
Academic Editor: Maryam Ravan

Received: 9 April 2026

Revised: 4 May 2026

Accepted: 6 May 2026

Published: 9 May 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

algorithms

Article

Multiscale Model—Differential Evolutionary Algorithm for
Inverse Solution of T-Wave Inversion in Electrocardiography
Tengda Guo, Junjiang Zhu * and Yunjie Li

College of Electrical and Mechanical Engineering, China Jiliang University, Hangzhou 310018, China
* Correspondence: zhujunjiang@cjlu.edu.cn

Abstract

T-wave inversion (TWI) on an electrocardiogram (ECG) is a key indicator of myocardial
ischemia, yet existing inverse ECG methods lack quantitative physiological parameter
resolution. This study aims to propose a novel multiscale computational framework to
inversely identify the ionic mechanisms underlying TWI. A cell–tissue–torso cardiac elec-
trophysiological model was integrated with a differential evolution (DE) algorithm. The
forward model combined the Grandi atrial model and BPS2020 ventricular model, simu-
lating action potential propagation via cellular automata and body surface ECGs via field
point potentials. The inverse solution optimized 29 physiological parameters by minimiz-
ing the root-mean-square error between the simulated and clinical ECGs. The method was
applied to 30 normal and 30 TWI cases to analyze the repolarization abnormalities. The
study revealed that extracellular Ca2+ > 2.88 mmol/L and K+ < 3.4 mmol/L in ventric-
ular myocytes (Endo, M, Epi) induce TWI. Quantitative analysis identified specific 95%
confidence intervals for ionic imbalances in three scenarios: Case 1 (VEpi > VEndo > VM)
with [Ca2+] 2.60–3.30 mmol/L and [K+] 1.9–4.7 mmol/L; Case 2 (VM > VEpi > VEndo) with
[Ca2+] 2.36–3.68 mmol/L and [K+] 3.13–4.07 mmol/L; and Case 3 (VEpi > VM > VEndo) with
[Ca2+] 2.67–3.91 mmol/L and [K+] 3.11–3.45 mmol/L. This approach enables cellular-scale
mechanistic insights into TWI by quantifying ionic concentration changes. The framework
supports the advancement of personalized cardiac diagnostics and drug development.

Keywords: T-wave inversion; differential evolution; cardiac electrophysiology; ECG inverse
problem; ECG mechanisms

1. Introduction
Electrocardiogram (ECG) is one of the effective clinical aids in the diagnosis of cardiac

diseases [1]. ECG records the changes in electrical activity produced by the heart with each
heartbeat cycle. An ECG of a heartbeat cycle consists of four waveforms—namely, P, QRS,
T and U waves with P-R and S-T ends and P-R and Q-T intervals [2]. In leads V3 to V6,
the normal T-wave presents as an upright, low-amplitude, broad peak following the QRS
complex. However, certain physiological and pathological conditions can cause the T-wave
to invert. For example, in some young, healthy individuals, T-wave inversion may be a
normal variation [3], while in other cases, it may signify underlying heart disease. In the
early stages of myocardial infarction, T-wave inversion is an important predictor of recovery
of cardiac function [4]. In patients with new coronary artery pneumonia, T-wave inversion
can be a sign of early myocarditis [5]. In addition, T-wave inversion has been associated
with the development of certain cardiac arrhythmias, such as ventricular fibrillation [6] and
atrial fibrillation [7]. Therefore, understanding the relationship between T-wave inversion
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and myocardial electrical activity and investigating the mechanisms by which T-wave
inversion arises are essential for diagnosing the pathophysiological mechanisms of various
cardiovascular diseases and for safe drug therapy.

Methods for studying the relationship between ECG and electrical activity of the
heart are classified into the forward problem of electrocardiology (FPE) and the inverse
problem of electrocardiology (IPE). The FPE refers to the process of transforming the propa-
gation of the electrical activity of the heart through the body tissues into the generation
of surface ECG signals by means of computer simulations and numerical calculations [8].
Many studies have focused on the T-wave from the point of view of the FPE. In the
early 1990s, Antzelevitch et al. identified a subpopulation of cells in canine ventricles
with electrophysiological characteristics distinct from those of epicardial and endocar-
dial cells, which were termed M cells [9–11]. Subsequently, researchers recorded the
action potentials of these three types of ventricular myocytes using the single-cell Ten
Tusscher–Noble–Noble–Panfilov 2006 (TNNP06) model [12] and the O’Hara–Rudy dy-
namic (ORd) model [13]. In 2024, Pascual-Sánchez et al. found that K+ accumulation due to
myocardial ischemia causes T-wave inversion [14]. These studies were based on simulation
experiments based on existing medical findings, and their physiological parameters were
determined in a stochastic manner, making it difficult to quantitatively describe the range
of ions that cause T-wave abnormalities.

Unlike the FPE, the IPE attempts to restore the mechanisms by which cardiac activity
is generated through inverse modeling [15]. In 2016, Barnes et al. proposed a regularization
method based on robust generalized cross-validation to estimate epicardial potential distri-
butions [16]. In 2020, Sahli Costabal et al. proposed a PINN method for inversely solving
the activation time and conduction velocity [17]. In 2022, Tenderini et al. proposed a deep
learning method to estimate epicardial potential fields by measuring the potentials at dis-
crete points on the body surface [18]. These studies were often limited by the methodology
or simple cardiac models, with the former ignoring the electrophysiological properties of
the cardiac organ and the latter failing to specifically analyze pathological mechanisms
at the ionic level. To fully appreciate the methodological positioning of our work, it is
essential to consider the broader evolution of computational modeling paradigms. In re-
lated domains such as computer vision, there has been a profound transition from classical
techniques to convolution-based models. Traditional methods often relied on handcrafted
features and shallow models, which struggled with complex visual data and exhibited
limited performance. Deep learning, particularly convolutional neural networks (CNNs),
addressed these limitations by automatically learning rich, hierarchical, and high-level
semantic features directly from data [19]. While recent CNN architectures have significantly
improved the accuracy, they also inherently increased the computational complexity and
resource demands. In the context of the IPE, adopting pure data-driven representation
learning frameworks offers high scalability and generalization across diverse datasets.
However, these models often function as “black boxes,” making it difficult to extract bio-
physically meaningful parameters, especially specific ionic concentrations. Therefore, our
approach strategically complements these deep learning trends: rather than relying solely
on abstract feature representations, we couple a biophysically detailed forward model
with a differential evolution optimization algorithm. This physics-based optimization
ensures that the abstracted features remain strictly bounded by physiological laws, offering
a level of mechanistic interpretability that pure convolutional models currently struggle
to provide.

In this work, we combined the FPE and IPE methods to investigate the mechanism
of T-wave inversion in ECG. We constructed a multiscale cardiac model using cellular
automata to achieve forward mapping from electrophysiological parameters to the body
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ECG. A differential evolutionary algorithm was used to optimize the model parameters,
and the reverse mapping process was achieved by fitting real ECG data. Finally, the ion
concentration parameters leading to T-wave inversion were quantitatively described at the
cellular scale. While traditional IPE methods often rely on simplified geometric models or
mathematical regularizations that ignore cellular electrophysiology, our proposed frame-
work bridges this gap. By coupling the multiscale cellular automata forward model with
the DE algorithm, this approach achieves a novel mapping from macroscopic body surface
ECGs directly back to microscopic cellular ionic variations. This allows for the quantitative
identification of specific pathological drivers, such as extracellular ion imbalances, which
is a significant advancement over existing purely mathematical inverse solutions. This
paper has four innovative points: a multiscale model links cellular physiology to body
surface ECGs via cellular automata, the differential evolution algorithm inversely quantifies
physiological parameters from ECG, the framework identifies specific ionic mechanisms
underlying T-wave inversion, and extracellular Ca2+ and K+ imbalances in ventricular
layers induce T-wave inversion.

2. Materials and Methods
In this paper, we constructed a multiscale cardiac electrophysiological model using

the FPE method to realize the mapping relationship between the electrical activity of
cardiomyocytes and the ECG, which divides the cardiac structure into three scales: cellular,
tissue and torso. Subsequently, we used the IPE method to construct an ECG optimization
model, which transforms the ECG inverse problem into an optimization problem, and with
the help of an metaheuristic optimization algorithm to minimize the error between the
simulated ECG and the actual ECG at the torso scale, and to obtain the optimal parameters
of the cellular scale, so as to realize the solution of the ECG inverse problem. The whole
process of the method is shown in Figure 1.

Figure 1. Overall experimental workflow diagram. In the FPE method, (b–d) describe the functions
of the multiscale cardiac electrophysiological model. Moreover, (a) is the initial parameter, (b) is the
acquisition of action potentials at the cellular scale, (c) is modeling action potential conduction at
the tissue scale, and (d) is the formation of a simulated ECG at the torso scale. (e–h) Describe the
IPE method. (e) The objective function is constructed using the root-mean-square error between
the simulated ECG and the actual ECG. (f) Optimize the objective function using a differential
evolutionary algorithm. In addition, (g) is the objective function minimized when the simulated ECG
is closest to the actual ECG and (h) is the result of the IPE to obtain the optimal parameters.
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2.1. Multiscale Cardiac Electrophysiological Model

In order to investigate the causes of T-wave inversion, it is first necessary to construct
a multiscale cardiac electrophysiological model to simulate the human ECG. The ECG is
the result of the propagation of the action potential through the heart. Cardiomyocytes are
excited sequentially, generating action potentials (APs), which form a potential gradient
difference between neighboring cells, leading to the generation of body surface potentials.
The electrocardiogram reflects changes in the body surface potential over time. For this
purpose, the cardiac structure is divided into three parts: cells, tissues and torso.

At the cellular scale, the action potentials of atrial and ventricular cells can be obtained.
The models used in this process to simulate the action potentials of each cell are called
cell-scale models. Electrophysiological models of cardiomyocytes include the Grandi atrial
cell model [20], the Luo–Rudy ventricular cell model [21], the TNNP06 ventricular cell
model [12], the ORd ventricular cell model [13], and the Bartolucci–Passini–Severi 2020
(BPS2020) ventricular cell model [22]. In this paper, we want to quantitatively explore
the electrolyte abnormalities of the cardiac structure, and considering the stability of the
models to different ion concentrations, the Grandi [20] atrial model and the BPS2020 [22]
ventricular model have been selected for this paper. The schematic structure of the car-
diomyocyte electrophysiological model is illustrated in Figure 2. The outermost layer of
this structure is the cell membrane, on which the primary ion channels are distributed.
The single-cell models employed in this study are all ion channel models based on the
Hodgkin–Huxley (H-H) equation [23]. The H-H equation simulates the potential changes
and ionic currents across the cardiomyocyte membrane by modeling the membrane and its
internal components as an electrical circuit, as shown in Figure 3. In this circuit represen-
tation, resistors characterize the membrane’s resistive properties, capacitors represent its
capacitive characteristics, and current sources denote the activity and current contributions
of ion channels.

Figure 2. Schematic diagram of the human cardiac myocyte model. The model consists of four com-
partments: bulk myoplasm (MYO), junctional sarcoplasmic reticulum (JSR), network sarcoplasmic
reticulum (NSR), and subspace (SS), resembling the area where the T-tubules are located. Currents
into the myoplasm: the inward Na+ current (INa), the transient outward K+ current (Ito), the rapid
and slow delayed rectifier K+ currents (IKr and IKs, respectively), the inward rectifier K+ current (IK1),
75% of the Na+ − Ca2+ exchange current (INaCa,i), the Na+ − K+ pump current (INaK), background
currents (INab, ICab, and IKb), and the sarcolemmal Ca2+ pump current (IpCa). Currents into subspace:
the L-type Ca2+ current (ICaL), 20% of the Na+ − Ca2+ exchange current (INaCa,ss). Ionic fluxes: Ca2+

through ryanodine receptor (Jrel), NSR to JSR Ca2+ translocation (Jtr), Ca2+ uptake into NSR via
SERCA2a/PLB (Jup; PLB-phospholamban), and diffusion fluxes from subspace to myoplasm (Jdi f f ,Na,
Jdi f f ,Ca, and Jdi f f ,K).
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Figure 3. Based on experiments on squid axons, Hodgkin and Huxley proposed an equivalent circuit.

The equivalent equation for the cell membrane electrical activity [22] is as follows:

I = CM
dV
dt

+ Ii (1)

where I is the total membrane current strength (inward current is negative); V is the
membrane potential relative to its resting potential (depolarization is positive); CM is the
membrane capacitance per unit area (assumed to be a constant); t is the time; and Ii is the
sum of the ionic current strengths (inward current is negative).

The atrial myocyte model used in this article is the Grandi model, which, unlike
other atrial models, considers the concentration of chloride ion (Cl−), the chloride ion
background current (IClb), and the calcium-activated chloride current (ICl(Ca)), represented
in the yellow ion channel in Figure 2. The expression for the total sum of ionic currents in
the Grandi model can be derived from the atrial myocyte model with an equivalent cellular
membrane circuit structure as shown in Figure 3, and it is as follows:

Ii = INa + Ito + ICaL + ICaNa + IKr + IKs + IK1 + INaK + INab+

IKb + IpCa + ICab + IKp + IClb + ICl(Ca)
(2)

In this paper, the ventricular myocyte model selected is the BPS2020 model. This
model revises the Markov formula for ICaL on the basis of the ORd model, and its main
ion channels are the white-colored ones shown in Figure 2. When the ventricular myocyte
model is equated to the cell membrane equivalent circuit structure presented in Figure 3,
the expression for the total ionic current in the BPS2020 model is as follows:

Ii = INa + Ito + ICaL + INaL + ICaNa + ICaK + IKr + IKs + IK1+

INaCa_i + INaCa_ss + INaK + INab + IKb + IpCa + ICab
(3)

where Ii is the sum of the ion currents; Ito is the sum of the ion currents K+ current; ICaL is
the Ca2+ current through the L-type Ca2+ channels; ICaNa is the Na+ current through the
L-type calcium channels Na+; ICaK is the K+ current through the L-type Ca2+ channel; IKr

is the rapid delayed rectifier K+ current; IKs is the slow delayed rectifier K+ current; IK1

is the inward rectifier K+ current; INaCa_i is the myoplasmic component of the Na+/Ca2+

exchange current; INaCa_ss is the subspace component of the Na+/Ca2+ exchange current;
INaK is the Na+/K+ − ATPase current; INab is the Na+ background current; ICab is the
Ca2+ background current; IKb is the K+ background current; IpCa is the sarcolemmal Ca2+

pump current; IKp is the current of the K+ platform; IClb is the Cl− background current;
and ICl(Ca) is the Cl− current that activates Ca2+.

At the tissue scale, the process of action potential propagation through the interstitium
between cardiac myocytes is simulated. Simulation methods include differential equation-
based reaction–diffusion equation models and evolutionary rule-based cellular automata
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(CA) models [24]. In this paper, a two-dimensional myocardial tissue model was developed
using CA, which is a discrete dynamical system in time and space [25], and it is a simplified
description of cardiac tissue, where each cell is updated to a new state depending on its
previous state, as well as the states of its neighbors, and each cell has only a finite number of
states, making the model computationally inexpensive [26]. The tissue model takes into ac-
count the four-chamber structure of the heart, the interventricular septum and the conduction
tissue, where the ventricular myocytes are classified into subendocardial myocytes (Endo),
mid-endocardial myocytes (M), and epicardial cells (Epi) based on the electrical heterogeneity
of the ventricular myocytes. A two-dimensional cross-sectional structure of the heart was
constructed based on these structural features, as shown in Figure 4.

Figure 4. Simplified two-dimensional cross-sectional structure of the heart. The white area represents
non-muscle cells in the cavity. The pale red area depicts atrial muscle cells (Art), with b and c
referring to the left and right atria, respectively. The blue cells show ventricular muscle cells, while
h, i, and j cells, respectively, represent the Endo cells, M cells, and Epi cells. The g cells represent
interventricular septal cells. The conduction tissue cells are represented by deep red cells, with a, d, e,
and f, respectively, representing the sinoatrial node, atrioventricular bundle, Bachmann bundle, and
atrioventricular node. P indicates the electrode’s position.

The cross-sectional structure of the two-dimensional heart is embedded in the
900 mm × 700 mm Cartesian coordinate system. Each coordinate (x, y) corresponds to a
cardiomyocyte, and the entire coordinate system represents a complete CA system with a
spatial resolution of 1 mm × 1 mm. The cellular status at a point (x, y) corresponding to a
given time t is denoted by ξ(x, y, t). Here, ξ(x, y, t) ∈ {0, 1, 2, 3, . . . , n − 1}, where n is the
number of possible cellular states (an integer). Its value reflects the length of the action
potential duration. When ξ(x, y, t) = 0, the cell is in the resting state. When ξ(x, y, t) = 1,
the cell is in the excited state. When ξ(x, y, t) ∈ {2, 3, . . . , n − 1}, the cell is in a state of
repolarization. The evolution rules of different cellular states under a CA algorithm are
as follows:

ζ(x, y, t + 1) =


(ζ(x, y, t) + 1)mod n, ζ(x, y, t) < n

1 , ζ(x, y, t) = 0 and θ(R) ≥ δth

0 , ζ(x, y, t) = 0 and θ(R) < δth

(4)

where ζ(x, y, t) is the state of the cell at (x, y) at moment t; ζ(x, y, t + 1) is the state of
the cell at (x, y) at the next moment; R is the radius of the neighborhood of the cell; θ(R)
denotes the number of neighbors in the excited state in the neighborhood of the domain
radius R; and δth is the excitation threshold. The cellular states ζ are correlated with the
transmembrane potentials of cardiomyocytes in Equation (1), with the time interval of time
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step t set to 10 ms. A transmembrane potential value is sampled from the curve every
10 ms, and each discrete transmembrane potential value corresponds to a cellular state.

At the torso scale, myocardial electrical signals are converted into body surface po-
tentials. The conduction of electrical signals in the heart generates a gradient of potential
difference between neighboring cardiomyocytes, resulting in surface potentials. In this
study, the field point potential calculation formula proposed by Zhu [27] was used to
simulate cardiac activity by calculating the field point potential at time t. The formula for
the field point potential is shown below:

ϕp(t) =
S0

4π

N

∑
i=1

8

∑
j=1

(Vi − Vi,j)
σin cos θi,j

σir2
i,j

(5)

where P is the electrode location in Figure 4; ϕP(t) is the surface potential at time t when the
electrode is located at position P; σi is the average conductivity from the i − th myocardial
cell to the P electrode; S0 is a dimensionless constant; N is the total number of myocardial
cells in the model; σin is the conductivity of the cytoplasm within the myocardial cells; Vi is
the action potential of the i − th myocardial cell in the model, which can be obtained from
the equation; Vi,j is the action potential of the j − th neighbor of the i − th myocardial cell
in the model, which can be obtained from the equation; ri,j is the distance from the j − th
neighbor of the i − th myocardial cell to the electric field that can be obtained from Figure 4

in the model; and θi,j is the angle between
→
ij and

→
iP that can be obtained from Figure 4.

As evident from our findings, the surface potential ϕP(t) varies over time, and the best
estimate of the model parameters can be obtained through inverse solution accompanied
by additional constraints.

2.2. ECG Optimization Model

In this study, an metaheuristic optimization algorithm is used to reconstruct the ECG
inverse problem as an optimization problem. An optimization model was developed
by the optimization algorithm to quantify the parameters of the multiscale model. The
optimization problem consists of three elements: objective function, decision variables and
constraints. The optimization steps are shown in Figure 5.

Start

Initialize the population

Mutation operation

Check if initial conditions
 are met

Crossover operation

Boundary condition handling

Calculate the objective function

Selection operation

Output the optimal 
individual

End

Yes

No

( ) ( )
i i i i i iX X X X X XV A F B C F D E      

Random X1

X1Max ...X2 X3 Xn

X1Min ...X2 X3 Xn

X2 X3 Xn...

X1

X2

X3...
Xn

X1

X2

X3...
Xn

X2

X3...
Xn

X1

A
X1

X2

X3...
Xn

B
X1

X2

X3...
Xn

C
X1

X2

X3...
Xn

D
X1

X2

X3...
Xn

E
X1

X2

X3...
Xn

V
X1

X2

X3...
Xn

1 Initialize the population

2 Mutation operation
 

3 Crossover operation

(b)(a)

Figure 5. Specific steps of the optimization method: (a) is the flowchart of the optimization process
using the differential evolution algorithm and (b) shows the key steps in the algorithm optimiza-
tion process.
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2.2.1. Objective Function

Objective Function: A function used to measure the degree of merit of a problem. The
goal of an optimization problem is to maximize or minimize the value of the objective function.

The objective function in this paper is used to measure the difference between the
ECG simulated by the multiscale electrophysiological model above and the real ECG. In
this paper, the root-mean-square error (RMSE) is chosen as a measure of the simulated ECG
versus the real ECG. Mathematically, because the RMSE squares the point-wise differences
prior to averaging, errors are penalized quadratically rather than linearly. For instance,
an error of 2 mV adds four times the penalty of a 1 mV error. This exponential sensitivity
to large deviations ensures that the optimization algorithm strictly fits the critical peak
amplitudes of the QRS complex and the repolarization phases of the T-wave, significantly
reducing the likelihood of generating a flat or morphologically distorted simulated signal.

The formula for RMSE is as follows:

RMSE =

√√√√ 1
n

n

∑
i=1

(∧
yi − yi

)2

(6)

where
∧
yi is the model predicted value, which is, in this paper, the simulated body surface

poten-tial; yi is the actual observed value, which is, in this paper, the real body surface
potential; and n is the number of samples.

From the above equation, we can know that
∧
yi = ϕP(t), the real ECG also changes with

time, then the real body surface potential at the moment of t is φ(t), which is brought into the
equation to obtain the objective function of this paper, as shown in the following equation:

RMSE =

√√√√ 1
T

T

∑
t=0

(ϕP(t)− φ(t))
2

(7)

where ϕP(t) is the simulated body surface potential at moment t of equation and φ(t) is
the real body surface potential at moment t of the real.

2.2.2. Decision Variables

Decision variables are the variables that need to be determined in the optimization
problem and their values will affect the results of the objective function. From the equation,
the value of the RMSE is affected by equation ϕP(t), while ϕP(t) is affected by the parame-
ters of the multiscale cardiac electrophysiology model. In this paper, the parameters of the
multiscale cardiac electrophysiology model that have physical significance are chosen as the
decision variables of the optimization model. The decision variables as model inputs and
body surface potentials as outputs are expressed as a functional form, then the parameters
can be expressed as xi, as shown in Table 1, which shows the variable meanings of the
selected model parameters, and then Equation (5) can be expressed as follows:

ϕP(t) = f (x1, x2, . . . , x29) (8)

Table 1. Decision variables for the ECG optimization model.

Decision Variables Variable Name Variable Meaning

x1 S0 Dimensionless constant
x2 δin Intracellular fluid conductivity
x3 δi Average conductivity from the i-th myocardial cell to the p electrode
x4 R_art Speed of signal propagation in the atrium

https://doi.org/10.3390/a19050373

https://doi.org/10.3390/a19050373


Algorithms 2026, 19, 373 9 of 26

Table 1. Cont.

Decision Variables Variable Name Variable Meaning

x5 R_sn Speed of signal propagation in the sinoatrial node
x6 R_bb Speed of signal propagation in the Bachmann bundle
x7 Ven_CL The pacing cycle length of the ventricle
x8 Endo_Nao Extracellular Na+ concentration in the Endo cells
x9 Endo_Cao Extracellular Ca2+ concentration in the Endo cells
x10 Endo_Ko Extracellular K+ concentration in the Endo cells
x11 Epi_Nao Extracellular Na+ concentration in the Epi cells
x12 Epi_Cao Extracellular Ca2+ concentration in the Epi cells
x13 Epi_Ko Extracellular K+ concentration in the Epi cells
x14 M_Nao Extracellular Na+ concentration in the M cells
x15 M_Cao Extracellular Ca2+ concentration in the M cells
x16 M_Ko Extracellular K+ concentration in the M cells
x17 Ven_Temp Ventricular ambient temperature
x18 Ven_Cell_L Ventricular myocyte length
x19 Ven_Cell_R Radius of ventricular myocytes
x20 Art_CL Pacing cycle length of atrium
x21 Art_Clin Atrial intracellular fluid Cl− concentration
x22 Art_Clo Atrial extracellular fluid Cl− concentration
x23 Art_Ko Atrial extracellular fluid K+ concentration
x24 Art_Nao Atrial extracellular fluid Na+ concentration
x25 Art_Cao Atrial intracellular fluid Ca2+ concentration
x26 Art_Mgin Atrial intracellular fluid Mg2+ concentration
x27 Art_Temp Atrial ambient temperature
x28 Art_Cell_L Atrial cell length
x29 Art_Cell_R Atrial cell radius

2.2.3. Constraints

In the process of solving the ECG inverse problem, setting constraints is a key step to
ensuring the reasonableness and effectiveness of the optimization model results. Its main
purpose is to limit the value range of the decision variables, so that the solution results
are in line with the basic laws of cardiac physiology and electrical conduction, and at the
same time, reflect the characteristics of the electrical activities of the heart under normal
physiological conditions.

From the point of view of cardiac physiology, the electrical activity of the heart
depends on the transmembrane transport of various ions and the physiological properties
of cardiomyocytes, and these physiological processes have strict requirements on the value
ranges of the relevant parameters. For example, abnormal changes in the ion concentration
may lead to disturbances in cardiac electrical activity, so the ion concentration parameter in
the decision variable must be limited to a reasonable interval to ensure that the electrical
activity simulated by the model is consistent with the real physiological situation.

In order to achieve the above objectives, two main methods of constraint setting are
used in this paper.

Physical constraints: To ensure that the solution of the cardiac inverse problem con-
forms to the physical laws of cardiac physiology and electrical conduction, a reasonable
range of values is set for each decision variable. Specifically, the decision variables need to
satisfy the following:

xmin
i ≤ xi ≤ xmax

i (9)

where xi represents the first i decision variable, while xmin
i and xmax

i represent the minimum
and maximum values it can take, respectively. In this way, the range of variation of each
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parameter is effectively limited to avoid parameter values that do not correspond to
physiological reality.

Similarity constraints: Consider that under normal physiological conditions, the three
main cells in the ventricle (Epi, M, and Endo) have similar distributions of electrical activity.
Based on this, this physiological feature is reflected by constraining the solution of the ventric-
ular myocyte parameters to be close within a certain range, which makes the optimization
results more accurately reflect the characteristics of normal cardiac electrical activity.

2.2.4. Solution Methods

Common methods for solving optimization problems include the classical genetic
algorithm (GA) [28], differential evolutionary (DE) algorithm [29] and the latest sparrow
search algorithm (SSA) [30]. The differential evolutionary algorithm [29] proposed by
Rainer Stron and Kenneth Price is used in this study. Compared with the GA, the DE has
stronger robustness, faster convergence and stronger global optimization search capabil-
ity [31]. Compared with the SSA, the DE has faster solution speed and better ability to
jump out of the local optimum [32]. The DE generates temporary individuals based on the
individual dissimilarity within the population and then randomly recombines to achieve
population evolution. It mainly includes initializing the population, mutation operation,
crossover operation and so on. The specific evolution process is described as follows:

1. Initializing the population

The DE algorithm produces a certain number of initial populations by encoding them
in real numbers. Randomly producing N D-dimensional vectors M as initial populations,
then each individual can be denoted as xi(G) = (xi1(G), xi2(G), . . . , xiD(G)). The initial
population is produced in [xmin, xmax] and the initial fitness of each individual is obtained
by certain initialization strategy, where M is the component of D-dimensional vector, N is
the number of populations, and xi(G) is the ith individual. The initialization strategy is
shown in Equation (10):

xiD = xmin + randj(0, 1) ∗ (xmax + xmin) (10)

where G represents the G th generation; xmin represents the minimum value of the search
space; xmax represents the maximum value of the search space; and randj(0, 1) is a random
number that satisfies the normal distribution in (0,1).

2. Mutation operation

The mutation operation produces new individuals by mutating individuals in the
current population. Performing differential mutation on each individual in the current
population xG

i produces the mutation vector VG
i , the choice of mutation strategy is one

of the keys of the differential evolution algorithm, and different mutation strategies will
have an impact on the performance of the algorithm. The following are three common
variation strategies:

(a) The “rand/1” strategy: This is one of the most commonly used mutation strategies. In
this strategy, three different individuals are randomly selected and then new individu-
als are generated by linear combination. The formula is expressed as follows:

VG
i = xG

i + F ·
(

xG
r2 − xG

r3

)
(11)

(b) The “best/1” strategy: In this strategy, the best individual in the current population
is used as the benchmark individual, and another randomly selected individual is
linearly combined to generate a new individual. The formula is given as follows:
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VG
i = xG

best + F · (xG
r1 − xG

r2) (12)

(c) The “rand/2” strategy: The strategy is to select two different individuals to be linearly
combined to generate a new individual. The formula is given as follows:

VG
i = xG

r1 + F · (xG
r2 − xG

r3) + F · (xG
r4 − xG

r5) (13)

where r1, r2, r3, r4 and r5 are mutually exclusive integers randomly formed within [1,M]
and r1 ̸= r2 ̸= r3 ̸= r4 ̸= r5; xG

best is the vector of individuals with the lowest fitness
in generation G; xG

i is the individual before the mutation; VG
i is the individual after the

mutation; and F is the scaling factor, which is a positive control parameter on the scaled
difference vector.

3. Crossover operation

The crossover operation r1, r2, r3, r4 is carried out between the mutant individuals
(VG

i ) and the current individuals (xG
r1) for generating new offspring individuals (UG

i ) to
enhance the population diversity. The crossover strategy is calculated as shown in the
following equation:

UG
i =

VG
i i f

(
randj(0, 1) ≤ CRi

)
or (j = jrand, j = 1, 2, 3, . . . , D)

xG
i otherwise

(14)

where randj(0, 1) is a random number satisfying a normal distribution within (0,1); jrand is
a randomly chosen integer on [1,D]; and CRi is the crossover probability corresponding to
individual xi.

3. Results
3.1. Results of the FPE
3.1.1. Results of the FPE Simulation of a Normal ECG

According to the experimental data, the pacing cycle length of the Grandi atrial model
and the BPS2020 ventricular model was set at 1000 ms, and the sampling frequency was
100 Hz. In each model, the intracellular Cl− concentration was set at 15 mmol/L, the
extracellular Cl− concentration was set at 150 mmol/L, the extracellular K+ concentration
was set at 5.4 mmol/L, and the extracellular Na+ concentration was set at 140 mmol/L. The
extracellular Ca2+ concentration was 1.8 mmol/L, and the intracellular Mg2+ concentration
was set to 1 mmol/L. The field point coordinates P (850,150) corresponded to the position
of the V6 lead in the 12-lead ECG.

The point-line diagram of the action potential variation over time obtained is shown
in Figure 6.

By applying the cellular states from Figure 6 and their corresponding action potential
values at time t to Equations (5) and (6), and with a propagation velocity of the electrical
signal of 0.05 m/s in the sinoatrial node, 1 m/s in the atria, 1.7 m/s in the Bachmann
bundle, and 1.7 m/s in the internodal pathways, Figures 7 and 8 are obtained.

Table 2 compares the simulated ECG in Figure 8 with the clinical normal ECG met-
rics [33], verifying the validity of the model’s mapping from electrophysiological parame-
ters to the body surface ECG.
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Figure 6. Simulation of atrial and ventricular action potentials. The x-axis is the time (step) and the
y-axis is the action potential voltage in millivolts (mV): (a–d) depict the temporal variation of action
potential for Art cells, Endo cells, M cells, and Epi cells in the heart during the cardiac cycle.

Figure 7. Propagation of electrical signals in the heart. The dark blue color in the figure represents
the resting transmembrane potential and the dark red color represents the transmembrane potential
after depolarization. The other colors in the figure represent the transmembrane potential during
repolarization.

Table 2. Comparison of the simulated ECG with clinical normal ECG indices.

ECG Feature Action Simulated ECG (ms) Normal Duration (ms)

P wave Depolarization of the right and left atria 80 80–110

PR interval
Onset of atrial depolarization (P-wave) to onset

of ventricular depolarization (start of
QRS complex)

150 120–200

Q wave First negative deflection after the P-wave,
if present 20 <40

QRS complex Right and left ventricular depolarization 70 70–100

QT interval
Duration of ventricular depolarization and

repolarization; measured from the beginning of
the QRS complex to end of T-wave

330 <460
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Figure 8. Simulated ECG under normal electrical activity. The x-axis is the time (Step) and the y-axis
is the potential (mV). (a) Curve of the transmembrane potential of atrial and ventricular cells over
time. (b) ECG waveform under normal electrical activity.

3.1.2. Results of the FPE Simulation of a T-Wave Inversion ECG

To evaluate the stability of the multiscale model in abnormal environments, we first
validated multiple electrolyte abnormalities. For Ca2+, the extracellular Ca2+ concentra-
tions were set at 0.5 mmol/L, 1.0 mmol/L, 1.5 mmol/L, 2.0 mmol/L, 2.5 mmol/L, and
3.0 mmol/L, respectively, and the action potential time courses (APDs) at different con-
centrations were investigated, as shown in Figure 9a,b. For K+, the ECG changes at 0.9Gk,
0.8Gk, 0.7Gk, 0.6Gk, and 0.5Gk were investigated by adjusting the maximum conductance Gk

of the IK channel to simulate the K+ channel block, as shown in Figure 9c,d. For Na+, the
ECG changes at 0.9GNa, 0.8GNa, 0.7GNa, 0.6GNa, and 0.5GNa were investigated by adjusting
the maximum conductance GNa of the fast sodium current (INa) to simulate the blockage of
the Na+ channel, as shown in Figure 9e–g.

Afterwards, the parameters were set according to the pathology report of Moon
et al. [34], in which the pacing cycle length of the Grandi atrial model and the BPS2020
ventricular model was set at 1000 ms and the sampling frequency at 100 Hz. The in-
tracellular Cl− concentration was 15 mmol/L, the extracellular Cl− concentration was
150 mmol/L, the extracellular K+ concentration was 2.1 mmol/L, the extracellular Na+

concentration was 140 mmol/L, the extracellular Ca2+ concentration was 0.72 mmol/L,
the intracellular Mg2+ concentration was set to 1 mmol/L, the coordinates of the field
point, P (541,200), corresponded to the position of V3 lead in the 12-lead ECG, and the final
ECG of T-wave inversion was simulated, as shown Figure 10, which shows the T-wave
inversion relationship between the action potentials of cardiomyocytes and the ECG under
pathological conditions.

3.2. Results of the IPE
3.2.1. Results of the IPE Solving Normal ECGs

Clinical ECG data were obtained from the SID medical database, including 30 normal
ECGs and 30 cases of T-wave inversion. Prior to interpolation, the raw signals underwent
standard digital signal preprocessing to account for instrumental and environmental noise.
Specifically, a median filter was utilized to remove the baseline wander, and a bandpass
filter was applied to eliminate high-frequency noise and powerline interference. Following
noise reduction, the raw data were sampled at 500 Hz and then resampled to 100 Hz
using cubic spline interpolation to ensure consistency with the temporal resolution of the
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multiscale model. Normal V6-lead heartbeat data from 30 randomly selected individuals
were used in the ECG optimization model (built from Equation (16)). We compared the
DE, NSGA2 and SSA algorithms to optimize the multiscale cardiac model. The differential
evolution algorithm was finally chosen.

Figure 9. ECG under simulated electrolyte abnormalities: (a) is the action potential of ventricular cells
at different Ca2+ concentrations, (b) is the APD of ventricular cells at different Ca2+ concentrations,
(c) is the electrocardiographic performance in the case of selective potassium channel blockade, (d) is
a local enlargement of the electrocardiographic performance of (c), and (e) is the electrocardiographic
performance in the case of selective sodium channel blockade. ECG performance: (f) and (g) are local
enlargements of the (e) ECG.

To ensure that the differential evolution algorithm could explore parameter spaces
corresponding to both normal physiological states and severe pathological conditions,
the global search boundaries (xmin

i and xmax
i ) were defined to cover extreme clinical lim-

its [20,22,35–37]. For example, the boundaries for extracellular K+ were set between 1.5 and
8.0 mmol/L to accommodate severe hypokalemia and hyperkalemia, while the extracellular
Ca+ bounds were set between 0.5 and 4.0 mmol/L. The specific initial boundary conditions
for key ionic decision variables are explicitly listed in Table 3.

Table 3. Explicit optimization boundary conditions for key ionic parameters.

Decision Variables xmin
i xmax

i

x10, x13, x16, x23 1.5 8.0
x9, x12, x15, x25 0.5 4.0
x8, x11, x14, x24 130 150

x28 50 160
x29 5 16
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Figure 10. Simulated ECG under abnormal electrical activity. The x-axis is the time (Step) and the
y-axis is the potential (mV). (a) Curve of the transmembrane potential of atrial and ventricular cells
over time. (b) ECG waveform under abnormal electrical activity.

According to the similarity constraint, the Na+ concentration differences among the
three types of ventricular cells were within 5 mmol/L, the K+ concentration differences
within 2 mmol/L, and the Ca+ concentration differences within 0.5 mmol/L, as shown in
Equation (15): 

|x8 − x11| < 5 , |x11 − x14| < 5 , |x8 − x14| < 5
|x9 − x12| < 0.5 , |x12 − x15| < 0.5 , |x9 − x12| < 0.5
|x10 − x13| < 2 , |x13 − x16| < 2 , |x10 − x16| < 2

(15)

Combining the above Equations (7)–(9) and (15), the value of the RMSE as an objective
function is denoted by y. The optimization model of ECG is established as follows:

min y =

√
1
T

T
∑

t=0
( f (x1, x2, . . . , x29)− φ(t))

2

, xmin
i ≤ xi ≤ xmax

i i = 1, 2, 3, . . . , 29

s.t


|x8 − x11| < 5 , |x11 − x14| < 5 , |x8 − x14| < 5
|x9 − x12| < 0.5 , |x12 − x15| < 0.5 , |x9 − x12| < 0.5
|x10 − x13| < 2 , |x13 − x16| < 2 , |x10 − x16| < 2

When inverse optimizing normal ECG


(16)

When the differential evolutionary algorithm was used to optimize the model, the
mutation strategy was “best/1”, the F scaling factor in Equation (13) was set to 0.5, the CR
crossover probability in Equation (15) was set to 0.5, the population size N was 30, and
the number of iterations was 120. When the NSGA2 and SSA algorithms are used, the
population size N weas 30 and the total number of iterations was also 120. The optimization
results for 30 groups of normal individuals are shown in Figure 11.

To quantitatively describe the parameter ranges of a normal ECG, we counted the
optimal parameters for 30 groups of individuals and plotted box plots for 29 parameters.
To address the problem that some of the parameter ranges were too large, we normalized
them and displayed them in Figure 12. The size of the box represents the degree of
dispersion, with larger boxes indicating higher variability and smaller boxes indicating
more stable variables.
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Figure 11. (a–c) The optimization results of the DE, NSGA2 and SSA algorithms for 30 groups
of individuals, respectively. The x-axis reflects the RMSE value defined in Equation (8), and the
y-axis represents the sequence number of 30 ECGs. Moreover, (d) is the average objective function
convergence curve for 30 groups of individuals. The x-axis is the number of iterations and the y-axis
is the objective function value.

Figure 12. Box plot of the optimized 29 parameters of a multiscale cardiac electrophysiological model.
The x-axis is the 29 parameters, and the y-axis is the normalized optimal value of the parameter. The
white line in the box represents the median, and the empty points represent the outliers.

The optimal parameters of 30 normal ECGs were statistically analyzed using Figure 12.
We eliminated the outliers among the abnormal values and recorded the maximum and
minimum values of each parameter to derive the range of parameters for normal ECGs, as
shown in Table 4.
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Table 4. Normal ranges of values for the 29 parameters of the multiscale model.

Range of Values Parameters Range of Values Parameters Range of Values

x1 [2.42, 10.0] x11 [134, 145] x21 [9.96, 20]
x2 [0.48, 0.95] x12 [1.4, 2.89] x22 [139, 159]
x3 [1.02, 1.86] x13 [3.40, 5.98] x23 [3.40, 5.58]
x4 [0.5, 1.2] x14 [135, 144] x24 [135, 145]
x5 [0.01, 0.06] x15 [1.60, 2.58] x25 [1.4, 2.5]
x6 [0.7, 2] x16 [3.50, 5.87] x26 [0.6, 1.47]
x7 [400, 1000] x17 [35.9, 37.9] x27 [35.9, 38.85]
x8 [135, 145] x18 [0.009, 0.013] x28 [50, 150]
x9 [1.5, 2.7] x19 [0.0009, 0.0014] x29 [5, 12]
x10 [3.30, 5.96] x20 [870, 1000]

The ECG was simulated using a multiscale cardiac electrophysiology model (described
in Section 2.1) with 30 sets of optimal parameters, and Figure 13 was generated to com-
pare the optimized ECG with the actual ECG, which was in general agreement with the
actual ECG.

Figure 13. The comparison between the optimized ECG and the actual ECG recorded in the clinic.
The x-axis of the figure represents the time (steps), and the y-axis represents the potential (mV). The
blue curve in the figure depicts the trend over time of clinically normal ECGs, while the red curve
represents the trend over time of the optimized ECG.

Table 5 compares this paper with several existing cardiac inverse methods. We solved for
parameters at the smallest level of the multiscale cardiac model, which means that inverse
solutions at other levels, such as tissue or torso scales, can be achieved in the same way.

3.2.2. Results of the IPE Solving T-Wave Inverted ECGs

Similarly, we randomly selected 30 V6 lead heartbeat data with T-wave inversion from
Sid Medical. We applied the same optimization model parameters as in Section 3.2.1. The
optimization convergence plot is shown Figure 14.
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Table 5. Comparison with existing ECG inverse solution methods

IPE Methodology Solution Objective Scale Bibliography

Regularization method based on robust
generalized cross-validation

Surface and body surface
potential distribution Torso level Barnes et al., 2016 [16]

Physics-informed neural networks Activation time and conduction
velocity Tissue level Sahli Costabal et al.,

2020 [17]

Space–time reduced basis deep neural network Epicardial and body surface
potential distribution Torso level Tenderini et al., 2022 [18]

Multiscale model—differential evolutionary
algorithm for inverse solution of T-wave
inversion in electrocardiography

Cell-scale electrolyte
concentrations Cellular level This paper

Figure 14. Convergence curve of the objective function of the DE algorithm for optimizing a T-wave
inverted ECG. The x-axis is the number of iterations and the y-axis is the objective function value.
The green line represents the average objective function value curve for 30 individuals per generation,
and the purple line represents the minimum objective function value curve for 30 individuals
per generation.

Figure 15 quantifies the optimization results for 30 groups of T-wave inversions. Group
6 has the smallest error of 0.023, while group 26 has the largest error of 0.184. Root-mean-
square errors below 0.2 were observed in all 30 ECGs.

Figure 15. The x-axis represents the RMSE value defined in Equation (8) and the y-axis represents the
sequence number of 30 T-wave inverted ECGs.
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The T-wave inverted ECG was simulated using a multiscale cardiac electrophysio-
logical model (described in Section 2.1) with 30 sets of optimal parameters, generating
Figure 16, which is a comparison of the optimized T-wave inverted ECG with the real
T-wave reversed ECG.

Figure 16. Optimized T-wave inverted ECG versus clinically recorded actual T-wave inverted ECG.
The x-axis represents the time (steps) and the y-axis represents the potential (mV). The blue curve
represents the clinically observed T-wave inverted ECG over time, and the red curve represents the
optimized ECG over time.

3.3. Results of Quantitative Analysis of T-Wave Inversion Mechanism

The inverse solution parameters of 30 sets of T-wave inverted individuals were set
at the cellular scale, and the action potential changes of ventricular myocytes during
repolarization were observed to obtain the three scenarios of inversion of the generated T-
wave, as shown in Figure 17. Comparing with the Figure 8a repolarization phase normally
VM > VEndo > VEpi, Epi is the first to complete repolarization, followed by Endo, and
finally, M cells. Figure 17a shows the first abnormal situation (AS1), the repolarization
phase VEpi > VEndo > VM. Figure 17b shows the second anomaly (AS2), repolarization
phase VM > VEpi > VEndo. Figure 17c shows the third anomaly (AS3), repolarization phase
VEpi > VM > VEndo.

Quantitative analysis of the inverse solution parameters of 30 groups of abnormal
individuals against Table 2 shows that these abnormalities were caused by abnormal Ca2+

and K+ concentrations in the 29 ventricular parameters, while all the other parameters were
within the normal range of Table 2, the statistics of which are shown in Figure 18. The solid
points are the values of the K+ concentration and the Ca2+ concentration of the three types
of cells of the ventricular muscle, taking the values of the concentrations, which are outside
the shading as abnormal values and inside the shading as normal values. Figure 18a–c
depict the values of the K+ and Ca2+ concentrations in the three types of ventricular
muscle cells for the first, second, and third abnormalities, respectively, corresponding to
Figure 17a–c.
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Figure 17. Abnormal ventricular action potentials leading to T-wave inversion. The x-axis represents
the time (Step) and the y-axis represents the potential (mV). Moreover, (a) is the first anomaly (AS1),
(b) is the second anomaly (AS2), and (c) is the third anomaly (AS3).

Figure 18. Out of 30 groups of individuals, 8 groups exhibited AS1, as shown in Figures 17a and 18,
(a). The parameter values of these 8 groups were summarized to obtain 5 possibilities causing this
AS1, as shown in Table 6. There are 9 groups exhibiting AS2, as shown in Figures 17b and 18 (b). The
parameter values of these 9 groups were summarized to obtain the 5 possibilities causing this AS2, as
shown in Table 7. Thirteen groups exhibited AS3, as shown in Figures 17c and 18 (c). Summarizing
the parameter values for these 13 groups yielded 8 possibilities for causing this AS3, as shown in
Table 8.

Table 6. The parameter abnormality that may cause AS1.

x9 x10 x12 x13 x15 x16

1 ▲ ▲ # ▲ ▼ ▲
2 ▲ # ▲ ▼ ▲ #
3 ▲ # ▲ ▼ # #
4 # ▼ ▲ ▼ # #
5 # ▼ ▲ ▼ ▼ #

▲ indicates above the normal range, ▼ indicates below the normal range, and # indicates within the normal range
(the same applies to Tables 7 and 8).
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Table 7. The parameter abnormality that may cause AS2.

x9 x10 x12 x13 x15 x16

1 ▼ ▲ # ▼ # #
2 # # # ▼ ▼ #
3 # ▼ ▲ ▼ ▼ #
4 # ▲ ▲ # # ▲
5 ▲ ▼ ▲ ▼ # #

Table 8. The parameter abnormality that may cause AS3.

x9 x10 x12 x13 x15 x16

1 ▲ # ▲ ▼ ▲ #
2 ▲ # ▲ ▼ # #
3 ▲ ▼ ▲ # # #
4 # ▼ ▲ ▼ # #
5 # ▼ ▲ ▼ ▲ #
6 # # ▲ ▼ # #
7 # # ▲ ▼ ▼ #
8 ▼ # # # ▼ #

In addition, the anomaly parameters of T-wave inversion were statistically analyzed
at the 95% confidence level to obtain the confidence intervals, as shown in Tables 9–11.

Table 9. Parameters of confidence intervals for which a 95% confidence level may result in AS1.

x9 x10 x12 x13 x15 x16

Confidence Interval [1.9, 3.1] [2.4, 6.1] [2.6, 3.3] [1.9, 4.7] [0.9, 2.3] [4.2, 6]

Table 10. Parameters of confidence intervals for which a 95% confidence level may result in AS2.

x9 x10 x12 x13 x15 x16

Confidence Interval [1.73, 2.81] [3.32, 4.95] [2.36, 3.68] [3.13, 4.07] [1.45, 2.74] [3.72, 5.77]

Table 11. Parameters of confidence intervals for which a 95% confidence level may result in AS3.

x9 x10 x12 x13 x15 x16

Confidence Interval [2.01, 2.73] [3.52, 4.14] [2.67, 3.91] [3.11, 3.45] [1.64, 2.43] [3.83, 4.54]

4. Discussion
The synergistic study of forward and reverse problems has always been an important

direction in the field of biomedical engineering, and in-depth analysis of the formation
mechanism of ECG not only helps to reveal the nature of cardiac pathophysiology and
physiology, as well as to optimize clinical diagnosis and treatment strategies, but also
provides theoretical support for precision medicine. However, the existing methods still
face key challenges such as oversimplification of models and difficulty in quantification of
parameters in the reverse analysis of electrophysiological parameters in cardiomyocytes
from surface ECG signals. In this study, a dual-path research framework integrating
forward modeling and inverse optimization was constructed, and the association mech-
anism between T-wave inversion and abnormal Ca2+ and K+ plasma concentrations was
quantitatively revealed at the cellular scale for the first time.

Figures 7 and 8 provide the results of simulating and verifying the forward generation
of a normal ECG. Figure 7 demonstrates the electrical conduction of the cardiac signal.
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At 10 ms, the sinus node begins depolarization, which subsequently propagates to the
left atrium for depolarization at 40 ms. By 120 ms, depolarization is complete in all atria.
Between 220 ms and 230 ms, the subendocardial layer of the ventricular myocardium, M
cells, and epicardial cells complete depolarization. The ventricle undergoes repolarization
between 420 ms and 520 ms, when a separation of transmembrane potentials occurs in the
myocardium VM > VEndo > VEpi. The simulated conduction process is consistent with the
normal physiological conduction process [38]. Figure 8 and Table 2 demonstrate the normal
ECG waveforms obtained by simulation, with the appropriate parameters set according to
the clinical data. In the ECG, the P-wave is generated by the difference in transmembrane
potential between atrial and atrial cells; the QRS wave cluster and T-wave are caused by
the difference in transmembrane potential between Epi cells, M cells and Endo cells during
depolarization and repolarization, respectively. The simulation results meet the diagnostic
criteria for normal ECG waveforms [39].

Figures 9 and 10 present the results of simulating and validating the ECG for forward
generation of abnormalities. Figure 9 provides validation of the stability of the multiscale
model in the presence of multiple electrolyte abnormalities. Figure 9a,b demonstrate the
effect of the extracellular Ca2+ concentration on the APD, which shortens with an increasing
Ca2+ concentration, which is in agreement with the medical findings of Severi et al. [35].
Figure 9c,d demonstrate the effect of K+ channel blockade on the ECG, with prolongation
of the QT interval and reduction of the T-wave amplitude of the ECG with deepening
of the block. Figure 9e–g demonstrate the effect of Na+ channel blockade on the ECG,
with prolongation of the QT interval and widening of the QRS interval of the ECG with
deepening of the block, in agreement with the medical findings of Zemzemi et al. [40].
Afterwards, we adjusted the K+ and Ca2+ concentrations in the cellular environment
according to the report of Moon et al. [34] and simulated the abnormal ECG shown in
Figure 10. The direction of the T-wave was opposite to the main deflection of the QRS
wave group and the morphology of the T-wave was arrow-shaped, which was consistent
with the conclusions of the report. The results in Figures 7–10 demonstrate that ECGs
adapted to changes in electrolyte concentration can be generated using the framework
proposed in this paper. The simulation of T-wave inverted ECG demonstrates that the K+

concentration and Ca2+ concentration in cardiomyocytes have an effect on T-wave shape,
which is consistent with the findings in the literature [36,41]. In this paper, we found that
the cell–tissue–torso stem multiscale model can fully simulate the forward mapping process
from electrophysiological parameters to ECG, and it can be used for the study of the ECG
waveform generation mechanism when forward simulation is performed.

Figure 11 shows the validation results using several metaheuristic optimization algo-
rithms. Figure 11 compares the optimization results of the DE, NSGA2 and SSA algorithms
for 30 groups of normal ECG signals. The DE algorithm has the fastest convergence speed,
smaller objective function values compared to the NSGA2 algorithm, and better global
optimization ability with a maximum RMSE of 0.086 in 30 groups of individuals compared
to the SSA algorithm. The DE algorithm was chosen to optimize the multiscale cardiac
model and the RMSE of the normal ECG signals for all 30 groups of individuals was less
than 0.1. Figure 15 shows the optimization of the 30 groups of T-wave inverted ECGs
using the DE algorithm and the RMSE of the abnormal ECG signals for all 30 groups
of individuals was less than 0.2, which indicates that the inverse solving of the normal
signals using the intelligent algorithms resulted in a convergence of the results. Figure 13
demonstrates the comparison between the inverse optimization of 30 groups of normal
ECGs and the clinically real ECGs using the framework, and Figure 16 demonstrates the
comparison between the inverse optimization of 30 groups of T-wave inverted ECGs and
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the clinically real ECGs, and the effectiveness to the inverse problem can be intuitively
responded to by the degree of curve fitting in the Figure 13.

Figure 12 shows the results of the inverse solution performed for 30 groups of normal
individuals, with outliers in the variable x1, x13, x16, x18, x19, x24, which are specifically
analyzed. Among them, x1 is a dimensionless parameter, where its role is to adjust the size
of the ECG, the general clinical situation R wave should be between 0.5 mV and 2.5 mV,
the majority of the 30 groups in this 1 mV or less, but in the 28th group of the R wave of
2.1 mV, at this time x1 there are outliers, but they belong to the normal situation; x13, x16 is
the extracellular K+ concentration of the epicardial myocyte and the M cell, respectively,
in the 23rd group of ECGs, which found that x13 = 7.1(mmol/L) x16 = 7.8(mmol/L), the
30th group of ECGs found that, the 3rd group of ECGs of, the ventricular myocyte out of
concentration. ECG found x16 = 7.8(mmol/L), x13 = 7.3(mmol/L) in the group 3 ECG,
the extracellular K+ concentration in ventricular myocytes was too high and was an outlier,
but the ventricular repolarization sequence was unchanged and the electrocardiogram
was normal in the case of other parameters that were not outliers. x18, x19 are the cell
length and cell radius of the ventricular myocyte, because everyone has differences in
length and radius, and cardiomyocytes have self-regulation. These two outliers are also
normal. For the atrial extracellular Na+ ion concentration, most of the concentration is at
140 (mmol/L); the outlier value is at 135 (mmol/L), but it is also within the normal range.
A special case can be seen in which x13, x16 shows an abnormal value but a normal ECG,
which is possible in clinical situations. This situation cannot be diagnosed by ECG and
needs further examination to confirm. The solved data of 30 groups of normal individuals
were counted to obtain specific ranges of 29 physiological parameters at the cellular level
in Table 4, which are basically within the clinical reference range of [37,42] and are used as
a measure of normal ECG activity.

The results of the inverse solution for 30 groups of T-wave inverted individuals are
given in Figures 17 and 18. The inverse solution revealed abnormalities in the K+ concen-
tration and Ca2+ concentration of the ventricular myocytes, which were manifested by the
fact that the order of action potential repolarization in the ventricular myocardium differed
from that of the normal condition in Figure 8a, which was consistent with previous studies
showing that the mechanism of T-wave inversion formation was caused by abnormali-
ties of the potential difference generated by the ventricular repolarization, and that this
abnormality is in turn caused by abnormal extracellular ion concentrations in ventricular
myocytes [43]. In this paper, the abnormalities were classified into three cases based on the
difference in negative potentials: AS1 for VEpi > VEndo > VM; AS2 for VM > VEpi > VEndo;
and AS3 for VEpi > VM > VEndo. Figure 18 demonstrates the distribution of the ventricular
Endo cell, Epi cell, and M cell K+ concentrations and Ca2+ concentrations for the three
conditions. The deviations of abnormal parameters from the normal range are counted
in Tables 6–8 and quantified in Tables 9–11 at the 95% confidence intervals. In the AS1
abnormality, there was a significant difference between x10, x12 and x13 and the range of
normal values. In the AS2 abnormality, x12 and x13 were significantly different from the
normal value range. In the AS3 abnormality, x9, x12 and x13 were significantly different
from the normal value range. Therefore, it is considered 95% likely that the inversion of the
T-wave is caused by abnormalities in these parameters. These abnormalities are caused by
a change in the balance of the K+ and Ca2+ concentrations and are ultimately reflected in
the ventricular action potentials and ECG.

Table 5 presents a comparison with existing ECG inverse methods. In this study, a
differential evolutionary algorithm was used to optimize the parameters of the multiscale
model to achieve the ECG inverse solution on a cellular scale. In contrast to the numerical
approach of Barnes et al. [16], the electrophysiological properties of ion channel exchange
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in the heart are considered in this study. In contrast to the methods proposed by Sahli
Costabal [17] and Tenderini [18], this method allows us to explain the pathological mech-
anisms of the different structures of the ventricle on a cellular scale. Additionally, the
algorithmic framework proposed in this paper has structural advantages in that the choice
of atrial and ventricular models, as well as the solution of the optimization algorithm, can
be made flexibly to allow for research and subsequent model improvement for different
cardiovascular diseases.

We found that the mechanism of T-wave inversion is related to the concentration of K+

and Ca2+ in the extracellular fluid of ventricular myocytes. This approach could provide
decision support for clinicians, enhance early detection and prediction of heart disease, and
provide personalized diagnosis and treatment for different patients.

5. Conclusions
In this study, we proposed a novel methodological framework that successfully in-

tegrates a multiscale cardiac electrophysiological forward model (cell–tissue–torso) with
an inverse optimization technique using the DE algorithm. The forward model accurately
reproduced the propagation of action potentials and generated realistic body surface ECGs.
Furthermore, the inverse solution effectively minimized the RMSE to quantify cellular-scale
parameters from macroscopic ECG data. By applying this framework to clinical data, we
specifically quantified the ionic mechanisms underlying T-wave inversion. Compared
with normal electrocardiographic parameters, different degrees of abnormal K+ and Ca2+

concentrations in the extracellular fluid of the ventricular myocardium were observed
in the T-wave inversion, which led to three different abnormalities during ventricular
repolarization: (1) VEpi > VEndo > VM, higher Ca2+ concentrations and K+ concentration is
lower (95% confidence interval [Ca2+]: 2.60 to 3.30 (mmol/L), [K+]: 1.9 to 4.7 (mmol/L));
(2) VM > VEpi > VEndo, with a higher Ca2+ concentration and a lower K+ concentration
(95% confidence interval [Ca2+]: 2.36 to 3.68 (mmol/L), [K+]: 3.13 to 4.07 (mmol/L)); and
(3) VEpi > VM > VEndo, higher concentrations of Ca2+ and lower concentrations of [K+]

(95% confidence interval [Ca2+]: 2.67 to 3.91(mmol/L), [K+]: 3.11 to 3.45 (mmol/L)).
The results of this study provide valuable insights into understanding the mechanisms

of T-wave inversion in the electrocardiogram, thereby deepening the understanding of the
relationship between T-wave inversion and the electrical activity of the heart. In addition,
these findings open up new avenues for the development of drugs for the treatment of
T-wave inversion. Meanwhile, the methodology used in this study can also be used to
study the mechanisms of other abnormal ECGs, which can help physicians to make early
diagnosis and interventions for diseases.
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