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Abstract: The changes in cardiomyocyte action potentials are related to variations in intra- and
extracellular ion concentrations. Abnormal ion concentrations can lead to irregular action poten-
tials, subsequently affecting wave propagation in myocardial tissue and potentially resulting in the
formation of spiral waves. Therefore, timely monitoring of ion concentration changes is essential.
This study presents a novel machine learning classification model that predicts ion concentration
changes based on action potential variation data. We conducted simulations using a single-cell model,
generating a dataset of 850 action potential variations corresponding to different ion concentration
changes. The model demonstrated excellent predictive performance, achieving an accuracy of 0.988
on the test set. Additionally, the causes of spontaneous spiral wave generation in the heart are insuffi-
ciently studied. This study presents a new mechanism whereby changes in extracellular potassium
ion concentration leads to the spontaneous generation of spiral waves. By constructing composite
myocardial tissue containing both myocardial and fibroblast cells, we observed that variations in
extracellular potassium ion concentration can either trigger or inhibit cardiomyocyte excitation. We
developed three tissue structures, and by appropriately adjusting the extracellular potassium ion
concentration, we observed the spontaneous generation of single spiral waves, symmetrical spiral
wave pairs, and asymmetrical double spiral waves.

Keywords: artificial neural networks; ion concentration; action potential; spiral wave; cardiomy-
ocytes; fibroblasts

1. Introduction

The heart is the powerhouse of the human circulatory system, functioning to propel
blood throughout the body via contraction and relaxation. Cardiac contraction is trig-
gered by electrical impulses originating from the sinoatrial node, which then propagate
through the atria and ventricles. Upon receiving these electrical impulses, cardiac muscle
cells rapidly depolarize, generating action potentials. Action potentials are the physio-
logical basis for muscle contraction and serve as objective markers for the conduction in
excitable cells.

The regulation of cardiac function heavily relies on the action potential of cardiomy-
ocytes, which is essential for maintaining a normal heart rhythm and effective cardiac
contraction [1]. Action potentials in cardiomyocytes are facilitated by changes in ion cur-
rents within the cells, driven by specific ion concentrations inside and outside the cell
membrane. Any deviation in these ion concentrations can lead to abnormal ion currents,
causing distorted action potentials [2,3]. These irregular electrical activities present as
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arrhythmias on an electrocardiogram, such as heart block, tachycardia, and ventricular fib-
rillation, potentially compromising cardiac function and posing life-threatening risks [4–6].
Therefore, it is crucial to monitor changes in ion concentrations within cardiomyocytes and
uphold the balance of these ions to ensure proper cardiac function.

Accurately determining changes in ion concentrations poses a significant challenge
within research. It is understood that alterations in ion concentrations manifest in variations
in the action potential, with different types of changes leading to distinct action potential
forms. As such, our objective is to forecast ion concentration changes by analyzing the
shape of the action potential. The impact of diverse ion concentration modifications on the
action potential in cardiomyocytes has been extensively explored. For example, an increase
in extracellular potassium ion concentration raises the resting membrane potential, shortens
the action potential duration (APD), and diminishes membrane excitability [7,8]. A rise in
extracellular potassium ion concentration to 10 mmol/L can mitigate APD alternans [9].
Conversely, elevating extracellular sodium ion concentration intensifies depolarization and
prolongs the APD [10]. Luo and Rudy utilized mathematical models to anticipate changes
in the action potential based on alterations in intracellular calcium ion concentration [11].
However, research distinguishing between changes in ion concentrations inside and outside
the cardiomyocyte membrane based solely on the shape of the action potential has not yet
been conducted. This is the first research objective of the present study.

Previous studies have shown that changes in extracellular potassium ion concentration
primarily affect the resting potential and APD of cardiomyocytes, thereby influencing their
excitability [7,8]. In myocardial tissue, such alterations can impact wave propagation. This
prompts us to investigate whether variations in potassium ion concentration can induce the
spontaneous generation of spiral waves in myocardial tissue. This is the second research
objective of the present study. In the heart, cardiomyocytes comprise only a small propor-
tion of the cells, with the majority being non-cardiomyocytes, among which fibroblasts are
the most numerous [12,13]. As the heart ages, it undergoes remodeling, with fibroblasts
proliferating and differentiating into myofibroblasts [14,15]. It has been extensively demon-
strated that there is mutual coupling between cardiomyocytes and fibroblasts (including
myofibroblasts), known as myocyte-fibroblast coupling (M-F coupling) [16–18]. This means
that fibroblasts in myocardial tissue can influence the electrophysiological properties of
cardiomyocytes [19,20]. Qu et al. discovered that when the extracellular potassium ion
concentration is low, cardiomyocytes exhibit early afterdepolarizations (EADs) [3]. Fur-
thermore, when cardiomyocytes are coupled with fibroblasts, a decrease in extracellular
potassium ion concentration exacerbates the formation of EADs, highlighting the significant
impact of fibroblasts on cardiomyocytes [21]. Therefore, our study considers myocardial
tissue to include both fibroblasts and cardiomyocytes.

For the first research objective, we employed machine learning methods. Machine
learning algorithms are capable of efficiently processing large datasets to uncover hidden
patterns and relationships. These advantages have led to their widespread application
across various fields. In medical diagnostics, machine learning algorithms have been
effectively combined with theoretical and experimental methods, yielding significant re-
sults [22–24]. Redkar et al. employed wrapper feature selection and class balancing
techniques to predict drug–target interactions. They evaluated the effectiveness of different
machine learning algorithms, such as Decision Tree, Extreme Gradient Boosting, Gaussian
Naive Bayes, K-Nearest Neighbor, and Random Forest [25]. Lancaster et al. combined
physiological modeling, statistical analysis, and machine learning to create a classifier
that differentiates between proarrhythmic and non-proarrhythmic drugs, utilizing metrics
from action potentials and intracellular calcium waveforms [26]. Ahme et al. successfully
implemented a one-dimensional Convolutional Neural Network (1D-CNN) model for
arrhythmia classification, achieving an accuracy of 99% on the test set [27]. In the inves-
tigation of cardiac electrophysiological mechanisms, the integration of machine learning
algorithms has proven to be particularly significant [28,29]. The fusion of electrophysio-
logical models with machine learning techniques has emerged as a powerful and effective
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research approach [30–32]. Abnormal propagation of electrical waves in the heart can
lead to the formation of spiral waves, triggering ventricular tachycardia (VT). These spiral
waves breaking up can result in ventricular fibrillation (VF), a condition that can quickly
become life-threatening. Mulimano et al. successfully identified patterns of unbroken
and broken spiral waves through the use of CNN, offering a valuable tool for spiral wave
identification [33]. In a separate study, Jeong et al. utilized an Artificial Neural Network
(ANN) model to predict changes in ion channel conductance by comparing abnormal action
potentials with standard action potentials. This model demonstrated an accuracy rate of
98% [34].

To predict ion concentration changes based on variations in action potentials, we
developed a machine learning model using the ANN. The dataset was acquired through
electrophysiological simulations using the Ten Tusscher-Noble-Noble-Panfilov (TNNP)
human ventricular model of a single cardiomyocyte [35]. Sodium, potassium, and calcium
ion concentrations inside and outside the cardiomyocyte membrane were systematically
adjusted, and the subsequent action potentials were recorded. A total of 850 unique action
potential variation curves were generated and utilized for training the ANN model. The
findings demonstrated that the model successfully predicted ion concentration fluctuations
from the action potential data with a high accuracy of 98.8% on the test set.

For the second research task, to more accurately reflect the complexity of the human
heart, we constructed a composite myocardial tissue model that included both cardiomy-
ocytes and fibroblasts. The primary component of the composite myocardial tissue was
a two-dimensional layer of myocardial tissue, with certain regions locally covered by a
specific density of fibroblasts. We explored the impact of K0 variations on wave propagation
in composite myocardial tissue with M-F coupling. We found that changes in K0 within
the composite myocardial tissue can either trigger or suppress cardiomyocyte excitation.
Under specific structural configurations within the composite tissue, appropriate adjust-
ments to K0 can lead to the spontaneous generation of single spiral waves, symmetric
spiral wave pairs, and asymmetric double spiral waves. Real heart tissue is complex and
influenced by factors such as disease or fibrosis, leading to the spontaneous occurrence
of spiral waves. Since K0 can change due to diseases, the phenomena observed in this
study are likely to occur in real hearts. This study is the first to demonstrate that changes
in extracellular potassium ion concentration can spontaneously generate spiral waves in
composite myocardial tissue.

The main contributions of this article are summarized as follows:

1. We established a dataset of myocardial cell action potentials corresponding to changes
in the concentrations of various ion currents inside and outside the cell membrane.
Based on this dataset, we developed a new ANN classification model that can accu-
rately predict ion current concentration changes from action potential variations. The
accuracy of the model in the test set is 0.988.

2. We have discovered a mechanism for the spontaneous generation of spiral waves in the
heart. When certain specific structures are present within composite myocardial tissue,
changes in the extracellular potassium ion concentration can trigger the spontaneous
generation of spiral waves by myocardial cells in the composite tissue.

The rest of the paper is organized as follows: Section 2 describes the models and
methods used for the two objectives. Section 3 presents the results of the two objectives.
Section 4 discusses the results of each objective separately. Section 5 concludes the study
and outlines future research directions.

2. Materials and Methods
2.1. Constructing the ANN Classification Model: Predicting Ion Concentration Changes Based on
Action Potential Curves
2.1.1. Electrophysiological Cell Model

Cardiac cells are composed of cytoplasm and various ions that can move and create
currents, resulting in changes in the membrane potential of cardiomyocytes. In the absence
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of external stimuli, a cardiomyocyte remains in a resting state, characterized by a stable
membrane potential difference across the cell membrane, known as the resting potential.
This resting potential is primarily maintained by the outward flow of potassium ions.
The formation of action potentials in cardiomyocytes is closely related to ion currents
across the cell membrane. Since this study focuses on ventricular cardiomyocytes, we
will use them as an example to describe the process of action potential formation. The
action potential in ventricular cardiomyocytes includes the phases of depolarization and
repolarization. The depolarization phase, also known as phase 0, occurs when external
stimuli cause the membrane potential to reach the threshold. This triggers the opening
of sodium channels in the cell membrane, leading to a rapid influx of sodium ions and
a swift rise in the membrane potential. By the end of phase 0, calcium ions also begin to
flow into the cell, while the outward flow of potassium ions temporarily decreases. The
repolarization phase consists of four stages: phase 1, phase 2, phase 3, and phase 4, during
which the cardiomyocyte gradually returns to its resting state. Phase 1, also known as the
initial rapid repolarization phase, is characterized by the cessation of sodium ion influx
and a transient outward flow of potassium ions. Phase 2, or the plateau phase, involves
a slow influx of calcium ions and continued outward flow of potassium ions, with the
cardiomyocyte in a refractory period, making it less responsive to external stimuli. Phase 3
is the terminal rapid repolarization phase, where calcium ion influx stops and potassium
ions flow out rapidly. Phase 4, known as the resting phase, involves the sodium-potassium
pump and sodium-calcium exchange mechanisms restoring ion concentrations inside and
outside the cell membrane to pre-stimulus levels.

To obtain more accurate data on the variation of action potentials with ion concen-
tration, this study utilizes data from the human heart model proposed by Ten Tusscher
et al. in 2004, commonly referred to in the literature as the Ten Tusscher-Noble-Noble-
Panfilov (TNNP) human heart model [35]. The experimental data used in this model
encompass the major ion currents, comprehensively reflecting the changes in ion concentra-
tion through the changes in currents. Therefore, we employed the single-cell TNNP model
for electrophysiological simulations. The dynamical equations of the model are as follows:

dV
dt

= − Iion + Istim
Cm

, (1)

Iion = INa + IK1 + Ito + IKr + IKs + ICaL + INaCa + INaK + IpCa + IpK + IbCa + IbNa. (2)

where V is the myocardial cell membrane voltage (in mV), t is the time (in ms), Cm = 1.0 µF/cm2

is the membrane capacitance of the cardiomyocyte, Iion is the sum of all transmembrane
ionic currents, and Istim is the externally applied stimulus current. The meanings and
expressions of each ion current are shown in Table 1. In Table 1, ENa, EK, EKs, and ECa rep-
resent the reversal potentials of their respective ion currents, respectively. Their expressions
are as follows:

EX =
RT
zF

log
X0

Xi
for X = Na+, K+, Ca2+, (3)

EX =
RT
F

log
K0 + pKNaNa0

Ki + pKNaNai
. (4)

where Na0 and Nai represent the extracellular and intracellular concentrations of sodium
ions, respectively; K0 and Ki represent the extracellular and intracellular concentrations
of potassium ions, respectively; Ca0 and Cai represent the extracellular and intracellular
concentrations of calcium ions, respectively. Under normal conditions, Na0 = 140 mM,
Nai = 11.6 mM, K0 = 5.4 mM, Ki = 138.3 mM, Ca0 = 2.0 mM, Cai = 0.00002 mM. Unless
otherwise specified, other variables in the model represent the same meanings and values
as in reference [35].
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Table 1. Meaning and expression for each ionic current in the TNNP model.

Ion Current Expression Ion Current Meaning

INa = GNam3hj(V − ENa) Fast Na+ Current
ICaL = GCaLd f fCa4 VF2

RT
Caie2VF/RT−0.341Ca0

e2VF/RT−1
L−type Ca2+ Current

Ito = Gtors(V − EK) Transient Outward Current
IKs = GKsxs

2(V − EKs) Slow Delayed Rectifier Current

IKr = GKr

√
K0
5.4 xr1xr2(V − EK) Rapid Delayed Rectifier Current

IK1 = GK1

√
K0
5.4 xK1∞(V − EK) Inward Rectifier K+ Current

INaCa = kNaCa
eγVF/RT Na3

i Ca0−e(γ−1)VF/RT Na3
0Caiα

(K3
mNai+Na3

0)(KmCa+Ca0)(1+ksate(γ−1)VF/RT)
Na+/Ca2+ Exchanger Current

INaK = PNaK
K0 Nai

(K0+KmK)(Nai+KmNa)(1+0.1245e−0.1VF/RT+0.0353e−VF/RT)
Na+/K+ Pump Current

IpCa = GpCa
Cai

KpCa+Cai
Plateau Ca2+ Current

IpK = GpK
V−EK

1+e(25−V)/5.98
Plateau K+ Current

IbNa = GbNa(V − ENa) Background Ca2+ Current
IbCa = GbCa(V − ECa) Background K+ Current

2.1.2. Dataset Description

To obtain the dataset of the action potentials corresponding to changes in various ion
concentrations, we set six variables: Na0, Nai, K0, Ki, Ca0, and Cai. We introduced µ to
adjust the ion concentrations. Based on the typical range of ion concentration variations,
the value of µ ranges from [0.3, 0.99] ∪ [1.01, 2.0], with an increment of 0.01. Thus, the
ion concentrations were varied as µ·Na0, µ·Nai, µ·K0, µ·Ki, µ·Ca0, and µ·Cai, resulting
in 170 values for each variable. We sequentially varied the six variables to obtain action
potential data under different ion concentrations, with a basic cycle length of 600 ms, as
shown by the black action potential curves in Figure 1. The red curve in Figure 1 represents
the action potential under normal conditions (µ = 1).
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Figure 1. Action potential variation curves under different ion concentrations. The red curve
represents the standard action potential variation curve under normal ion concentrations, while the
blue arrows indicate the different phases of the standard action potential.

Figure 2 illustrates the changes in action potentials corresponding to variations in
the concentrations of sodium, potassium, and calcium ions inside and outside the cell
membrane. From Figure 2, it can be observed that changes in sodium ion concentrations
primarily affect phases 0, 2, and 3 of the action potential, as shown in Figure 2a,b. This
mainly manifests in the degree of depolarization of the cell membrane and APD. Potassium
ion concentration changes mainly influence phases 0, 3, and 4 of the action potential, as
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illustrated in Figure 2c,d, substantially impacting the degree of depolarization of the cell
membrane, APD, and the resting potential of cardiomyocytes. Changes in extracellular
calcium ion concentration primarily affect phases 1, 2, and 3 of the action potential, as
seen in Figure 2e, mainly influencing the plateau phase and APD. In Figure 2f, the normal
value of intracellular calcium ion concentration is 0.00002 mM. Within the range of µ
values, changes in calcium ion concentration are minimal, and thus their effect on the action
potential is negligible. Therefore, this study disregards the variable of intracellular calcium
ion concentration.
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Figure 2. Action potentials corresponding to variations in the concentrations of sodium, potassium,
and calcium ions inside and outside the cell membrane. The red curve represents the standard
action potential curve under normal ion concentrations, the blue curve represents the action potential
changes with increased ion concentrations, and the green curve represents the action potential
changes with decreased ion concentrations. (a) Na0; (b) Nai; (c) K0; (d) Ki; (e) Ca0; (f) Cai.

Based on the above, our dataset comprises five variables: Na0, Nai, K0, Ki, and Ca0,
categorized into five classes. Each class contains action potential data with 170 values,
corresponding to 170 different action potentials. Therefore, the dataset contains a total of
850 samples. During numerical simulations, we recorded the voltage value every 0.02 ms,
resulting in 30,000 voltage values for each sample.

2.1.3. Dataset Prepossessing

Before modeling, we processed the dataset as follows:

1. For each sample, we selected a voltage value at 0.4 ms intervals, resulting in 1500 volt-
age values per sample;

2. The dataset was standardized to improve the model’s stability and performance;
3. The dataset was randomly split into training and testing sets, with 850 samples

divided into training and testing datasets in an 8:2 ratio.

2.1.4. ANN Model Construction

To predict ion concentrations, we constructed an ANN model with three fully con-
nected layers. The first input layer consisted of 64 neurons, the second hidden layer
contained 32 neurons, and the final output layer included 5 neurons, corresponding to the
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five types: Na0, Nai, K0, Ki and Ca0. We selected the ReLU activation function because
it provides nonlinear fitting capabilities without causing the vanishing gradient problem.
For the final layer, we chose the softmax activation function to convert the output into a
probability distribution across the categories.

The model was trained using the Adam optimizer with its default hyperparameters
and the cross-entropy loss function, with accuracy on the validation set monitored through-
out the training process. Twenty percent of the training data was allocated as the validation
set. The training process was set for 200 epochs with a batch size of 50. To mitigate the risk
of overfitting caused by the limited data, we assessed the model’s performance through
five-fold cross-validation. After training, we evaluated the model’s performance, with the
results detailed in Section 3. The workflow of the entire method is shown in Figure 3.
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2.2. Constructing the Mathematical Model of Composite Myocardial Tissue: Exploring the
Spontaneous Generation of Spiral Waves

Abnormal ion concentrations in cardiomyocytes can result in abnormal action potential
curves, as illustrated in Figure 1, increasing the likelihood of spiral waves forming in
myocardial tissue. The presence of spiral waves in myocardial tissue is a concerning
indicator, as their presence frequently results in arrhythmias [36]. Figure 2 illustrates
the varying impacts of different ion concentrations inside and outside the cardiomyocyte
membrane on action potentials. For instance, as depicted in Figure 2c, changes in K0
primarily influence APD and resting potential. Decreasing K0 lengthens APD and the
effective refractory period of the cardiomyocyte, while also reducing the resting potential,
resulting in hyperpolarization. Conversely, increasing K0 shortens the APD and increases
the resting potential, leading to depolarization. These alterations influence the excitability
of the medium and alter the propagation of electrical signals within myocardial tissue.
This study utilizes a composite myocardial tissue comprising both cardiomyocytes and
fibroblasts to explore how changes in K0 can induce the spontaneous formation of spiral
waves within the tissue.

The Luo-Rudy Phase I (L-R Phase I) heart model, which includes only the five major
currents in the heart, is considered relatively simple yet accurately describes the dynamic
behavior of cardiomyocytes [37]. Due to its simplicity and accuracy, this model is widely
utilized in research. For our simulations on a two-dimensional myocardial tissue, taking
into account computational cost, we incorporated the L-R Phase I heart model along with
a passive fibroblast model [38]. The main component of the composite myocardial tissue
is a two-dimensional layer of myocardial tissue measuring 8.4 cm × 8.4 cm, discretized
into a grid of 300 × 300 points. The coordinates of the grid points are denoted as (i, j),
with integer values ranging from 1 to 300. Myocardial tissue is partially covered with a
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certain density of fibroblasts, which couple with cardiomyocytes through gap junctions
in the covered area. Since fibroblasts are much smaller than cardiomyocytes, it can be
assumed that each grid point can accommodate only one cardiomyocyte but can hold n
fibroblasts. Therefore, one cardiomyocyte is electrically coupled with n fibroblasts, with n
referred to as the cell coupling number. Because fibroblasts are overlaying cardiomyocytes,
wave propagation mainly relies on the cardiomyocytes, so the electrical coupling between
fibroblasts is ignored in this study. In the model, the values of some parameters are set
as follows: the coupling strength of M-F coupling Ggap = 4 nS, the resting membrane
potential of fibroblasts E f = −45 mV, and the membrane conductivity of fibroblasts
G f = 4 nS. In the L-R Phase I cardiac model, the normal concentration of extracellular
potassium ions is 5.4 mmol/L. We set the concentration of extracellular potassium ions as a
variable. The detailed mathematical model of the composite myocardial tissue is provided
in Appendix A.

In numerical simulation, no-flux boundary conditions are used in all simulations. The
time derivative is obtained using the first order Euler forward difference method and the
second order spatial derivative is obtained using the central difference method with fixed
time step of ∆t = 0.02 ms and spatial step of ∆x = ∆y = 0.028 cm. The initial state of the
composite medium is set as follows: all cells are in a resting state, with the initial membrane
potentials of cardiomyocytes and fibroblasts set to Vm = −84 mV, and Vf = −55 mV.

3. Results
3.1. Performance Evaluation of the ANN Classification Model

This study utilized several metrics to evaluate the model’s performance in predicting
ion concentration changes. Details on performance metrics are provided in Appendix B.
Through five-fold cross-validation, we observed an average accuracy of 0.98 on the test
sets, indicating that the model does not exhibit severe overfitting. Among all the folds, we
selected the results from the fold that demonstrated the best performance. The accuracy
and loss curves of the model are illustrated in Figure 4. As seen in Figure 4, both the
training and validation curves gradually stabilize with the increase in training epochs. The
trained model achieved an accuracy of 0.993 on the training set and 0.988 on the test set.
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Additionally, we evaluated the model’s precision, recall, F1-score, and support on both
the training and test datasets. As shown in Table 2, the changes in K0, Ki, and Ca0 were
accurately classified in the training dataset, with all achieving precision, recall, and F1-score
values of 1.0. The model’s performance on the test dataset reflected its generalization ability.
The data in Table 2 indicate that the model achieved an average precision of 0.989, an
average recall of 0.988, and an average F1-score of 0.988 on the test set, demonstrating the
model’s strong generalization capability.
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Table 2. Classification report of the ANN model.

Matrix
Training Dataset Testing Dataset

Na0 Nai K0 Ki Ca0 Average Na0 Nai K0 Ki Ca0 Average

precision 0.99 0.98 1.00 1.00 1.00 0.993 0.97 1.00 1.00 1.00 0.97 0.989
recall 0.98 0.99 1.00 1.00 1.00 0.993 1.00 0.94 1.00 1.00 1.00 0.989

F1-score 0.98 0.98 1.00 1.00 1.00 0.993 0.98 0.97 1.00 1.00 0.99 0.988
support 139 136 136 135 134 - 31 34 34 35 36 -

Figures 5 and 6 illustrate the confusion matrices and ROC curves of the model on
the training and test sets, respectively. As shown in Figure 5a, the training set predictions
for K0, Ki, and Ca0 were accurate. Among the 139 samples where changes in Na0 led to
action potential variations, 3 were misclassified as changes in Nai, with an error rate of only
0.02. For the 136 samples where changes in Nai led to AP variations, 2 were misclassified
as changes in Na0, with an error rate of only 0.01. In the test set, as shown in Figure 5b,
only 2 samples in the Nai category were misclassified, while the other four categories were
accurately predicted.
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In the ROC curve, the y = x line represents a random classification curve. All five
classified ROC curves of the ion concentration were distributed in the left area of the
random classification curve, and all area under the curve (AUC) values were 1, implying
that all of the ion channel conductance were accurately classified. Figure 6 shows a perfect
score in all classes in the training and testing datasets.

3.2. Three Structures of the Composite Cardiac Tissue and the Spontaneous Generation of
Spiral Waves

In this section, we introduce the three structures of the composite cardiac tissue and
the mechanisms of spiral wave generation. To clearly illustrate the formation process of
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spiral waves, we plotted the pattern of the membrane potential in the cardiac tissue. The
brightness in the pattern indicates the voltage levels of the cardiac cells.

3.2.1. The First Configuration of Composite Cardiac Tissue and the Generation of a Single
Spiral Wave

In the composite cardiac tissue, fibroblasts are uniformly distributed in two regions,
Region 1 and Region 2. The spatial coordinates (i, j) for Region 1 are i ∈ [100, 129],
j ∈ [1, 50], and for Region 2 are i ∈ [130, 160], j ∈ [1, 200]. The extracellular potassium ion
concentration in Region 1 is denoted as K0,1, and in Region 2 as K0,2. The extracellular
potassium ion concentrations in these two regions vary over time as follows:

K0,1 = 3.5mmol/L, K0,2 = 10.0mmol/L i f t < 130 ms (5)

K0,1 = 10.0mmol/L, K0,2 = 2.5mmol/L i f 130 ms ≤ t < 210 ms (6)

K0,1 = 5.4mmol/L, K0,2 = 5.4mmol/L i f t ≥ 210 ms (7)

Numerical simulation results indicate that when K0 varies according to Equations
(5)–(7), a single spiral wave can a single spiral wave can be spontaneously generated in the
composite cardiac tissue. The formation process of the spiral wave is illustrated in Figure 7.
Initially, since K0,1 in Region 1 is below the normal extracellular potassium concentration
of 5.4 mmol/L, the myocardial cells in Region 1 are excited first at t = 35 ms, as shown
in Figure 7b. This gradually forms a target wave in the system, with the myocardial cells
in Region 2 being sequentially excited from the bottom to the top during this process.
Next, at t = 180 ms, as shown in Figure 7e, the target wave is about to move out of the
system boundary. At this time, since K0,1 in Region 1 is higher than the normal extracellular
potassium concentration, and K0,2 in Region 2 is lower than the normal concentration,
the myocardial cells at the lower end of Region 2 have already spontaneously excited,
generating a target wave that propagates outward. However, the target wave cannot
propagate in other parts of Regions 1 and 2 because the myocardial cells are still in the
effective refractory period. The myocardial cells on the right side of Region 2 have exited
the refractory period, so the target wave gradually propagates to the right, appearing as a
quarter-circular wave. The target wave then excites the myocardial cells on the right side
of Region 2 upward, as shown in Figure 7f. Finally, at t = 270 ms, as shown in Figure 7g,
the extracellular potassium ion concentrations in Regions 1 and 2 have returned to normal
values, causing the myocardial cells at the top of Region 2 to return to the resting state. The
target wave just reaches this area, allowing it to propagate into Region 2, forming the wave
tip, which then gradually evolves into a single spiral wave.
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(h) t = 315 ms; (i) t = 2805 ms.
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3.2.2. The Second Composite Cardiac Tissue Configuration and the Generation Process of
Spiral Wave Pairs

In this configuration of the composite cardiac tissue, the middle region of the myocar-
dial layer, with spatial grid coordinates i, j ∈ [80, 220], is uniformly covered with fibroblasts.
The extracellular potassium ion concentration in this region varies over time as follows:

K0 = 3.5mmol/L i f t < 250 ms (8)

K0 = 5.4mmol/L i f t ≥ 250 ms (9)

Numerical simulation results indicate that when K0 varies according to Equations (8)–(9),
spiral wave pairs can be spontaneously generated in the composite cardiac tissue. The
formation process of the spiral wave pairs is illustrated in Figure 8. Initially, at t = 40 ms,
due to K0 in the fibroblast-covered region being lower than the normal concentration,
myocardial cells in the covered region self-excite and generate a target wave that propagates
outward, as shown in Figure 8b. However, after excitation, these myocardial cells cannot
return to the resting state and remain in the effective refractory period, as seen in Figure 8d,
thus turning the fibroblast-covered area into a wave-blocking zone. Subsequently, at
t = 168 ms, a plane wave with a width of 10 grid points is introduced at the lower
boundary of the system to simulate the plane wave generated by the sinoatrial node. When
this plane wave encounters the covered region, as illustrated in Figure 8e, it is blocked and
broken at the boundary of the covered region and can only propagate along the boundary.
Then, at t = 305 ms, as shown in Figure 8f, the plane wave is about to cross the covered
region, where K0 has returned to the normal concentration, allowing the myocardial cells
to return to the resting state. The previously blocked area becomes passable again, and the
broken plane wave propagates into the covered region, forming two spiral wave heads.
Finally, the collision of the two spiral waves formed a symmetrical spiral wave pair.
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(h) t = 5740 ms; (i) t = 5840 ms.

3.2.3. The Third Composite Myocardial Tissue Configuration and the Formation Process of
Double Spiral Wave

The uniform distribution of fibroblasts is a special case; in most scenarios, fibroblasts
are distributed non-uniformly. In this section, we discuss the spontaneous generation of
spiral waves under a gradient distribution of fibroblast density. In the composite myocardial
tissue, fibroblasts are randomly distributed within the region i ∈ [81, 220], j ∈ [51, 250],
with the fibroblast density (the ratio of occupied grid points to total grid points) varying as
a gradient: higher density on the left, lower density on the right. Specifically, the region
i ∈ [81, 220] is divided into seven sub-regions: Region 1, i ∈ [81, 100], fibroblast density is
100%; Region 2, i ∈ [101, 120], fibroblast density is 90%; Region 3, i ∈ [121, 140], fibroblast
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density is 80%; Region 4, i ∈ [141, 160], fibroblast density is 70%; Region 5, i ∈ [161, 180],
fibroblast density is 60%; Region 6, i ∈ [181, 200], fibroblast density is 50%; and Region 7,
i ∈ [201, 220], fibroblast density is 40%. The potassium ion concentration in these seven
regions changes synchronously over time, following the pattern described below:

K0 = 3.5mmol/L i f t < 40 ms (10)

K0 = 8.0mmol/L i f 40 ms ≤ t < 120 ms (11)

K0 = 3.0mmol/L i f 120 ms ≤ t < 160 ms (12)

K0 = 5.4mmol/L i f t ≥ 160 ms (13)

Numerical simulation results indicate that when K0 varies according to Equations (10)–(13),
a double spiral wave can be spontaneously generated in the composite cardiac tissue. The
formation process of double spiral waves is illustrated in Figure 9. Initially, when K0 in
the covered region is lower than the normal extracellular potassium concentration, regions
with higher fibroblast density will self-excite first, generating target waves that propagate
outward, as shown in Figure 9b. Subsequently, when K0 in the covered region is higher
than the normal extracellular potassium concentration, the myocardial cells return to a
resting state. However, due to the varying fibroblast densities in the covered region, the
time it takes for the myocardial cells to return to the resting state differs across regions.
Then, during the period 120 ms ≤ t < 160 ms, K0 in the covered region again falls below
the normal extracellular potassium concentration, causing myocardial cells in areas with
higher fibroblast density to excite once more, as depicted in Figure 9d. Myocardial cells
that are in the refractory state become wave-blocking zones, so the wave does not spread
outward widely; instead, a few myocardial cells that have returned to the resting state are
re-excited, as shown in Figure 9e. The excitation wave propagates along the edge of the
blocking zone. Finally, when K0 in the covered region returns to normal, the myocardial
cells within the blocking zones quickly return to the resting state. The excitation wave
then starts to propagate inward, forming two wave tips, as shown in Figure 9f. These
further evolve into a pair of spiral waves, as illustrated in Figure 9g. As time progresses,
the distance between the two wave tips increases, resulting in the formation of a double
spiral wave. Due to the uneven distribution of fibroblasts, the double spiral wave was not
perfectly symmetrical.
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(h) t = 1125 ms; (i) t = 7040 ms.

4. Discussion

In this study, we performed electrophysiological simulations of myocardial cells to
accomplish the following two tasks:



Symmetry 2024, 16, 1136 13 of 20

1. We predicted and classified the changes in ion concentration based on action potential
shapes using a machine learning algorithm with ANN layers. Through electrophys-
iological simulations of single myocardial cells, we generated a dataset of action
potentials corresponding to changes in five ion concentrations. We developed an
ANN classification model that accurately predicts ion concentration changes based on
action potential variations, achieving an accuracy of 0.988 on the test set.

2. We conducted electrophysiological simulations of a two-dimensional composite my-
ocardial tissue. By structuring the tissue and altering the extracellular potassium
ion concentration K0, we induced self-excitation in myocardial cells, resulting in the
generation of single spiral wave, spiral wave pair, and double spiral wave within the
two-dimensional composite myocardial tissue.

4.1. ANN Classification Model

This study presents an ANN model designed to predict ion concentration changes
based on action potential variation curves. We focused on changes in five types of ion
concentrations: Na0, Nai, K0, Ki, and Ca0. Using the TNNP single-cell electrophysiological
model, we generated an AP dataset comprising 850 distinct AP variation curves, with each
class including 170 action potential variation curves. The model achieved an accuracy of
0.988 under the current parameters, and other evaluation metrics also performed well,
demonstrating that ion concentration changes can be accurately predicted based on action
potential variation curves. Monitoring ion concentration changes in myocardial cells is
challenging, yet normal ion concentration variations are crucial for maintaining a regular
heart rate. Therefore, the model proposed in this study provides an effective method for
predicting intracellular and extracellular ion concentration changes from action potential
variation curves.

Additionally, we tested the ANN model with varying hidden layers, from one to three
layers, and found that increasing the number of hidden layers did not significantly improve
the model’s performance. In fact, adding more layers increased the model’s complexity,
reducing its generalization ability. We also tested the model’s performance by changing the
training-to-testing dataset ratio to 60 : 40, 70 : 30, 75 : 25, and 80 : 20 to examine the model’s
sensitivity to the training dataset size. The results indicated that the training-to-testing
ratio had no significant impact on the model’s performance.

4.2. Spontaneous Generation of Spiral Waves in Myocardial Tissue

This study constructs a two-dimensional composite myocardial tissue partially covered
by fibroblasts at a certain density. Due to this coverage, there is coupling between the
myocardial cells and the fibroblasts in the covered region. When K0 in the covered region
varies over time following a specific pattern, the composite myocardial tissue exhibits the
spontaneous generation of a single spiral wave, spiral wave pair, and a double spiral wave.

Fibroblasts are unexcitable cells. Their resting membrane potential is more depolarized
than that of myocytes, and their membrane resistance is higher. Although fibroblasts
cannot generate action potentials themselves, due to their high membrane resistance,
they can passively mimic the electrical activity of the coupled myocardial cells under
certain parameters, producing action potential-like responses similar to those of myocardial
cells [18,39]. Since the resting membrane potential of fibroblasts is higher than that of
myocardial cells, fibroblasts can play dual roles when coupled with myocytes. When
the resting potential of fibroblasts is significantly higher than that of myocardial cells,
fibroblasts act as a source of stimulus current, enhancing the excitability of the coupled
myocardial cells and inducing their excitation. Conversely, if fibroblasts cannot generate
stimulus current and require stimulus from myocardial cells to follow the membrane
potential changes, they act as current sinks, suppressing the excitability of the coupled
myocardial cells [40,41].

To analyze the mechanism of spontaneous spiral wave generation in myocardial
cells within three different composite medium structures, we fixed the resting potential



Symmetry 2024, 16, 1136 14 of 20

of fibroblasts to E f = −45 mV. The myocardial cells and fibroblasts were allowed to
evolve from their initial states, and the effects of K0 variations on both cell types were
observed. For this purpose, we plotted Figure 10 to demonstrate the action potentials of
myocardial cells and fibroblasts under different values of K0. Figure 10a shows the changes
in action potentials when the potassium concentration decreases, while Figure 10b shows
the changes when the potassium concentration increases. In both subfigures, the black
curves represent the action potential changes of myocardial cells and fibroblasts when
K0 = 5.4 mmol/L, the normal extracellular potassium concentration. In Figure 10, we
present the following two scenarios:

• The changes in the action potentials of myocardial cells without coupling to fibroblasts,
indicated by the dashed lines.

• The changes in the action potentials of myocardial cells and fibroblasts when they are
coupled, indicated by the solid lines.
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When cardiomyocytes are not coupled with fibroblasts, as shown by the dashed line
in Figure 10a, lowering K0 concentration results in a decreased membrane potential of the
cardiomyocytes, indicating hyperpolarization. The lower the K0 concentration, the greater
the degree of cardiomyocyte hyperpolarization. This observation is consistent with the
phenomenon observed in Figure 2c. When cardiomyocytes are coupled with fibroblasts,
the solid line in Figure 10a reveals that at normal K0 levels, the fibroblasts’ higher resting
potential causes depolarization in the coupled cardiomyocytes, as shown by the black solid
line in Figure 10a. However, this depolarization is not sufficient to trigger spontaneous
excitation; the cardiomyocytes remain in a mildly depolarized state. At K0 = 4.0 mmol/L,
the previously hyperpolarized cardiomyocytes, influenced by the fibroblasts, exhibit an
increased degree of depolarization. When K0 = 3.5 mmol/L, the hyperpolarization of the
cardiomyocytes is more pronounced, resulting in an even lower membrane potential. In
this case, the increased potential difference between the cardiomyocytes and fibroblasts
enhances the current source effect of the fibroblasts, raising the membrane potential of the
cardiomyocytes. When the membrane potential reaches the excitation threshold, sponta-
neous excitation occurs in the cardiomyocytes (as seen in the blue solid line in Figure 10a).
Due to the influence of fibroblasts, the excited cardiomyocytes remain in a highly de-
polarized state, or the effective refractory period, and do not return to the resting state,
making them unable to re-excite. As the K0 decreases further, the hyperpolarization of the
cardiomyocytes intensifies, resulting in an even lower membrane potential. The current
source effect of the fibroblasts becomes stronger, leading to faster and greater spontaneous
excitation in the cardiomyocytes, which then remain in the effective refractory period.
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If K0 increases, when cardiomyocytes are not coupled with fibroblasts, as indicated by
the dashed line in Figure 10b, the elevation in K0 leads to depolarization of the cardiomy-
ocytes, resulting in an increase in their membrane potential. Moreover, the higher K0, the
greater the degree of depolarization in cardiomyocytes. This change is consistent with the
observations in Figure 2c. When cardiomyocytes are coupled with fibroblasts, as shown by
the solid line in Figure 10b, the influence of fibroblasts increases the degree of depolariza-
tion in cardiomyocytes. However, even with this increase, the membrane potential does
not reach the excitation threshold, and thus the cardiomyocytes do not undergo excitation.
Additionally, the membrane potentials of the cardiomyocytes are all less than −65 mV,
indicating that the cardiomyocytes are in a relative refractory period. During this period,
cardiomyocytes can respond to stimuli above the threshold by generating new excitations.

In summary, when K0 decreases, cardiomyocytes undergo hyperpolarization. Cou-
pling hyperpolarized cardiomyocytes with fibroblasts facilitates the spontaneous genera-
tion of action potentials, and the excited cardiomyocytes remain in the effective refractory
period, preventing further excitation. Conversely, if K0 increases, cardiomyocytes depo-
larize. When these depolarized cardiomyocytes are coupled with fibroblasts, the degree
of depolarization increases, placing the cardiomyocytes in a relative refractory period,
requiring stronger stimuli to excite the cells. These phenomena demonstrate that coupling
cardiomyocytes with fibroblasts alters the excitability of cardiomyocytes in response to
changes in K0, either promoting or inhibiting excitation. This, in turn, makes it easier for
spiral waves to form in myocardial tissue.

This study constructed three types of composite myocardial tissue structures and
adjusted K0 to simulate the spontaneous generation of spiral waves. Given the complexity
of cardiac structure and its potential alterations due to disease or aging, myocardial tissue
structures can change, and such changes are often unpredictable. Therefore, when de-
signing the composite myocardial tissue structures, we considered scenarios with a single
fibroblast-covered area, two fibroblast-covered areas, and areas with varying fibroblast
densities. In each of these cases, we observed the spontaneous generation of spiral waves,
indicating that dynamic changes in K0 can induce spiral wave formation in complex cardiac
environments through the self-excitation of cardiomyocytes.

5. Conclusions

This study presents a novel ANN classification model designed to predict ion concen-
tration changes based on the action potential waveforms of cardiomyocytes. We developed
a dataset comprising action potentials corresponding to varying ion concentrations and
trained an ANN model using this dataset. Multiple performance evaluations of the model
demonstrated high accuracy, stability, and robustness, showcasing its superior performance
in predicting changes in cardiomyocyte ion concentrations. Given the difficulty in directly
detecting ion concentration changes, our model offers a simple and efficient method with
practical application value. Furthermore, this study reveals a mechanism for the sponta-
neous generation of spiral waves in the heart. It is found that in composite myocardial
tissue containing both cardiomyocytes and fibroblasts, a decrease in K0 leads to the spon-
taneous excitation of cardiomyocytes, which can readily induce the formation of spiral
waves. To investigate this, we designed three structures of composite myocardial tissue and
modulated K0 in a specific manner, resulting in the generation of single spiral waves, spiral
wave pairs, and double spiral waves in the tissue. During disease progression or cardiac
aging, fibroblasts contribute to fibrosis and the formation of infarct scars, complicating the
heart’s structure, and K0 can vary due to disease or medication. Therefore, our numerical
simulation results might reflect real cardiac events, helping us understand how cardiac
spiral waves spontaneously arise. However, due to the inherent complexity of cardiac
structure, the myocardial tissue configurations we simulated are not exhaustive. In future
research, we plan to explore a wider range of more realistic tissue structures, such as the
impact of fibroblast infiltration into myocardial layers on wave propagation.
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Currently, our machine learning model predicts ion concentrations. Since the gat-
ing variables of ion currents significantly impact ion flow, future research could involve
developing machine learning models to predict the states of ion current gating variables.
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Appendix A

To investigate the spontaneous generation of spiral waves in the composite myocardial
tissue due to variations in extracellular potassium ion concentration, we employed the
L-R Phase I heart model and the passive fibroblast model. A composite myocardial tissue
was constructed by partially covering a two-dimensional myocardial tissue layer with
fibroblasts. The dynamical equations for the composite myocardial tissue are as follows:

∂Vm

∂t
= − Iion

Cm
+

n
Cmz

Ω
(→

r
)

Ggap

(
Vf − Vm

)
+ D∇2Vm, (A1)

Iion = INa + Isi + IK + Ik1 + Ikp + Ib, (A2)

∂Vf

∂t
= −

I f

C f
+

1
C f

Ω
(→

r
)

Ggap

(
Vm − Vf

)
, (A3)

I f = G f

(
Vf − E f

)
. (A4)

where Vm and Vf represent the membrane voltages of the cardiomyocytes and fibroblasts,
respectively (in mV), Cm = 1 µF/cm2 is the membrane capacitance of the cardiomy-
ocytes, and the total membrane capacitances of the entire cardiomyocyte and fibroblast
are Cmz = 125 pF and C f = 25 pF, respectively [37], t is time (in ms), D = 0.001 cm2/ms
is the diffusion coefficient, Iion is the total membrane currents of the cardiomyocytes (in
µA/cm2), and I f is the total membrane currents of the fibroblasts (in nA). The meaning
and expression for the ion currents of the cardiomyocytes are detailed in Table A1. n is the
cell coupling number, Ggap = 4 nS is the coupling strength of the M-F coupling. G f = 4 nS
is the membrane conductance of the fibroblasts, and E f = −45 mV is the resting potential

of the fibroblasts. When the spatial point
→
r is covered by fibroblasts, Ω

(→
r
)
= 1; otherwise,

Ω
(→

r
)
= 0.
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Table A1. Meaning and expression for each ionic current in the L-R model.

Ion Current Expression Ion Current Meaning

INa = GNa·m3·h·j·(V − ENa) the fast inward sodium ion current
ISi = GSi·d· f ·(V − ESi) the slow inward calcium ion current
IK = GK ·x·xi·(V − EK) the time-dependent potassium current

IK1 = GK1·K1∞·(V − EK1) the time-independent potassium current
IKp = GKp·Kp·

(
V − EKp

)
the plateau potassium current

Ib = Gb·(V − Eb) the background leakage current

The variables m, h, j, d, f and x are the gating variables for the respective ion currents
and satisfy the following type of differential equation:

dy
dt

= αy(1.0 − y)− βyy. (A5)

where y represents the gating variables. In the aforementioned current and gating variable
equations, K1∞, xi, Kp, αy, βy are functions related to the membrane voltage, G represents
the maximum conductance for each ion current, and E denotes the reversal potential of each
ion current. Among these, GNa, Gsi, Gkp, Gb, and ENb are constants, while the maximum
conductance and reversal potential of other ion currents depend on ion concentrations. The
calculation expressions are as follows:

ENa =
RT
F

ln
Na0

Nai
, (A6)

GK = 0.705

√
K0

5.4
, (A7)

EK =
RT
F

ln
K0 + PRNaK·Na0

Ki + PRNaK·Nai
, (A8)

GK1 = 0.6047

√
K0

5.4
, (A9)

EK1 =
RT
F

ln
K0

Ki
, (A10)

EKp = EK1, (A11)

Esi = 7.7 − 13.0287ln Cai. (A12)

where PRNaK = 0.001883 is the Na/K permeability ratio, R = 8314 J/kmolK is the univer-
sal gas constant, F = 96485 C/mol is the Faraday constant, T = 310 K is the temperature at
which Luo and Rudy measured their data, Nai = 18 mmol/L is the intracellular sodium
ion concentration, Na0 = 140 mmol/L is the extracellular sodium ion concentration,
Ki = 145 mmol/L is the intracellular potassium ion concentration, K0 = 5.4 mmol/L is the
extracellular potassium ion concentration under normal conditions, and Ca0 = 1.8 mmol/L
is the extracellular calcium ion concentration. The intracellular calcium ion concentration
evolves according to the following rule:

dCai
dt

= −0.0001Isi + 0.07(0.0001 − Cai). (A13)

We used the extracellular potassium ion concentration K0 as the control parameter,
while other parameters were consistent with the literature [37]. From the above expres-
sions, it is evident that variations in K0 will affect GK, GK1, EK and EK1, subsequently
influencing the corresponding ion currents. The changes in ion currents, in turn, affect the
action potential.
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Appendix B

The first study presented in this paper addresses a multi-class classification problem,
therefore, we provide an overview of the relevant performance metrics here.

• Accuracy: Reflects the proportion of correctly predicted samples relative to the total
sample size.

Accuracy =
Number of correctly predicted samples

Total number of samples
(A14)

High accuracy indicates that the model can correctly predict the majority of samples’
classes, while low accuracy suggests poor model performance.

• Precision: Indicates the fraction of samples identified as positive by the model that are
truly positive.

Precision =
True Positives

True Positives + False Positives
(A15)

A high precision indicates that the model is making fewer false positive predictions,
meaning it has a low rate of incorrectly classifying negative instances as positive. On
the other hand, a low precision suggests that the model is making more false positive
predictions, indicating that it may be less reliable in identifying positive instances.

• Recall: Measures the proportion of truly positive samples that the model successfully
identifies as positive.

Recall =
True Positives

True Positives + False Negatives
(A16)

A higher recall indicates that the model can correctly identify most true positive sam-
ples, while a lower recall suggests that the model may miss some true positive samples.

• F1-score: Represents the harmonic mean of precision and recall, offering a balanced
assessment of the model’s accuracy and completeness.

F1 − score =
2 × Precision × Recall

Precision + Recall
(A17)

The F1-score ranges from 0 to 1, with higher values indicating better model perfor-
mance. It reaches its best value at 1 and worst value at 0.

• Confusion matrix for multiclass classification:
The confusion matrix for multiclass classification is a two-dimensional array. Each row
represents a true class, and each column represents a predicted class. The elements on
the diagonal of the matrix represent the number of samples correctly predicted by the
model, while the other elements represent the number of incorrectly predicted samples.

• AUC-ROC curve:
The ROC curve for multiclass classification is a tool used to evaluate the performance
of a multiclass classification model. It displays the classifier’s performance across
different classes by plotting the binary ROC curves for each class. The Area Under the
ROC Curve (AUC) can be used to quantify the overall performance of the model.
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