless the
corresponding patient populations and exposure distributions are explicitly modeled.

Last but not least, the number of compounds that can be evaluated by the frame-
work remains limited by the availability of high-quality experimental ion-channel
pharmacology data. Broader application will require additional patch-clamp experi-
ments providing reliable IC50 and Hill coefficient estimates across the main cardiac
ionic currents. Ideally, these experiments should also report uncertainty bounds, proto-
col details, and replicate-level variability, enabling the propagation of pharmacological
uncertainty into QT prediction.

Future developments will focus on three main directions. First, the framework
should be extended to incorporate larger virtual populations and explicit demographic
or physiological covariates, such as sex, age, disease status, and altered repolarization
reserve. This would allow the simulation of subpopulations that are under-represented
or difficult to study in early clinical trials.

Second, the pharmacological module should be expanded beyond deterministic
static pore block. This includes both the incorporation of dynamic drug-channel inter-
action models for selected compounds and the propagation of uncertainty in IC50 and
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Hill coefficient values. A richer pharmacological description would allow the model
to evaluate not only one expected QT response, but also the range of plausible QT
responses resulting from experimentally observed variability in ion-channel block.

Third, the electrophysiological framework should be coupled with population
pharmacokinetic or physiologically based pharmacokinetic models. This represents
a key step toward prospective industrial application. By modeling how individual
patients metabolize and distribute a compound, a PK/PBPK layer could provide
patient-specific free plasma concentration ranges, which could then be passed to the
electrophysiological model to predict QT prolongation. Such integration would shift
the framework from a retrospective validation tool based on literature-matched expo-
sure values toward a prospective platform capable of simulating patient-specific QT
responses from administered dose.

Furthermore, additional experimental patch-clamp data are needed to expand the
range of drugs that can be simulated. The predictive capability of the framework
depends on the availability of reliable drug-channel interaction parameters. Therefore,
systematic generation of IC50 and Hill coefficient values across multiple cardiac ion
channels would directly increase the number of compounds that can be evaluated and
would improve the credibility of future prospective predictions.

Finally, the tissue substrate could be refined by exploring anatomically detailed
ventricular geometries, alternative electrode configurations, and uncertainty in phys-
iological fibrosis configurations. Such extensions would help determine which model
components are essential for accurate QT prediction and which can remain simplified
without compromising translational performance.

To conclude, these findings support the use of virtual Phase I trials as a
digital approach for early QT-focused cardiac safety assessment. By integrating
human-calibrated electrophysiological variability, clinically matched drug exposure,
tissue-level propagation, pseudo-ECG reconstruction, physiological interstitial fibro-
sis, and a patient-variability-aware agreement endpoint, the framework provides a
bridge between mechanistic cardiac modeling and clinical QT interpretation. Future
integration with systematic pharmacological uncertainty propagation, patient-specific
PK/PBPK modeling, and larger virtual cohorts could further extend the framework
from retrospective clinical validation toward prospective digital support for early
drug-development decisions.

4 Methods

The proposed framework was implemented as a digital virtual Phase I trial work-
flow for QT-focused cardiac safety assessment. The workflow was organized into three
interconnected layers. The first layer generated a human-calibrated virtual cohort by
sampling ventricular cardiomyocyte electrophysiological profiles and assigning them
to a tissue substrate. The second layer translated drug-specific clinical exposure
and multichannel ion-channel pharmacology into patient-specific tissue simulations
and pseudo-ECG signals. The third layer extracted trial-like QT endpoints, includ-
ing patient-level ∆QT, mean compound-level ∆QT, and a conservative UB95-based
agreement metric for comparison with clinical QT/QTc reference data.
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Operationally, the workflow consisted of six steps as shown in Figure 3.
Namely: generation of virtual patients, construction of the ventricular tissue substrate
with physiological interstitial fibrosis, modeling of drug-induced ionic current block,
tissue-level electrical propagation, pseudo-ECG reconstruction with automated QT
measurement, and clinical endpoint comparison.

4.1 Step 1: Generation of virtual patients

The first step of the proposed framework consisted of generating a cohort of virtual
patients to be used for the in silico evaluation of drug-induced QT prolongation.
This step included two consecutive stages. First, a large population of virtual human
ventricular cardiomyocytes was generated and calibrated against experimental data
from healthy human donors. Second, the calibrated cellular population was used to
construct a cohort of virtual patients by assigning distinct subsets of cells to the
nodes of the ventricular tissue mesh. In the context of the virtual Phase I trial, each
virtual patient was intended to represent a distinct digital electrophysiological subject
rather than an independent isolated-cell simulation. Patient identity was defined by the
specific combination of calibrated cardiomyocyte profiles assigned to the tissue mesh
and, subsequently, by the patient-specific distribution of physiological fibroblasts. This
design allowed the simulated trial to preserve inter-individual variability at the level
of both cellular electrophysiology and tissue composition.

4.1.1 Generation and calibration of the virtual cardiomyocyte
population

Cellular variability was introduced by varying nine ionic conductances of the ventric-
ular electrophysiological model, namely those associated with ICaL, Ito, INaCa, IK1,
IKr, IKs, INa,f , INa,L, and INaK . The corresponding conductance vector was defined
as:

g = [gCaL, gto, gNaCa, gK1, gKr, gKs, gNa,f , gNa,L, gNaK ].

Each conductance was independently varied within a range from −30% to +110%
of its baseline value. This interval was selected to introduce a physiologically mean-
ingful degree of ionic heterogeneity, consistently with previous population-of-models
approaches [41], while avoiding excessively large conductance perturbations that would
increase the probability of generating non-physiological or overtly pathological action
potential phenotypes. This choice was motivated by the intended context of use of the
present framework, namely the simulation of Phase I-like studies in healthy virtual
subjects.

The multidimensional conductance space was sampled using Latin Hypercube
Sampling (LHS) [42], which allowed a broad and structured exploration of the nine-
dimensional parameter space, consistently with previous in silico electrophysiological
studies [43]. A total of Z = 168000 candidate cardiomyocytes were initially generated.
For each sampled conductance combination, the ventricular action potential was sim-
ulated using the O’Hara-Rudy human ventricular cardiomyocyte model [44], following
the computational strategy previously adopted for the generation of experimentally
calibrated ventricular populations [45].
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Fig. 3 Workflow for QT-focused cardiac safety assessment. 1) Construction of non-overlapping
virtual patients; 2) construction of a heterogeneous ventricular tissue substrate accounting for phys-
iological interstitial fibrosis; 3) pharmacological exposure layer; 4) electrical propagation in the
ventricular tissue preparation; 5) digital pseudo-ECG reconstruction and QT-endpoint extraction; 6)
virtual trial decision endpoint and comparison with clinical data.
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The isolated-cell electrophysiological problem was described as:

Cm
dVm

dt
= −(Itot + Istim), (1)

where Vm is the transmembrane potential, Cm is the membrane capacitance, Istim is
the externally applied stimulus current, and Itot is the sum of the ionic membrane
currents:

Itot =INa + INaL + ICaL + Ito + IK1 + IKr + IKs + INaCa + INaK

+ ICap + INab + ICab + IKb. (2)

Here, INa is the fast sodium current, INaL is the late sodium current, ICaL is the
L-type calcium current, Ito is the transient outward potassium current, IK1 is the
inward rectifier potassium current, IKr and IKs are the rapid and slow delayed rectifier
potassium currents, respectively, INaCa is the sodium–calcium exchanger, INaK is the
sodium–potassium pump, ICap is the sarcolemmal calcium pump, and INab, ICab, and
IKb are background currents.

For each simulated cardiomyocyte, the main action potential biomarkers were
extracted and used for calibration against experimental data from healthy human
ventricular donors. The calibration biomarkers included resting membrane potential
(RMP), action potential amplitude (APA), and action potential duration at 30%, 50%,
and 90% of repolarization (APD30, APD50, and APD90) [46].Only cardiomyocytes
whose biomarkers simultaneously fell within the accepted physiological ranges were
retained for subsequent analyses.

The acceptance intervals used for calibration were defined according to experimen-
tally derived percentiles and are reported in Table 2. This filtering procedure reduced
the initial population from Z = 168000 candidate cardiomyocytes to a final pool of
W = 35000 physiologically calibrated cells. The resulting population represented the
pool of healthy human ventricular cardiomyocytes from which virtual patients were
subsequently constructed.

Table 2 Calibration percentiles (5th to 95th)
used to filter the virtual ventricular cardiomyocyte
population [46]

Biomarker 5th percentile 95th percentile
RMP (mV) -95 -85
APA (mV) 102.7 116.4
APD30 (ms) 138 188
APD50 (ms) 181 251
APD90 (ms) 250 331
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4.1.2 Construction of virtual patients

Virtual patients were generated from the calibrated ventricular cardiomyocyte popula-
tion. Each virtual patient was defined by both an electrophysiological and a structural
component. From the electrophysiological point of view, each patient consisted of a
specific set of w = 2184 calibrated cardiomyocytes. From the structural point of view,
these cardiomyocytes were assigned to the nodes of the ventricular tissue mesh, which
consisted of 2184 computational nodes. This number of nodes was selected based on
sensitivity analyses from previous work showing that smaller sample sizes can adversely
affect the reliability of drug-induced proarrhythmic risk assessment [45]. Therefore,
the number of cells assigned to each virtual patient was not chosen arbitrarily, but
was directly imposed by the spatial discretization of the tissue substrate used for the
subsequent monodomain simulations.

To preserve inter-individual variability across the virtual cohort, virtual patients
were generated by random subsampling without replacement from the filtered popu-
lation of W = 35000 calibrated cells. In this way, each virtual patient was composed
of a disjoint subset of cardiomyocytes, and no cellular profile was shared across dif-
ferent simulated subjects. This non-overlapping sampling strategy was intentionally
adopted to avoid artificial replication of nearly identical digital subjects. A substan-
tial overlap in cellular composition between virtual patients would reduce the effective
inter-individual variability of the cohort, thereby weakening the ability of the virtual
trial to reproduce the heterogeneity typically observed in Phase I clinical studies.

Because virtual patients were generated without replacement, the number of cells
per patient and the total number of virtual patients were intrinsically linked. The
maximum number of fully disjoint virtual patients that could be generated from the
calibrated population was defined as:

Nmax =

⌊
W

w

⌋
,

where W = 35000 is the number of calibrated cardiomyocytes and w = 2184 is the
number of cells assigned to each patient. Based on this rationale, a cohort of N = 10
virtual patients was generated and used for all drug simulations. This cohort size was
selected to reproduce, within the proposed virtual Phase I trial framework, the scale
of a single small dosing cohort used in early Phase I clinical trials. [38, 39].

After sampling, the selected cardiomyocytes were assigned to the ventricular tis-
sue according to the predefined multilayer organization of the model, which included
endocardial, mid-myocardial, and epicardial regions. Endocardial, mid-myocardial,
and epicardial phenotypes were not generated as independent calibrated populations.
Instead, all cells were sampled from the same experimentally calibrated population
and subsequently assigned to the corresponding tissue layers before performing the
tissue-level simulations. For each virtual patient, w = 2184 calibrated cellular pro-
files were sampled from the filtered population to match the number of nodes of the
ventricular tissue mesh.
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4.2 Step 2: Construction of the virtual ventricular tissue
substrate

After the generation of the virtual patients, the second step consisted of constructing
the ventricular tissue substrate in which each digital subject was embedded. This
substrate provided the spatial layer of the virtual Phase I workflow, allowing patient-
specific cellular electrophysiological profiles to be mapped onto a controlled ventricular
geometry and subsequently propagated through tissue-level simulations.

Each virtual patient was embedded into a cuboid ventricular wedge geometry with
dimensions 1.2 × 8 × 10 mm3. The geometry was discretized using a structured hex-
ahedral mesh composed of 1500 linear hexahedral elements and 2184 computational
nodes, with a spatial resolution of 0.04 cm along each direction [47]. The mesh therefore
provided the spatial substrate onto which the patient-specific cellular electrophysio-
logical properties were mapped, thereby linking the calibrated cellular population to
a spatially organized ventricular tissue model.

The ventricular wedge was organized into three transmural regions correspond-
ing to the sub-endocardial, mid-myocardial, and sub-epicardial layers. The relative
thicknesses of these layers were defined as 17.84%, 56.34%, and 25.82%, respectively,
following the transmural wall-thickening proportions reported by Myers et al. [48].
Layer assignment was performed along the transmural direction before tissue-level sim-
ulations. Endocardial, mid-myocardial, and epicardial phenotypes were not generated
from independent calibrated populations. Instead, all cardiomyocytes were sam-
pled from the same experimentally calibrated ventricular cell pool and subsequently
assigned to the corresponding transmural regions of the tissue.

To reproduce the low-degree structural heterogeneity observed in healthy adult
ventricular tissue, physiological interstitial fibrosis was included in the model. Fibrosis
was introduced as a fraction of tissue nodes assigned to fibroblasts. Specifically, 4%
of the total mesh nodes were randomly selected and replaced by fibroblasts. This
percentage was selected according to histological evidence comparing physiological
and pathological myocardial fibrosis, supporting a low-degree fibrotic configuration
compatible with physiological adult human myocardium [49]. The fibrotic fraction was
imposed globally over the entire ventricular wedge and not independently within each
transmural layer. As a result, sub-endocardial, mid-myocardial, and sub-epicardial
regions were all potentially involved in the random fibroblast distribution.

Within the virtual Phase I workflow, physiological interstitial fibrosis was
included to avoid representing healthy virtual subjects as electrically homogeneous
cardiomyocyte-only tissues. Instead, each digital subject incorporated a low-degree
structural heterogeneity compatible with adult human myocardium. This choice was
intended to improve the physiological realism of the simulated tissue response while
preserving a controlled and reproducible virtual cohort.

Importantly, the spatial distribution of fibroblasts was generated independently
for each virtual patient. Therefore, although the global fibrotic burden was fixed at
4% across the cohort, the specific localization of fibroblast nodes differed from patient
to patient. This patient-specific fibroblast distribution was introduced to preserve
inter-individual structural variability while maintaining the same physiological level
of fibrosis across all virtual subjects.
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Fibroblasts were described using the passive fibroblast model proposed by Mac-
Cannell et al. [50]. In the present framework, fibroblasts replaced cardiomyocytes at
the selected mesh nodes and were electrically coupled to neighboring cardiomyocytes
through gap-junctional connections. This implementation was intended to repre-
sent physiological interstitial fibroblast–myocyte electrical interaction rather than a
pathological scar or replacement fibrosis substrate.

The tissue was modeled as an anisotropic conductive medium. Fiber-dependent
propagation was represented using a transversely isotropic formulation of the con-
ductivity tensor. The same baseline anatomical geometry, fiber architecture, and
conductivity parameters were used for all virtual patients. This ensured that between-
patient differences in the virtual trial arose from calibrated cellular electrophysiological
variability and patient-specific physiological fibroblast distribution, rather than from
uncontrolled changes in anatomical or numerical settings.

In elements containing only cardiomyocytes, the conductivity was assigned accord-
ing to physiological values from the literature [47, 51]. In elements containing
fibroblasts, the local conductivity was reduced according to a linear scaling rule
based on the fibroblast content of the element. Specifically, elements containing only
cardiomyocyte nodes retained the physiological cardiomyocyte conductivity, whereas
elements containing only fibroblast nodes were assigned one fourth of this value. Inter-
mediate configurations were obtained by linear interpolation according to the number
of fibroblast nodes within the element, following an element-wise conductivity scaling
rationale previously adopted in computational cardiac electrophysiology studies [52].

The complete implementation details of the fibroblast-dependent conductivity
scaling rule are reported in Supplementary Material, Table S1.

Hence, each virtual patient was characterized by a patient-specific distribution of
calibrated cardiomyocytes embedded within the same ventricular geometry, multilayer
transmural organization, and physiological fibrotic substrate. This strategy allowed
the framework to preserve inter-individual electrophysiological and structural variabil-
ity across virtual patients while maintaining a controlled anatomical and conduction
framework.

4.3 Step 3: Pharmacological exposure layer

The third step defined the pharmacological exposure layer of the virtual Phase I trial.
For each compound, the simulated exposure was matched to the clinically relevant
unbound maximum effective therapeutic plasma concentration, here referred to as
EFTPCmax. This choice allowed the virtual trial to reproduce the exposure condition
associated with the clinical QT/QTc reference endpoint, while maintaining the clinical
QT/QTc response fully external to model construction and parameter calibration. The
use of unbound concentration was motivated by the fact that the ion-channel block
model depends on the free molar concentration available to interact with cardiac ion
channels [22, 31, 53].

Whenever available, the free maximum plasma concentration reported in the corre-
sponding clinical QT/QTc study was used directly. If the clinical study reported only
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the administered dose, or did not directly provide the associated free plasma concentra-
tion, pharmacokinetic data from the literature were used to identify the effective free
therapeutic plasma concentration corresponding to the same clinical dosing regimen.

When only total plasma concentration was available, the free concentration was
computed as:

Cfree = fuCtot, (3)

where Ctot is the total plasma concentration and fu is the unbound fraction of the
drug. If plasma protein binding was reported as a fraction PB , the unbound fraction
was computed as:

fu = 1− PB . (4)

If protein binding was reported as a percentage, PB was first divided by 100 before
applying Eq. 4. When concentrations were reported in mass units, the molecular
weight of the compound was used to convert the concentration into molar units before
applying the protein-binding correction.

For each drug d, the resulting clinically matched free concentration was defined as:

Cd = EFTPCmax,d. (5)

Thus, each compound was simulated at the free plasma exposure corresponding to the
clinical QT/QTc reference used for validation.

Drug-induced ion-channel block was modeled using a static Hill-type pore-block
formulation, consistently with previous in silico cardiac safety studies based on ion-
channel IC50, Hill coefficient, and therapeutic exposure data [16, 17, 22, 31]. For each
drug d and ionic current k, the fractional block was computed as:

Bd,k =
C

nd,k

d

IC
nd,k

50,d,k + C
nd,k

d

=
1

1 +
(

IC50,d,k

Cd

)nd,k
, (6)

where Bd,k represents the fraction of current k blocked by drug d, IC50,d,k is the
half-maximal inhibitory concentration, and nd,k is the Hill coefficient. With this for-
mulation, Bd,k = 0 indicates no ionic block, whereas Bd,k = 1 indicates complete block
of the corresponding ionic current.

The pharmacological effect was then applied by scaling the corresponding ionic
conductance:

gdrugi,k,d = gcontroli,k (1−Bd,k) , (7)

where gcontroli,k is the baseline conductance of ionic current k in cell i, and gdrugi,k,d is the
residual conductance after administration of drug d. Therefore, although the fractional
block Bd,k was identical for all cells exposed to the same drug, the resulting drug-
treated conductance remained cell-specific because it was applied to the heterogeneous
conductance values generated during virtual population construction.

The ionic currents considered in the drug-block model were those included in
the conductance vector defined in Step 1, namely ICaL, Ito, INaCa, IK1, IKr, IKs,
INa,f , INa,L, and INaK . For each drug, only the currents for which an experimen-
tally reported interaction was available in the adopted pharmacological datasets were
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actively blocked [14, 36]. If no experimental block information was available for a given
drug-current pair, the interaction was assumed to be absent by setting IC50,d,k = ∞
and nd,k = 1, which yields Bd,k = 0.

The IC50 and Hill coefficient values were obtained from two experimental ion-
channel pharmacology datasets, Crumb et al. [14] and Kramer et al. [36] as indicated
in Table S3 in supplementary materials.

These quantities defined the pharmacological input layer of the virtual trial and
were used exclusively to simulate drug-induced ionic current block and the resulting
QT response. Importantly, the clinical QT/QTc response was not used to fit, select,
or adjust any component of the pharmacological model, the QT-measurement algo-
rithm, the virtual electrode configuration, or the physiological fibrosis level. Clinical
QT/QTc values were kept fully external to the simulation workflow and were used
only after all virtual trial outputs had been generated, as independent endpoints for
final comparison.

4.4 Step 4: Modeling of electrical signal propagation

The fourth step consisted of simulating the propagation of the electrical signal
through the ventricular tissue substrate. At this stage, the virtual cells generated and
pharmacologically modified in the previous steps were no longer treated as isolated
cardiomyocytes, but as electrically coupled elements embedded within the ventricular
wedge geometry. Electrotonic coupling was introduced to reproduce the functional syn-
cytium of cardiac tissue, in which neighboring cells interact electrically and collectively
determine impulse propagation and repolarization dynamics [51].

Electrical propagation was modeled using the monodomain formulation:

∇ · (D∇Vm) = Cm
∂Vm

∂t
+ Itot + Istim in Ω, (8)

with no-flux boundary conditions:

n · (D∇Vm) = 0 on ∂Ω. (9)

Here, Vm is the transmembrane potential, D is the effective conductivity tensor, Cm is
the membrane capacitance, Itot is the total ionic membrane current, Istim is the exter-
nally applied stimulus current, Ω is the ventricular tissue domain, ∂Ω is its boundary,
and n is the outward unit normal vector.

The monodomain problem was discretized on the structured hexahedral mesh
described in Step 2, composed of 1500 linear hexahedral elements and 2184 compu-
tational nodes, with a spatial resolution of 0.04 cm. The tissue was modeled as an
anisotropic conductive medium using the transversely isotropic conductivity tensor
described in Step 2. The model parameters were set as follows: longitudinal conduc-
tance σL = 0.0023 S/cm, transverse-to-longitudinal conductance ratio r = σT /σL =

0.35, and membrane capacitance Cm = 1.0 µF/cm
2
. The wedge was treated as a

transversely isotropic medium, with the conductivity tensor defined as:
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D = σL

[
(1− r)nf ⊗ nf + r I

]
(10)

where nf denotes the local fiber direction and I is the identity tensor.
Monodomain simulations were performed using an implicit solver. The temporal

integration time step was fixed at 0.02 ms for all virtual patients, compounds, and
control simulations.

For each virtual patient and drug condition, the ionic properties assigned to
the mesh nodes were those resulting from the calibrated cellular population and
the drug-induced conductance scaling described in Step 3. Cardiomyocyte nodes
were described using the O’Hara–Rudy ventricular ionic model, whereas fibroblast
nodes were described using the passive MacCannell fibroblast model. Fibroblast-
containing regions contributed to propagation through the local conductivity scaling
rule described in Step 2 and through their electrotonic coupling with neighboring
cardiomyocytes.

Simulations were performed using the ELVIRA software [47]. The tissue was stimu-
lated at one end of the ventricular wedge, allowing the electrical wavefront to propagate
along the main fiber direction. A rectangular stimulus of 2 ms duration was applied
with an amplitude set to twice the stimulation threshold. Subsequently, a train of 500
stimuli was delivered at a frequency corresponding to 75 beats/min, with a Basic Cycle
Length (BCL) of 800 ms, reproducing a physiological sinus rhythm under controlled
pacing conditions.

The same pacing protocol, mesh, fiber architecture, and baseline conductivity
parameters were used for all virtual patients and drug conditions. In this way, dif-
ferences in simulated electrical propagation and QT prolongation arose from the
calibrated inter-individual electrophysiological variability, the patient-specific distri-
bution of physiological fibroblasts, and the drug-specific ionic current block, rather
than from changes in the imposed stimulation protocol or numerical setup.

4.5 Step 5: Digital pseudo-ECG reconstruction and
QT-endpoint extraction

The fifth step converted tissue-level electrophysiological simulations into a digital QT
endpoint. For each virtual patient and drug condition, a pseudo-ECG was recon-
structed from the simulated transmembrane potentials and processed through the
same automated QT-measurement pipeline. The purpose of this step was not to repro-
duce the full morphology of a clinical 12-lead ECG, but to generate a standardized
ventricular repolarization signal from which relative drug-induced QT changes could
be measured reproducibly across all virtual patients and compounds.

Since the present simulations focused exclusively on ventricular tissue and did not
include atrial chambers, the reconstructed signal cannot be interpreted as a complete
clinical ECG. In particular, the P wave and all atrial depolarization and repolarization
components were outside the scope of the model. For this reason, the reconstructed
signal is referred to as a pseudo-ECG [54, 55].
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The pseudo-ECG was computed using a Geselowitz-based formulation:

Vo(r) =
1

8π

∫
Ω

∇Vm(r′) · ∇
(

1

|r − r′|

)
dr′, (11)

where Vo(r) is the extracellular potential evaluated at the virtual electrode position
r, Vm(r′) is the transmembrane potential within the ventricular tissue domain Ω, and
r′ denotes the spatial integration variable over the tissue volume. The integral was
computed over the entire ventricular wedge at each time increment [54].

The factor 1
8π was used as a fixed scaling and sign convention in the pseudo-ECG

reconstruction. Since the QT interval was extracted from temporal features of the
signal, rather than from its absolute amplitude, this constant affects the amplitude and
polarity of the reconstructed pseudo-ECG but does not alter the temporal comparison
between control and drug-treated simulations, provided that the same convention is
used throughout the entire dataset.

The virtual electrode was placed above the center of the upper surface of the
ventricular wedge. Specifically, its position was defined at the midpoint of the x- and
z-directions, while its y-coordinate was shifted by 0.003 cm outward from the tissue
surface.

This electrode position was kept identical for all virtual patients, drugs, and concen-
tration levels to ensure reproducibility and comparability across simulations. Although
the absolute pseudo-ECG morphology may depend on electrode location, the present
study evaluated drug-induced QT prolongation as a relative within-patient change
between post-administration and control conditions:

∆QT = QTdrug −QTcontrol.

This fixed-lead strategy preserved internal consistency within the virtual trial. Because
each ∆QT value was computed as a within-patient difference between drug-treated
and control simulations, the predicted QT change reflected a drug-induced temporal
shift in ventricular repolarization rather than differences in virtual electrode placement
or signal acquisition.

QT-endpoint extraction was performed using a tangent-based approach for the
identification of the end of ventricular repolarization, consistent with established
recommendations for QT measurement and interpretation [56–58].

4.6 Step 6: Clinical comparison and virtual trial decision
endpoints

The sixth step defined the clinical comparison and decision layer of the virtual Phase
I trial. For each compound, patient-level simulated QT changes were aggregated into
trial-like endpoints and compared with the corresponding clinical QT/QTc refer-
ence value. This step translated the mechanistic simulation outputs into quantities
directly interpretable in early cardiac safety assessment, including patient-level ∆QT ,
compound-level mean ∆QT , patient-level absolute prediction error, and a conservative
UB95-based agreement endpoint.
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For each virtual patient, the QT interval was measured under control conditions
and after drug administration using the tangent-based procedure described in Step 5.
Drug-induced QT prolongation was then computed as:

∆QT sim
d,j = QT drug

d,j −QT control
j , (12)

where ∆QT sim
d,j is the simulated QT change for drug d in virtual patient j, QT drug

d,j

is the QT interval after administration of drug d, and QT control
j is the corresponding

control QT interval in the same virtual patient.
For each compound, the final mean-level in silico prediction was reported as the

mean and standard deviation of ∆QT sim
d,j across the N = 10 virtual patients.

The standard deviation across virtual patients was used to quantify inter-individual
variability within the virtual cohort. Thus, each compound was associated with both
an average predicted QT response and a virtual patient-level variability profile.

4.6.1 Eligibility criteria for quantitative validation

Clinical reference data were selected before performing the model–trial comparison. A
compound was considered eligible for quantitative validation if it satisfied three pre-
defined criteria: (i) experimental ion-channel pharmacology parameters were available
from the Crumb or Kramer datasets, allowing drug-specific pore-block simulation; (ii)
a quantifiable clinical QT/QTc change was reported in the literature; and (iii) the
clinical QT/QTc reference was obtained from Phase I clinical studies conducted in
healthy subjects or in subjects without reported cardiac disease, consistently with the
intended context of use of the present framework.

Compounds for which ion-channel pharmacology parameters were available but
no quantifiable QT/QTc clinical reference could be retrieved, or for which the avail-
able QT/QTc evidence was not obtained from healthy subjects or subjects without
reported cardiac disease, were not included in the quantitative concordance analysis.
This exclusion criterion was based exclusively on the predefined eligibility criteria and
not on model performance.

Clinical QT/QTc data were not used as model inputs and were kept fully external
to the virtual trial workflow until the final endpoint-comparison stage. All compounds
satisfying the eligibility criteria for quantitative comparison are reported in Supple-
mentary Table S3. Compounds marked as N/A were simulated but excluded from the
quantitative validation because they did not meet the predefined eligibility criteria.

4.6.2 Clinical endpoint extraction

The clinical endpoint was extracted as the reported mean drug-induced QT or QTc
change, according to the terminology used in the original source. Since all in silico
simulations were performed at a fixed Basic Cycle Length of 800 ms, corresponding to
75 beats/min, no heart-rate correction was required for the simulated pseudo-ECG.
Therefore, the simulated endpoint is reported as ∆QT . When the clinical source explic-
itly reported QT or QTc, this information was retained in the dataset; otherwise, the
endpoint was retained as reported and used as the available clinical reference.
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Clinical reference values included positive QT changes, negative QT changes, or
absence of clinically relevant QT prolongation. The sign of the reported QT/QTc
change was retained whenever available.

All compounds included in the quantitative validation dataset were selected a pri-
ori, before evaluating the agreement between simulated and clinical QT/QTc changes.
No compound was added, removed, or reclassified on the basis of model performance.
Likewise, clinical QT/QTc data were not used to calibrate model parameters, adjust
the QT-measurement algorithm, tune the pore-block formulation, or select the 4%
fibrosis level and virtual electrode position. They were used only as independent
reference endpoints for comparison with the in silico predictions.

4.6.3 Mean-level prediction error and UB95-based agreement
endpoint

For each compound d, the simulated QT response was available for N = 10 vir-
tual patients. Mean-level predictive accuracy was assessed by comparing the mean
simulated response with the corresponding clinical QT/QTc reference value:

ed = ∆QT
sim

d −∆QT clin
d , (13)

where ∆QT
sim

d is the mean simulated ∆QT across the 10 virtual patients and ∆QT clin
d

is the clinical QT/QTc change reported for compound d. Mean-level predictive accu-
racy was quantified using signed bias, mean absolute error (MAE), root mean square
error (RMSE), and median absolute error computed from ed.

To account for inter-patient variability, prediction error was also quantified at the
patient level:

AEd,j =
∣∣∆QT sim

d,j −∆QT clin
d

∣∣ , j = 1, . . . , N. (14)

For each compound, the upper bound of the 95% confidence interval of the mean
patient-level absolute prediction error was denoted as UB95d. This quantity was
used as a conservative patient-variability-aware agreement endpoint. A compound was
considered concordant with the 10 ms agreement criterion if:

UB95d ≤ 10 ms. (15)

Thus, the UB95 endpoint was used as a digital analogue of an upper-confidence-
bound decision criterion, allowing the virtual trial to account not only for the average
predicted response but also for the uncertainty introduced by inter-patient variability
within the simulated cohort.

The 10 ms threshold was selected according to the upper-confidence-bound logic
used in QT/QTc cardiac safety assessment [1, 32, 33, 35]. In the present framework,
this criterion was applied to the conservative UB95 absolute prediction error, whereas
mean-level signed error, MAE, RMSE, and median absolute error were used to quantify
predictive accuracy.

27



4.7 Assessment of the contribution of physiological interstitial
fibrosis

To evaluate the role of physiological interstitial fibrosis in the proposed in silico Phase I
framework, an additional analysis was performed by comparing the primary tissue con-
figuration, including 4% physiological fibrosis, with an otherwise identical non-fibrotic
configuration. The 4% fibrotic burden was selected a priori based on histological evi-
dence of low-degree interstitial fibrosis in adult myocardium and was not optimized
to improve agreement with clinical QT data.

In the non-fibrotic configuration, all tissue nodes were assigned cardiomyocyte
phenotypes sampled from the experimentally calibrated virtual cell population.

All other model components were kept unchanged between the two configurations,
including the ventricular geometry, mesh resolution, transmural layer organization,
drug-block formulation, pacing protocol, virtual electrode position, pseudo-ECG
reconstruction, and QT-measurement algorithm. Therefore, differences between the
0% and 4% configurations can be attributed to the inclusion of physiological interstitial
fibrosis rather than to changes in numerical or pharmacological settings.

For each drug, the in silico ∆QT was computed in both configurations at 1 ×
EFTPCmax, corresponding to the primary exposure level used for comparison with
clinical trial data. The effect of physiological fibrosis was quantified by comparing
the mean predicted ∆QT , the absolute prediction error with respect to the clinical
reference, and the number of compounds classified as clinically concordant according to
the 10-ms agreement criterion. This analysis was intended to assess the methodological
contribution of including a physiologically fibrotic substrate, and not to perform a
formal uncertainty quantification over fibrosis burden.

4.8 Statistical analysis

Mean-level predictive performance was quantified across the 61 validation compounds
using signed bias, mean absolute error (MAE), root mean square error (RMSE),
median absolute error, and the percentage of compounds whose mean-level absolute
prediction error was within 10 ms of the corresponding clinical QT/QTc reference
value.

To incorporate the dispersion of prediction errors across virtual patients into the
assessment of model-to-clinical agreement, an ICH-oriented UB95-based agreement
analysis was performed. For each compound, virtual-patient-level absolute prediction
errors AEd,j were computed across the N = 10 virtual patients, as defined in Eq. 14.
The upper bound of the one-sided 95% confidence interval of the mean absolute
prediction error was computed as:

UB95d = AEd + t0.95,N−1
sAE,d√

N
, (16)

where AEd and sAE,d are the mean and sample standard deviation of AEd,j across
virtual patients, respectively, and t0.95,N−1 is the 95th percentile of the Student’s t-
distribution with N − 1 degrees of freedom. A compound was considered predictively
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concordant if:
UB95d ≤ 10 ms. (17)

To quantify the magnitude of threshold violation, the UB95-based prediction-error
threshold excess was defined as:

Ereg
d = max (UB95d − 10, 0) . (18)

Thus, Ereg
d = 0 for compounds satisfying the one-sided UB95-based 10-ms prediction-

error criterion and becomes positive only when the upper bound of the one-sided 95%
confidence interval of the mean absolute prediction error exceeds this threshold.

The 10-ms criterion was selected to align the model-validation endpoint with the
upper-confidence-bound rationale used in ICH E14 QT/QTc assessment. In the ICH
E14 framework, regulatory attention is linked to whether the upper bound of the one-
sided 95% confidence interval around the estimated drug-induced QTc effect excludes
a 10-ms effect; equivalently, this criterion may be expressed using the upper bound
of a two-sided 90% confidence interval [1, 32, 35]. In the present study, this rationale
was adapted to validation of the virtual Phase I framework by applying the same 10-
ms upper-bound criterion to the mean absolute prediction error between simulated
∆QT values and the corresponding clinical QT/QTc reference value. Accordingly,
UB95d should be interpreted as an ICH-oriented model-agreement endpoint rather
than as a direct estimate of drug-induced clinical QTc effect or as a formal regulatory
classification of the compound.

The 95% confidence intervals reported for global performance metrics were
obtained by non-parametric bootstrap resampling across the 61 validation compounds.
Compounds were resampled with replacement 5000 times, while preserving the paired
correspondence between the non-fibrotic and 4% fibrosis configurations. For each boot-
strap replicate, global performance metrics were recomputed, and 95% confidence
intervals were defined as the 2.5th and 97.5th percentiles of the resulting bootstrap
distributions.

Paired comparisons between the non-fibrotic and 4% fibrosis configurations were
performed across the same 61 compounds. Differences in mean-level absolute pre-
diction error and UB95-based threshold excess were assessed using the Wilcoxon
signed-rank test. Paired t-tests were additionally computed as parametric sensitivity
analyses.

For the paired threshold-based UB95 analysis, compounds were classified as rescued
if they exceeded the 10-ms one-sided UB95 threshold in the non-fibrotic configuration
but not in the 4% fibrosis configuration, and as lost if they were within the thresh-
old in the non-fibrotic configuration but exceeded it in the 4% fibrosis configuration.
The imbalance between rescued and lost compounds was evaluated using an exact
McNemar/binomial test on discordant pairs.

To assess whether model performance was influenced by the source of ion-channel
pharmacology data, a source-stratified analysis was performed by separately sum-
marizing the Crumb-derived and Kramer-derived compounds. To assess whether the
UB95-based model-agreement performance was disproportionately driven by any sin-
gle therapeutic category, a leave-one-therapeutic-class-out sensitivity analysis was
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performed. In this analysis, each therapeutic class was removed in turn, and the UB95-
based concordance, mean UB95, median UB95, and threshold excess were recomputed
on the remaining compounds.

Data availability. The clinical QT/QTc reference values, pharmacokinetic input
parameters, ion-channel pharmacology sources, simulated QT responses, prediction
errors, UB95 values, and ICH-aligned agreement rate metrics used in this study are
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finite elements for the numerical solution of monodomain equations in cardiac
electrophysiology. Annals of Biomedical Engineering 38, 2331–2345 (2010).

[48] Myers, J. H., Stirling, M. C., Choy, M., Buda, A. J. & Gallagher, K. P.
Direct measurement of inner and outer wall thickening dynamics with epicardial
echocardiography. Circulation 74, 164–172 (1986).

[49] Zhang, M.-K., Zhang, Z., Xue, H., Fan, L. & Wen, Y. Microvascular rar-
efaction and myocardial fibrosis in hypertrophic obstructive cardiomyopathy: a
histopathological comparison of pediatric and adult patients. The Heart Surgery
Forum 25, E042–E047 (2022).

[50] MacCannell, K. A. et al. A mathematical model of electrotonic interactions
between ventricular myocytes and fibroblasts. Biophys J 92, 4121–4132 (2007).
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