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Abstract

Human induced pluripotent stem cell-derived cardiomyocytes (hiPSC-CMs) provide a powerful platform for inves-
tigating human cardiac electrophysiology and for supporting safety pharmacology studies. However, their intrinsic
heterogeneity, typically involving mixtures of atrial-like and ventricular-like phenotypes, and the indirect nature of
multielectrode array (MEA) recordings make the interpretation of Field Potential (FP) biomarkers challenging. A quan-
titative understanding of how MEA-derived metrics reflect the underlying action potential dynamics, which represent
the gold standard, is still limited but essential for establishing robust and translatable in-vitro readouts. In this work, we
present a computational framework that couples the bidomain model with a detailed representation of MEA electrodes
to perform an in-silico correlation study between FP and action potential based electrophysiological biomarkers in
heterogeneous hiPSC-CM tissues. We first analyze a large set of 900 spatially distributed sampling points to explore the
relationship between extracellular potentials and their corresponding cellular action potential features across varying
mixtures of atrial-like and ventricular-like cells. We then simulate a full MEA platform comprising 256 electrodes to
assess how realistic subsampling, spatial organization, and tissue composition affect the extraction and interpretation of
FP biomarkers. Across a broad panel of biomarkers, our results identify the FP metrics that most reliably reflect action
potential characteristics and demonstrate that the strength of field-action potential correlations increases as the tissue
exhibits a more homogeneous ventricular-like phenotype. These findings not only clarify the mechanistic basis of MEA
readouts in hiPSC-CM systems but also highlight the predictive potential of our computational tool. By integrating
tissue composition, spatial sampling, and electrophysiological modeling, the framework can serve as a virtual platform
to anticipate biomarker behavior, optimize MEA-based experimental designs, and ultimately strengthen the translational
value of hiPSC-CM assays in preclinical research.

Introduction

Human induced pluripotent stem cell-derived cardiomyocytes (hiPSC-CMs) have emerged as a central platform for
cardiac disease investigation and drug safety assessment [[15, [25]. By enabling patient-specific investigations in a
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controlled in-vitro environment, hiPSC-CMs provide ethically sustainable and scalable alternatives to animal models
and clinical studies. Their integration with multi-electrode array (MEA) systems further allows non-invasive and
high-throughput recordings of extracellular electrical activity, namely the field potential (FP), making hiPSC-CM
monolayers a cornerstone technology in contemporary preclinical cardiology, [19} 21123/ [26]. Despite these advantages,
hiPSC-CM preparations often include cells at different maturation stages, with incomplete differentiation and mixed
electrophysiological phenotypes. This cellular heterogeneity remains a major challenge for the interpretation and
standardization of MEA-derived biomarkers [13]].

In MEA experiments, cardiac repolarization is typically quantified using FP duration (FPD) or derived biomarkers,
related to the extracellular potential, which are commonly interpreted as surrogates for action potential duration
(APD), [I11,20]. While such biomarkers have proven effective in relatively homogeneous experimental settings, their
reliability in heterogeneous tissues—where atrial-like (AL) and ventricular-like (VL) hiPSC-CMs coexist—is still an
open question. In particular, extracellular recordings intrinsically involve spatial averaging, as each MEA electrode
integrates signals from multiple cells within its sensing region. When different cellular phenotypes are present, this
mixing effect may substantially alter the relationship between intracellular electrophysiological properties and the
recorded FP signals.

The interpretation of MEA-derived biomarkers is inherently a multiscale problem. Intracellular ionic dynamics deter-
mine the shape and duration of the single-cell AP, while electrical propagation across the tissue and the electrode—tissue
coupling mechanisms shape the extracellular signals detected by the MEA. Experimentally disentangling these con-
tributions is particularly challenging in heterogeneous tissues, which motivates the use of computational modeling
as a controlled and reproducible framework to systematically investigate the relationship between AP- and FP-based
biomarkers.

In this work, we present a comprehensive in-silico investigation of the relationship between intracellular AP biomarkers
and extracellular MEA-derived markers in heterogeneous hiPSC-CM tissues. We employ a two-dimensional bidomain
model [5] explicitly coupled with a multichannel MEA approximation (i.e. a system the electrodes dynamic) to
simulate from cardiac monolayers both the point-wise defined extracellular potential and the electrode FP recordings
[LL3]]. The simulated tissues consist of mixtures of VL and AL phenotypes, enabling the controlled investigation of
phenotypic heterogeneity. VL cells are described by the Paci2020 ionic model [[17], while AL cells are modeled using
the atrial-specific Botti2024 formulation [4]], allowing us to reproduce key differences in repolarization dynamics and
conduction properties between the two phenotypes.

By systematically varying the degree of tissue heterogeneity and analyzing multiple duration-based biomarkers, we
quantify the strength of the relationship between intracellular AP features and their extracellular counterparts. Particular
attention is devoted to the comparison between biomarkers derived from extracellular potential, sampled at the tissue
level, and FP signals recorded at MEA electrodes, highlighting the role of spatial averaging and phenotypic mixing
in shaping biomarker reliability. In addition, we investigate the behavior of advanced repolarization descriptors, such
as APDyg /g [2]], and analyze the effect of pharmacological modulation through 4-aminopyridine, providing further
insight into phenotype-specific responses in heterogeneous tissues.

Overall, this study aims to clarify under which conditions MEA-derived biomarkers can be reliably interpreted as
indicators of intracellular electrophysiological dynamics. By combining detailed ionic models with explicit simulations
of MEA recordings, our work provides a quantitative framework for linking cellular electrophysiology to experimentally
observable signals, contributing to the development of more robust and mechanistically grounded tools for cardiac drug
testing and electrophysiological characterization of hiPSC-CM preparations.



Materials and methods

The cardiac MEA model

In cardiac electrophysiology, the bidomain model describes cardiac tissue as a continuum composed of two superimposed
conductive media, corresponding to the intracellular and extracellular spaces [[16} 28]]. The electrical state of the tissue,
forx € Qandt € (0,T), is characterized by the intracellular and extracellular potentials, u; and u., whose difference
defines the transmembrane potential

vz, t) = ui(x, t) — ue(x, t). (1

The two media are coupled through the cellular membrane via ionic currents, which depend on the transmembrane
potential and additional state variables describing the cellular electrophysiological dynamics. Charge conservation then
leads to the bidomain equations; we refer to [} 24] for a detailed derivation.

To account for electrode measurements, the model is augmented following [[1]. Let e, denote the surface of the kth
electrode. The current I* recorded by the electrode satisfies
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R with UF = — / u, deg, 2)
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dt T T odt’
where 7 = (R; + Re1)Cel, with R; the resistance to ground and R, C; the electrode resistance and capacitance,
respectively.

On each electrode surface ey, the extracellular potential satisfies the boundary condition [14]]
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Assuming that the thickness zpick Of the cell monolayer is negligible compared to the in-plane dimensions, variations
along the orthogonal direction can be neglected, leading to an effective two-dimensional formulation. Under this
approximation, Eq. (3) can be rewritten as a volumetric source term in the bidomain equations. The FP measured by the
kI electrode is defined as

Ukp = R;I". 4)

The resulting MEA model in parabolic—elliptic form reads

XCm% — div(D;Vv) — div(D;Vue) + xJion(v,w,e) =0 inQ x (0,7T) (5a)
k
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where |ey,| denotes the surface of the k*® electrode and x., its characteristic function.

This formulation explicitly couples tissue electrophysiology with electrode dynamics, allowing the direct simulation of
field potentials recorded by MEA systems.

This formulation explicitly couples tissue electrophysiology with electrode dynamics, allowing the direct simulation of
FPs recorded by MEA systems, in contrast with organ-scale bidomain simulations where electrode signals are typically
reconstructed through pseudo-ECG or lead-field approaches [7].



The system also embeds the single-cell ionic model through the transmembrane ionic current lioy, = Iion (v, w, €),
which reproduces the electrophysiological behavior of hiPSC-derived cardiomyocytes. This includes the dynamics of
multiple transmembrane ionic channels together with intracellular calcium (Ca2%) regulation, described by the system
of ordinary differential equations in Eq. (5d). The vector w collects the gating variables w!, ..., w*, while c represents

the vector of ionic concentrations, specifically ¢!, c2, ¢3.

The system is coupled with the following initial conditions for the transmembrane potential, gating variables, and ionic
concentrations
v(x,0) = vy, w(x,0) = wo, c(x,0) = co. (6)

and by the boundary conditions

D;V(v+ue) n=0 on 9 x (0,7) (72)
D.Vu, - n=0 on 90y x (0,7) (7b)
Ue = 0 on dQp x (0,T) (7¢)

where 000 = 0Qn U 9Qp with 9Qy N ONp = 0. Here 9N and 9 p denote the portions of the boundary where
Neumann and Dirichlet conditions are imposed, respectively. In particular, 9€)p is introduced to enforce grounding,
i.e., to simulate the electrode system being connected to ground on three sides of the computational domain.

Tissue conductivity. In adult cardiac tissue, the arrangement of fibers rotating from epicardium to endocardium
promotes electrical propagation along preferred directions.

Since maturation affects conductivity in a manner that is difficult to quantify experimentally and no clear preferential
direction is typically observed in hiPSC-derived cardiomyocyte monolayers, we consider an axisymmetric isotropic
medium. The conductivity tensors are therefore defined as

D; = o1, D, =o.1 ®)

We choose o; = 0.7875mS/cm and o, = 0.3375mS/cm, yielding an average conduction velocity of approximately
11.5 cm/s in the homogeneous configuration. These values are lower than those typically reported for adult human
cardiac tissue, reflecting the slower electrical propagation observed in hiPSC-derived cardiomyocytes.

Stimulation protocol. Electrical activation of the tissue was initiated by applying an external stimulus current I,
localized in a square region of side 0.2 mm positioned at one corner of the computational domain. The stimulus
consisted of a rectangular pulse with amplitude I,,, = 280 A /cm? and duration t,p,, = 0.3 ms.

In experimental settings, hiPSC-derived cardiomyocytes possess intrinsic spontaneous electrophysiological activity
and do not require external pacing to sustain rhythmic beating. In the simulation, a single stimulus pulse was applied
at the beginning to define a spatially localized activation site and trigger deterministic wave propagation; no further
external stimulation was imposed thereafter. The tissue subsequently maintained self-organized rhythmic beating,
relying entirely on the spontaneous electrophysiological properties intrinsic to these cells.

Each simulation was run for a total duration of 4.1 s, allowing transient dynamics to decay and enabling the analysis of
stable beating cycles.

Tissue heterogeneity and ionic phenotypes

To account for this experimentally observed variability, tissue heterogeneity was explicitly introduced in the com-
putational domain by combining VL and AL hiPSC-CMs within the same simulated tissue. Four heterogeneous
configurations were considered, corresponding to increasing fractions of AL cells: 0% (homogeneous VL tissue), 10%,
20%, and 30% AL hiPSC-CMs. In each configuration, AL cells were randomly distributed across the discretized



domain, while the remaining fraction was assigned a VL phenotype. The random distribution of the heterogeneity
patterns is illustrated in the first column of Figure

The upper bound of 30% AL cells was selected based on experimental observations indicating that, in standard
differentiation protocol [2], the proportion of AL cells rarely exceeds this value. Moreover, larger atrial fractions would
significantly alter the morphology of extracellular and FP signals, which are primarily characterized and validated for
VL electrophysiology. For this reason, only heterogeneous configurations within this physiologically relevant range
were considered.

Consistently with MEA experimental conditions, electrical activation of the tissue was initiated from a localized region
composed exclusively of VL hiPSC-CMs.

At the single-cell level, several ionic models have been proposed to describe hiPSC-CMs, including VL formulations
[9} 110} [18L [22]] and more recent atrial-specific models [4]. In this work, the VL phenotype was modeled using the
Paci2020 hiPSC-CM ionic model [[17], which reproduces both spontaneous activity and stimulus-induced APs typical
of VL hiPSC-CMs. The AL phenotype was modelled using the atrial-specific ionic model introduced in [4]. To better
reproduce the immature electrophysiological behavior observed in hiPSC-CM cultures, a modified version of the atrial
model was employed by adjusting selected ionic conductances (gx1 = 0.06 nS/uF with respect to g1 = 0.169nS/uF
in the original model), allowing the model to reproduce both spontaneous firing activity and paced responses.

By combining spatially distributed ionic phenotypes with a shared bidomain and MEA formulation, the proposed
modeling framework enables the systematic investigation of how tissue-level heterogeneity influences extracellular and
FP biomarkers and how reliably these markers reflect the underlying transmembrane AP dynamics.

Computational domain

The computational domain §2 represents a cardiac tissue layer coupled with a multichannel MEA system composed
of 256 circular electrodes. All electrodes have identical geometry, with a diameter of 30 um, and the inter-electrode
spacing is 200 pzm. The electrodes are arranged in a uniform square grid, see Figure[T]

Unlike standard multiwell systems, the present setup consists of a single continuous domain without physical wells,
allowing the simulation of a homogeneous tissue sheet interacting simultaneously with all electrodes.

The modeled tissue has a square shape with side length equal to 6 mm, fully covering the active electrode area of the
MEA. The electrode array is centered within the domain, ensuring symmetric boundary conditions and a uniform spatial
distribution of recording sites. Each electrode is modeled as a circular surface embedded in the extracellular domain,
maintaining constant radius and inter-electrode distance across the array.

The domain is discretized using a structured Cartesian mesh of quadrilateral elements, refined to accurately resolve
both the electrode boundaries and the electrical field variations within the tissue. This setup provides a realistic
representation of the MEA-tissue interaction in a large-scale multichannel configuration suitable for high-resolution
numerical investigations.

Numerical methods

The MEA bidomain system was spatially discretized using first-order isoparametric finite elements on a structured
square mesh composed of 400 x 400 elements. The resulting mesh size is A = 1.5 um, leading to a total of 160.801
mesh nodes for each scalar field defined over the computational domain.

The mesh resolution was specifically designed to match the geometrical dimensions of the electrodes. Given the very
fine discretization, each electrode area is directly represented and approximated by mesh elements, without requiring
geometrical interpolation of the extracellular potential over the electrode surface. Electrode integrals can therefore be
computed through simple element-wise averaging, reducing approximation errors in the evaluation of FP signals.
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Figure 1: Schematic representation of the MEA experimental and computational domains. Top: layout of the MEA
showing the full square electrode array as in the experimental setup. Bottom: on the left, computational domain with
discretized electrode positions approximated as square surfaces, illustrating the correspondence between the physical
and numerical representation. On the right, zoom on four electrodes, highlighting their physical dimensions and spatial
arrangement within the domain. Post-processing of this image included color adjustments using a non-generative
machine learning tool. No elements of the image were added, removed, or modified beyond visual enhancement.

Time integration was performed using a first-order Godunov operator splitting scheme [24], which decouples the
different physical processes involved in the MEA model. Given a global time step At, each time interval [t", " 1] is
advanced through the following sequence:

(i) reaction step, in which the system of ordinary differential equations describing membrane ionic dynamics is solved
independently at each spatial node using the Rush—Larsen scheme for gating variables and the explicit Euler method for
ionic concentrations;

(ii) diffusion step, in which the equations governing spatial diffusion of the transmembrane potential v and the
extracellular potential u, are integrated in time using the explicit Euler method;
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Figure 2: Illustration of duration-based biomarkers extracted from intracellular and extracellular signals. Left panel:
AP (v). The first and second temporal derivatives are shown in the inset to highlight marker definitions. Middle panel:
extracellular potential (u.) and derivative zoom to clarify their identification. Right panel: FP with analogous markers
and derivative inset illustrating the extraction procedure. This layout emphasizes the relationship between intracellular
APs and extracellular signals.

(iii) electrode step, in which the ordinary differential equation describing electrode dynamics is solved for each electrode
location as introduced in Eq. (5). The electrode current I* is advanced using the explicit Euler scheme and the
corresponding FP is computed as U, = R;I*.

This first-order operator splitting ensures a stable and consistent coupling between cellular electrophysiology, extracel-
lular field dynamics, and electrode behavior, while preserving an overall first-order accuracy in time.

All simulations were performed on the high-performance computing cluster of the University of Pavia (FAT nodes).
Each simulation was executed on a single CPU node using shared-memory parallelization (32 cores, 256 GB RAM).
The average wall-clock time required for a complete simulation was approximately 5.000 seconds.

Transmembrane, extracellular and FP biomarkers

Activation and repolarization biomarkers were extracted from three electrophysiological signals. At a spatial point
x € (), we denote

v, () = v(z, t), Ue,z () = Ue(z, 1), FP,(t) = FP(x,1). )

For each signal, activation and recovery times were identified from characteristic morphological features of the
corresponding waveform, as illustrated in Figure 2]and summarized in Table 2]

Biomarkers derived from the transmembrane AP were considered the reference timing of cellular depolarization and
repolarization processes. In particular, the activation time AT, () was defined as the instant of maximum upstroke
velocity of v, (¢), while repolarization times were identified either from the minimum of the temporal derivative during
the downstroke or through threshold-based criteria, such as the membrane diastolic potential and the 90% repolarization
level. These definitions allow the computation of the AP duration (APD and APDy), providing a direct measure of
cellular repolarization dynamics.

Extracellular and FP biomarkers were defined using analogous derivative-based criteria. Activation times for both
Ue,»(t) and FP,(t) were identified from extrema of the first temporal derivative within the QRS complex, corresponding



Signal Biomarker  Definition Physiological meaning

AP AT, (x) argmaxd; v, (t) Activation time, defined as the instant of maximum upstroke
t€upstroke velocity of the AP.
AP RT,(x) argmin 0yv,(t) Repolarization time, corresponding to the maximum downstroke
t€downstroke velocity of the AP.
AP MDP(x) - Membrane diastolic potential, defined as the minimum value of
the AP during the downstroke.
AP MDPgy(z) - Time instant at which the AP reaches 90% of its repolarization
level.

AP APD(x) MDP(x) — AT, (x) AP duration.
AP APDgg(x) MDPyo(x ) ATU( ) AP duration at 90% repolarization.

AP API RT,(z) — AT, (x AP interval.
Ue AT (x) argmind;ue, T( ) Extracellular activation time, associated with the depolarization
tEQRS wavefront.

Ue RT () argmindue 4 (t) Extracellular repolarization time, associated with the T-wave ex-
teT wave tremum.

Ue RTy, () argmindy e 4(t) Instant corresponding to the first change of convexity of the extra-
tET wave cellular signal during repolarization.

Ue RTum() argmax0y Ue 4 (t) Instant corresponding to the second change of convexity of the
tET wave extracellular signal during repolarization.

Ue ARI(z) RTye(x) — ATyc(x)  Activation recovery interval (ARI).

Ue ARL, (@) RT,(x ) AT . (x) Minimum activation recovery interval.

Ue ARIy(x) RTwm(x) — AT () Maximum activation recovery interval.

FpP ATpp(x) argmind, FP,(t) FP activation time.

tEQRS

FP RTpp(x) argmind;FP, (t) FP repolarization time.
tET wave

FP Tm(z) argmindy, FP (1) First change of convexity of the FP during repolarization.
teT wave

FP RTum() argmax0y FP () Second change of convexity of the FP during repolarization.
teT wave

FP FPD ) RTgp (Zl?) — ATpp (QS) FP duration (FPD).

FpP FPDy(x) RTw(x) —ATpp(xz)  Minimum FP duration.
FP FPDyv(z) RTMm(x) — ATpp(x)  Maximum FP duration.

Table 1: Definition of the electrophysiological biomarkers extracted from the intracellular AP, extracellular potential
(u.), and FP. The table reports the mathematical formulation used to identify activation and repolarization instants
from the temporal derivatives of each signal, together with the corresponding physiological interpretation. Duration-
based metrics such as APD, ARI, and FPD are computed as time intervals between the corresponding activation and
repolarization markers.

to the passage of the depolarization wavefront beneath the recording location. Repolarization times were extracted
from the T-wave morphology by locating extrema of the first derivative, while additional repolarization markers were
identified by detecting changes in signal convexity through the second temporal derivative.

These definitions enable the computation of activation—recovery intervals (ARI) from extracellular signals and FPD
from MEA recordings.

Finally, ad additional biomarker was considered. We analyze the biomarker APDyg /g, which is defined as the ratio
between the APD measured at 20% and 90% repolarization levels and provides a quantitative descriptor of the plateau
phase and triangulation of the AP.

For each simulation, the waveforms v, (t) and . . (t) were stored at 900 uniformly distributed locations across the
computational domain. Biomarkers were subsequently extracted in a post-processing step according to the definitions



reported in Table [2] Transmembrane biomarkers were used as reference values for the quantitative correlation analysis
presented in the Results section.

For duration-related biomarkers (APD, ARI, and FPD), quantitative comparisons were performed by analyzing their
relationships under increasing levels of tissue heterogeneity. For each configuration, vectors of paired biomarkers were
constructed and a linear regression analysis was carried out. The regression line and the corresponding coefficient of
determination R? were computed, where R? quantifies the proportion of variance explained by the linear model and
provides a measure of the strength of the association between biomarkers.

For intracellular and extracellular signals, the analysis was conducted on vectors of length n = 900 corresponding
to uniformly sampled tissue points, focusing on the relationship between APD and ARI-based biomarkers extracted
from u.. For MEA recordings, vectors of length n = 256 were constructed at electrode locations, and the correlation
analysis was performed between APD and FP-based duration biomarkers.

In order to validate the robustness of the results, correlation analyses were performed also in altered configurations. In
particular, we consider 4-Aminopyridine (4-AP), a potassium channel blocker that primarily inhibits the ultra-rapid
delayed rectifier current (/xy,), which is predominantly expressed in AL cardiomyocytes. As a consequence, its
electrophysiological effect is expected to be minimal in purely VL tissues, while selectively prolonging APD in AL
cells, as depicted in the Supplementary Material, Figure S3. The effect of 4-AP was simulated as an 80% reduction
of the Ik, maximum conductance, corresponding to a pharmacological block induced by a concentration of 50 M,
consistently with dose-response data reported for human cardiomyocytes [4, 29, [30]. Human adult cardiomyocytes are
used as a reference since quantitative information on I, density in isolated hiPSC-CMs is currently limited, as the
genes encoding for Ik, channel subunits are absent in the early phases of cardiac embryogenesis and are progressively
expressed during heart development.

Results

Electrophysiological heterogeneity is an intrinsic feature of hiPSC-derived cardiac tissues and represents one of the main
sources of variability observed in MEA experiments. This heterogeneity arises from several factors, including differences
among cell lines, variability in differentiation protocols, and incomplete maturation of the derived cardiomyocytes. As a
result, hiPSC-CM preparations typically exhibit mixed populations of cells displaying VL and AL electrophysiological
phenotypes.

Effect of tissue heterogeneity on propagation and signal morphology

Figure [3|illustrates the impact of increasing AL cell content on propagation dynamics, waveform morphology, and
electrophysiological signals. Four configurations are considered, ranging from a homogeneous VL tissue to progressively
heterogeneous tissues containing 10%, 20%, and 30% AL hiPSC-CMs randomly distributed within the domain.
At the cellular level, increasing heterogeneity induces clear modifications in AP morphology. In particular, the
APD progressively decreases and the repolarization phase becomes faster, resulting in a more triangular AP profile.
This behavior reflects the contribution of AL ionic dynamics and leads to an overall reduction of APD across the
tissue. Consistently, APDgq decreases from 411.63 ms in the homogeneous VL configuration to 390.3 ms in the 30%
heterogeneous configuration, without evidence of a marked increase in spatial standard deviation.

These cellular-level changes are also reflected in the extracellular and FP signals. In the extracellular potential w., the
amplitude of the T wave progressively decreases as heterogeneity increases. Concurrently, the temporal separation
between depolarization and repolarization phases is also reduced, consistently with the shortening of APD observed at
the cellular level. This effect is even more pronounced in the FP recordings, where repolarization-related components
become progressively less distinguishable. In particular, while depolarization features of the FP signals remain
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Figure 3: Effect of tissue heterogeneity on propagation and signal morphology. Rows correspond to increasing fractions
of AL cells randomly distributed within VL tissue, from 0% to 30%. Columns report: (i) spatial distribution of AL
and VL phenotypes in the 2D domain; (ii) intracellular APs recorded at three locations along the main diagonal; (iii)
extracellular potentials (u.) at the same positions; (iv) FPs recorded by three electrodes aligned along the diagonal (first,
central, and last electrode); and (v) pointwise CV maps. The figure illustrates the progressive changes in propagation
speed and signal morphology induced by increasing phenotypic heterogeneity.

clearly identifiable, the T-wave morphology becomes significantly attenuated and less well defined compared to the
corresponding extracellular signals.

Moreover, as the degree of heterogeneity increases, a consistent increase in conduction velocity (CV) is observed,
as reflected by the CV maps, where higher values of the CV are coloured in yellow in the last column of Figure 3]
The presence of AL cells, characterized by faster intrinsic ionic dynamics, leads to a global acceleration of electrical
propagation despite their random spatial distribution. Coherently, activation times become closer as propagation speed



VL (%) AP biomarker (X) corr(X,ARI,) corr(X,ARIy;) corr(X,FPD,,) corr(X,FPDyy)

100 APD 0.9921 0.9831 0.8765 0.7298
APDy, 0.9918 0.9821 0.8744 0.7346

APDy /99 0.9791 0.9631 0.8013 0.6141

90 APD 0.9544 0.9329 0.8658 0.7121
APDyg, 0.9621 0.9426 0.8655 0.7180

APDy /90 0.9441 0.9403 0.4044 0.2977

80 APD 0.8715 0.8778 0.8374 0.6815
APDy, 0.8859 0.8920 0.8335 0.6839

APDyy /99 0.8211 0.8176 0.4531 0.3158

70 APD 0.8623 0.8971 0.7234 0.5472
APDyg, 0.8737 0.9073 0.7235 0.5526

APDy 99 0.6270 0.6720 0.4749 0.3300

70% APD 0.9098 0.9209 0.7117 0.5138
+ APDy, 0.9110 0.9223 0.7072 0.5150
4-AP APDy /90 0.7977 0.7992 0.5177 0.3538

Table 2: Pearson correlation coefficients between duration-based biomarkers extracted from intracellular APs and the
corresponding extracellular markers derived from wu, (ARI,,, ARIy\;) and FPs (FPD,,,, FPDys). The first column reports
the percentage of VL cells in the tissue, corresponding to increasing levels of phenotypic heterogeneity. AP-based
biomarkers (APD, APDgg, and APDjy/q¢) are used as reference quantities and correlated with their extracellular
counterparts. The last block reports the case with 70% VL cells under 4-AP treatment.

increases. Quantitatively, the global activation spread, defined as A AT, = AT™** — AT™™ between the earliest and
latest activated cells (located at diagonally opposite points of the domain), decreases from 12.15 ms in the homogeneous
VL tissue to 11.01 ms in the 30% heterogeneous configuration.

Overall, these results show that increasing tissue heterogeneity affects not only propagation speed and AP morphology,
but also the morphology of extracellular and FP waveforms within the present in-silico framework. In particular, the
progressive attenuation of repolarization features in FP signals should be interpreted as a model-based observation:
in our simulations, conductivity parameters (o;, o.) and other tissue/electrode parameters are kept fixed across
configurations, so the observed changes primarily arise from phenotypic mixing and spatial averaging in the computed
signals. Therefore, the greater sensitivity of FP-based duration biomarkers compared with extracellular biomarkers is a
numerical-mechanistic result of this controlled setup.

Biomarker correlation analysis

The relationship between duration-based biomarkers was assessed through linear regression analyses between AP-
derived and extracellular- or FP-derived markers. The results are illustrated in Figure 4} the upper panels report the
analysis performed on the 900 sampled tissue points (u. vs AP), while the lower panels show the corresponding analysis
at the 256 MEA electrode locations (FP vs AP). Biomarkers based on API and FPD were not included in the main
analysis. API exhibits reduced sensitivity to repolarization dynamics and does not capture the variability reflected
in extracellular signals. Conversely, FPD-based biomarkers are derived from extrema of the first temporal derivative
and are therefore more sensitive to numerical discretization, leading to clustering effects and biased correlations. For
completeness, these analyses are reported in the Supplementary Material, Figure S1 and Figure S2.

In the homogeneous configuration (100% VL), extracellular biomarkers exhibited a very strong linear correlation with
intracellular references. In particular, both FPD,,, and FPDy; showed excellent agreement with APD and APDgg, with
coefficients of determination consistently above 0.98 for u.-based biomarkers. This result indicates that, in the absence
of phenotypic heterogeneity, extracellular duration markers accurately reflect intracellular repolarization dynamics at
the tissue level.
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Figure 4: Linear regression analysis between AP-derived and extracellular or FP-derived duration biomarkers. Upper
panels: scatter plots and regression lines for the 900 sampled tissue points. Lower panels: corresponding analysis at
the 256 MEA electrode locations, comparing the same AP-based biomarkers with FP-derived duration markers.



In contrast, FP-derived biomarkers displayed systematically lower correlations with AP-based durations already in the
homogeneous case. While FPDy; maintained a relatively high correlation (up to R? ~ 0.88), FPDy showed a more
pronounced reduction (R? == 0.73). This difference is consistent with the spatial averaging inherent to FP recordings,
as each electrode integrates signals originating from multiple cells within its sensing area.

For extracellular signals sampled at 900 tissue locations, the correlation between FPDy; and APD/APDg, remained
high down to the 80% VL configuration, while a noticeable reduction emerged in the 70% VL case, particularly for
FPDy:. Nevertheless, u.-based biomarkers consistently preserved a strong association with intracellular durations,
with R? values remaining above 0.86 in all configurations considered (see Table .

Conversely, FP-based biomarkers exhibited a stronger sensitivity to increasing heterogeneity. Both FPD,, and FPDy
showed a monotonic decrease in R? as the percentage of AL cells increased, with the effect being substantially stronger
for FPDy;. In the 70% VL configuration, correlations between FP-derived and AP-based durations dropped to moderate
levels (R? = 0.55 for FPDy), indicating that FP biomarkers increasingly reflect the mixed phenotypic composition
beneath each electrode rather than a direct intracellular reference.

Overall, these results show that extracellular biomarkers computed at the tissue level provide a robust surrogate of
intracellular repolarization dynamics even in heterogeneous settings, whereas FP-derived duration markers are more
affected by phenotypic mixing and spatial averaging. This effect becomes increasingly relevant as tissue heterogeneity
grows and should be considered when interpreting MEA-based biomarkers in mixed hiPSC-CM preparations.

Validation through APD, /90

APDy /99 has been shown to be particularly effective in discriminating AL and VL hiPSC-derived cardiomyocytes, as
it captures differences in early repolarization dynamics that are not fully reflected by standard APD or APDgy, metrics.

As depicted in Figure E], in homogeneous tissue configurations, APDyg /99 extracted from intracellular APs remains
strongly correlated with extracellular repolarization markers derived from u.. This behavior is consistent with the fact
that, at the cellular level, APDy /9 reliably encodes the underlying electrophysiological phenotype. High correlation
values reported in Table for low heterogeneity levels confirm the validity of APDyg 9 as a reference biomarker in
controlled conditions.

Overall, this analysis highlights a fundamental limitation of FP-based repolarization biomarkers in heterogeneous
tissues while reinforcing the role of APDyg /9 as a discriminative intracellular reference. At the same time, it provides
insight into which extracellular descriptors remain more robust when transitioning from single-cell to tissue-level
measurements.

Validation through 4-AP perfusion

To further investigate the robustness and physiological interpretability of duration-based biomarkers under pharmaco-
logical perturbation, we analyze the effect of 4-AP by directly comparing heterogeneous tissues with a homogeneous
VL reference configuration, see Figure 6]

The phenotype selectivity of 4-AP is clearly confirmed by our simulations: in the heterogeneous configuration, APDgg
increases from approximately 390 ms (untreated) to approximately 405 ms after 4-AP, moving much closer to the
homogeneous VL reference value of about 411 ms.

A markedly different behavior is observed in the heterogeneous configuration (70% VL + 4-AP). In this case, the
presence of AL cells leads to a selective prolongation of the repolarization phase at the intracellular level, while CV
and activation patterns remain essentially unchanged with respect to the not-treated condition. When compared to the
homogeneous VL case, the correlation structure is significantly altered: although correlations remain high, they are
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Figure 5: Linear regression analysis between APDy /99 and extracellular or FP-derived duration biomarkers. Upper
panels: scatter plots and regression lines for the 900 sampled tissue points. Lower panels: corresponding analysis at
the 256 MEA electrode locations, comparing APDyg /99 with FP-derived duration markers (FPD,,, and FPDyy).

systematically lower than in the 100% VL configuration (e.g., corr(APD, ARI,,) = 0.8623 vs 0.9921), reflecting the
increased electrophysiological heterogeneity induced by the drug acting only on a subpopulation of cells.

This comparison highlights that the effect of 4-AP is not global but spatially localized, being confined to AL cells. As a
result, extracellular signals and especially FP recordings integrate responses from both affected and unaffected cells,
leading to a partial loss of correlation with intracellular biomarkers (see Figure[7). This effect is particularly evident for
FP-based descriptors, whose correlations remain substantially lower than those observed in the homogeneous VL case.

Overall, the direct comparison with the homogeneous VL configuration demonstrates that 4-AP preserves physiological
specificity by selectively targeting AL cells, while simultaneously amplifying the impact of tissue heterogeneity on
extracellular biomarkers. This provides a stringent validation scenario, showing that intracellular markers fully capture
drug-induced effects, whereas FP-based measurements only partially reflect them in mixed-cell populations.
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Figure 6: Effect of 4-AP on heterogeneous tissues. The layout of the figure is the same as in Fig. The two
rows correspond to homogeneous VL tissues and heterogeneous tissues with 30% AL cells randomly distributed
within VL tissue, perfused with 4-AP. Columns report the spatial phenotype distribution, intracellular APs recorded
at three locations along the main diagonal, extracellular potentials (u.) at the same positions, FPs recorded by three
electrodes aligned along the diagonal, and the corresponding pointwise CV maps. The comparison highlights the
electrophysiological changes induced by retinoic acid in heterogeneous tissues.

Discussion

In this study, we investigated how tissue heterogeneity and electrode-level spatial averaging influence the relationship
between intracellular electrophysiological dynamics and extracellular or MEA-derived biomarkers in heterogeneous
tissues composed of AL and VL hiPSC-derived cardiomyocytes. Using a multiscale computational framework inte-
grating cellular electrophysiology, tissue-level propagation, and explicit MEA signal reconstruction, we systematically
assessed how phenotypic heterogeneity and pharmacological perturbations affect the reliability of commonly used
duration-based biomarkers. Our results show that extracellular repolarization markers derived from the pointwise
extracellular potential maintain strong correlations with intracellular AP dynamics, including APD and APDyg, even
in the presence of substantial AL cell fractions. In contrast, FP-derived biomarkers progressively lose specificity
as tissue heterogeneity increases. This behavior reflects the intrinsic spatial averaging of MEA recordings, where
each electrode integrates signals generated by multiple neighboring cells with distinct electrophysiological properties.
Consequently, FP waveforms represent a composite electrophysiological response rather than the activity of individual
cardiomyocytes, similarly to how ECGs emerge from spatially distributed cardiac sources. This mechanism provides a
plausible explanation for the variability frequently observed in MEA-based hiPSC-CM assays and demonstrates that
extracellular signals sampled directly at the tissue level remain more reliable surrogates of intracellular repolarization
dynamics when sufficiently dense spatial sampling is available. Previous computational studies investigated the rela-
tionship between intracellular electrophysiology and extracellular MEA recordings in hiPSC-CM preparations, mainly
focusing on FP generation and drug-induced electrophysiological responses [[I, 27]. However, the quantitative impact
of tissue heterogeneity and electrode spatial averaging on the correspondence between intracellular AP biomarkers
and extracellular or FP-derived descriptors remains insufficiently characterized. This has important implications for
the interpretation of MEA-based assays in the context of preclinical drug screening. For instance, in the context of
preclinical cardiac safety assessment and the Comprehensive in-vitro Proarrhythmia Assay (CiPA) initiative, an interna-
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Figure 7: Linear regression analysis between AP-derived and extracellular or FP-derived duration biomarkers under
4-AP perfusion. Upper panels: scatter plots and regression lines for the 900 sampled tissue points. Lower panels:
corresponding analysis at the 256 MEA electrode locations, comparing the same AP-based biomarkers with FP-derived
duration markers.

tional framework developed to improve prediction of drug-induced proarrhythmic risk using integrated ion-channel
testing, in-silico modeling, and hiPSC-CM electrophysiology assays, FP duration is commonly used as a surrogate
of QT/AP prolongation in hiPSC-CMs [8, [31]]. Our simulations indicate that the reliability of FP-derived biomarkers
strongly depends on tissue composition and maturation state, suggesting that part of the variability observed across
MEA platforms may arise not only from technical factors, but also from intrinsic biological heterogeneity within the
cardiac preparation.

A key finding of this work is that biomarkers associated with early repolarization dynamics, such as ARI,, and FPD,,,
consistently outperform maximum-based descriptors under increasing heterogeneity and pharmacological perturbation.
Early repolarization remains more temporally closer to the depolarization wavefront, whereas late repolarization
emerges from spatially distributed recovery processes that are more susceptible to desynchronization and averaging
effects.

The introduction of APDyq /g0 further highlights the importance of capturing detailed repolarization dynamics when
characterizing mixed hiPSC-CM tissues. This biomarker has previously been proposed as an effective discriminator
between AL and VL phenotypes at the cellular level, as it reflects differences in plateau morphology and AP triangulation



[2,16]. Our analysis confirms that APDyg /g retains strong correlations with extracellular repolarization markers
in relatively homogeneous conditions, but becomes increasingly difficult to recover from FP recordings as tissue
heterogeneity grows. This result emphasizes the limitations of electrode-based measurements in resolving subtle
repolarization features that originate at the cellular scale. From a physiological perspective, APDyy /¢ is especially
relevant because atrial and ventricular phenotypes are characterized by distinct repolarization profiles: AL cells
typically exhibit a shorter and less pronounced plateau phase, whereas VL cells show a longer and more structured
repolarization. As a result, APDyg /99 has emerged as a robust cellular-level biomarker for subtype classification
and maturation assessment in both experimental and in-silico studies. However, as tissue heterogeneity increases,
a progressive degradation of correlation is observed, particularly when FP-based biomarkers are considered. This
effect can be attributed to the spatial averaging intrinsic to MEA recordings: while APDyg,qq is well defined at the
cellular level and allows a clear discrimination between AL and VL cells, extracellular signals recorded by a single
electrode reflect the superposition of contributions from multiple cells with potentially different phenotypes. In highly
heterogeneous configurations, this mixing effect reduces the ability of FP-derived markers to resolve repolarization
features associated with APDy /q. Interestingly, correlations involving minimum-based biomarkers AR, and FPDy
systematically outperform those based on maximum values. This observation suggests that early repolarization events,
which are more closely linked to local cellular dynamics, are less affected by spatial averaging than late repolarization
features. Consequently, minimum-based markers maintain a stronger relationship with intracellular APDyq /90 even
in the presence of increasing heterogeneity. These observations may also help explain why immature hiPSC-CM
preparations often exhibit substantial variability in FP morphology and repolarization metrics across laboratories and
differentiation protocols. Immature cardiomyocytes display altered ionic expression profiles, reduced Ik; density,
which contribute to heterogeneous electrophysiological behavior at the tissue level. In this context, the progressive
degradation of FP-based biomarkers observed in our simulations suggests that tissue maturation and phenotypic purity
are critical determinants for improving the interpretability and reproducibility of MEA assays. The pharmacological
perturbation experiments performed using 4-Aminopyridine further support these conclusions. By selectively inhibiting
ITxur, 4-AP prolongs atrial repolarization without substantially affecting VL cells or propagation properties [12]. In
heterogeneous tissues, this selective modulation amplifies electrophysiological differences between cell types. While
intracellular and extracellular biomarkers are able to capture these changes with high fidelity, FP-derived descriptors
show a reduced sensitivity due to the simultaneous integration of signals from both AL and VL regions.

Taken together, these results provide important insights into the interpretation of MEA-based electrophysiological
biomarkers in hiPSC-CM preparations. In particular, our findings highlight that spatial averaging and phenotypic mixing
can significantly affect the relationship between FP-derived markers and the underlying cellular electrophysiology.
From a practical perspective, this suggests that biomarkers based on early repolarization features may represent more
reliable indicators when translating single-cell electrophysiological information to tissue-level MEA recordings.

More broadly, the computational framework presented in this work offers a powerful tool for bridging cellular
electrophysiology and experimental MEA measurements. By explicitly linking ionic dynamics, tissue heterogeneity,
and electrode-level signals, such models can help interpret complex experimental datasets and guide the design of more
robust electrophysiological biomarkers. Future work will extend this approach to larger tissue domains, additional
pharmacological interventions, and more complex patterns of structural and electrophysiological heterogeneity, further
improving the integration between computational modeling and experimental cardiac electrophysiology.

Conclusion

In this work we investigated the relationship between intracellular electrophysiological dynamics and extracellular
biomarkers in heterogeneous tissues composed of AL and VL hiPSC-derived cardiomyocytes. Using a multiscale
computational framework linking ionic models, tissue-level propagation, and MEA-scale signal reconstruction, we



systematically evaluated the reliability of duration-based biomarkers under increasing levels of phenotypic heterogeneity
and pharmacological perturbation.

Our results show that extracellular repolarization markers derived from the extracellular potential u, maintain a strong
and consistent relationship with intracellular APDs across heterogeneous configurations. In contrast, biomarkers
extracted from FP signals recorded at MEA electrodes are more strongly affected by spatial averaging and phenotypic
mixing, leading to a progressive degradation of correlation with intracellular electrophysiological descriptors as tissue
heterogeneity increases.

Across all analyzed conditions, biomarkers based on early repolarization events consistently exhibit greater robustness
than those derived from late repolarization features. In particular, minimum-based descriptors maintain a stronger corre-
spondence with intracellular dynamics even in heterogeneous and pharmacologically perturbed tissues. These findings
suggest that early repolarization markers provide more reliable indicators when bridging single-cell electrophysiology
and MEA-scale measurements.

Overall, this study provides a quantitative framework for interpreting extracellular and MEA-based biomarkers in
mixed hiPSC-CM preparations. By clarifying the effects of spatial averaging, phenotypic heterogeneity, and selective
pharmacological modulation, our results contribute to a more reliable interpretation of MEA recordings and support the
development of more robust electrophysiological biomarkers for in-vitro cardiac models.

Supporting information

Figure S1 Correlation between FPD and intracellular biomarkers. Correlation analysis between FPD and
intracellular biomarkers (API, APD, APDy) for increasing levels of tissue heterogeneity. Scatter plots show vertical
clustering of data points, highlighting numerical limitations associated with derivative-based FPD estimation.

Figure S2 Correlation between API and FPD-based biomarkers. Correlation analysis between API and FPD-
derived biomarkers (FPD, FPD,,,, FPDy). The vertical alignment of data points reflects the reduced variability of API
and its limited sensitivity to repolarization dynamics compared to extracellular markers.

Figure S3 Heterogeneity effect of 4-AP. Comparison between homogeneous VL tissue and heterogeneous config-
urations (30% AL) without and with 4-AP treatment. The figure reports phenotype distribution, intracellular APs,
extracellular potentials (u.), FP signals, and CV maps. The results highlight a selective prolongation of repolarization
in AL regions after 4-AP exposure, while activation patterns and CV remain largely unchanged.
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