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Abstract. Pseudo electrocardiogram (pseudo-ECG) is a virtual ECG signal that is computed here using 1D mathematical models
of myocardium. This signal has the QRS-complex and T wave similar to that of real ECG. In this paper, we used pseudo-ECG
as a tool to develop an algorithm for estimation of electrophysiological properties of the myocardium or single cardiomyocytes
based on electrogram recordings. Here, we analyzed the relationship between pseudo-ECG produced by a 1D myocardial model,
and characteristics of the cellular action potential and parameters of an ionic cardiomyocyte model. We showed that in noise-free
condition the action potential morphology and cardiomyocyte model parameters can be identified from pseudo-ECG using a linear
transformation.

INTRODUCTION

Human electrocardiogram (ECG) is a signal on the subject body surface derived from complex ionic dynamics in the
cardiac muscle cells. The morphology of the ECG signal depends on the body constitution, geometry and position
of the heart, electrical activity of myocardium which is affected by diseases, drugs, and many other physiological
and pathological factors. Simulation of realistic ECG accounting for personal anatomy and phenotype in human is a
complex and computationally expensive problem.

However, there are simple 1D mathematical models of myocardium that provide with pseudo-ECG, which mor-
phology reproduces main features of real ECG. The pseudo-ECG has a QRS complex and T-wave similar to the real
ECG. Moreover, some physiological changes in simulated cardiomyocytes affect pseudo-ECG in similar way as in real
ECG. For example, prolongation of cellular action potential results in prolongation of the QT interval of pseudo-ECG.

In recent studies, pseudo-ECGs were used as a data set for machine learning approaches developed for the pro-
cessing of electrophysiological signals. In work [1], pseudo-ECG was used for analysis of the ischemic conditions
in the myocardium. In work [2], pseudo-ECG with Gaussian process regression were used for estimation of the drug
effects on cardiomyocytes based on the electrocardiography data. We suppose that pseudo-ECG is a useful tool for
developing algorithms of electrophysiological data analysis and it may find new applications in combination with the
machine learning methods.

In this study, we analyzed the properties of pseudo-ECG in dependence on parameters of a cellular ionic model,
and the relationship with the action potential in single cardiomyocytes.

METHODS

Figure 1(A) shows a workflow of numerical experiments in our study. In the first step, several vectors of varied model
parameters are generated using a random sampling technique. A mathematical model of a single cardiomyocyte with
each of the sampled parameter-vectors generates the cardiomyocyte action potential signal. A computational model of
1D myocardium with the same cellular parameter vector is computed under several various protocols of stimulation
producing the excitation waves in 1D myocardium. Then, the results of 1D simulations are used to compute the
pseudo-ECGs. Specific features of action potential and pseudo-ECG that are conventionally derived from real signals
are extracted from the model simulations for analysis.



We use the TNNP2006 ionic model for human ventricular cardiomyocytes [3] in this work. This model includes 13
transmembrane currents and accounts for the intracellular calcium dynamics. We tested four combinations of model
parameters with each individual parameter randomly varied within the range of 50%—-150% of the reference value
(100%) from the original article [3]. Four combinations with increasing number of varied maximal conductances
for ionic currents were considered: first combination consisted of three varied parameters (gg,, gks, &r0), second
combination consisted of the former plus two more (gng, gcar); third combination consisted of six parameters with
adding g1, and in the last combination of eight parameters (gyqx, gnvaca) Were also varied. Figures 1(B and C) show
a table of the four sets of varied parameters in the populations of models (Exp1-4) and a schematic area of parameter
variation in a 2D projection of the parameter space. Each population of models consisted of 100 various sample cases
of models. Sampling from the parameter spaces was performed by means of the Latin hypercube algorithm. The
models were computed using a backward Euler method with step of 0.001 ms at 1 Hz pacing rate during 6 cycles, and
the signals from the last cycle were taken for the analysis.

A monodomain model for the transmembrane potential V in myocardium was used to simulate the electrical ex-
citation propagation within a 1D myocardial tissue strand. The 1D model has the following parameters: the length
of 1D fiber of 100 mm, and the electrodiffusion coefficient of 9 S/cm. Activation current initiating excitation of the
fiber was applied in a small segment of 0.5-1 mm length at the edge of 1D fiber. The 1D model was computed for
6 cycles of 1 Hz frequency, and the last cycle was taken for the following analysis. We used a finite element method
with 0.01 ms time step, 0.05 mm spatial step for the diffusion part, and 0.001 ms for the reaction part of the equation.
The pseudo-ECG was calculated using V(¢) generated by the 1D model as suggested in [4, 5]:
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where ¢ is the time, / = 100 mm is the length of 1D myocardial fiber, a = 100 mm is a position of the electrode in the
fiber, and 4 = 5 mm is the height of electrode over the fiber.

We extracted 6 features from action potential and 12 features from the pseudo-ECG signal for our analysis. These
features are usually evaluated in the signals recorded in biological experiments. Figures 1(D) and 1(E) show the
features of the action potential and pseudo-ECG respectively.

Also, we analyze dependencies in data after min-max normalization of signals and feature vectors to the range [0,1]
for each sample. This design of numerical experiments is used for additional case of method application, because
some experimental methods register the shape of the action potential, but not their amplitudes. We notice that this is
not usual feature normalization over entire dataset that used to improve the quality of prediction in machine learning
models.

Five datasets, four populations of the models, and optional normalization required 200 different operators transfer-
ring data sets one to another. We created these transformations using multiple linear regression. For example, we built
a linear model that expresses each time point of the action potential via the features of pseudo-ECG. In mathematical
terms, we solved an ordinary least squares problem: Z}B? |Ax®) — y |, — min, where i is the index of a model in
a population, x() is the source signal or feature vector, y) is the target signal (e.g. time-dependent vector of action
potential or pseudo-ECG) or model parameter vector, and A is the matrix of the linear transformation. The quality
of transformation for the linear model is evaluated with the R? coefficient. High value of R2>0.95 reveals an obvious
relationship between studied data sets.

RESULTS

Figure 2 shows R? for linear transformations for each pair of source and target datasets in each of the four populations
we tested. In general, populations of models that are built on the variation of more parameters show more non-linear
dependencies. For example, in the first population of models with three varied parameters, the model parameters may
be predicted from not normalized features of the action potential or pseudo-ECG (R?> = 1, R?> = 1). In the fourth
population of models with eight varied parameters, the transformation cannot be expressed as the linear relationship
(R? =0.63, R* =0.63).

The normalization of feature vectors causes a reduction in R” for linear transformations. These effects can be
observed in a pairwise comparison of cells at the top and bottom tables in Figure 2. At the same time, normalization
of the pseudo-ECG or action potential signals does not affect the precision of the linear transformation.

There is a notable linear relationship between signals and features. Not surprisingly, signal amplitudes are linearly
dependent on the time-dependent signals. Unexpectedly, action potential duration at different levels of repolarisation
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FIGURE 1. Design of the study. (A) A workflow of data generation for analysis. (B) A table of the four sets of varied parameters
in the populations of models (Exp1-4). (C) A schematic area of parameter variation in a 2D projection of the parameter space.
(D) Action potential signal and definition of the extracted features: the action potential amplitude, APA; the resting membrane
potential, RMP; the action potential duration on 90%, 70%, 20% repolarisation, APD90, APD70, APD20; membrane potential at
APD20, V20. (E) Pseudo-ECG signal and definition of the extracted features. We used amplitudes of each peak and time to each
peak as features of Pseudo-ECG.

is also linearly dependent on the action potential and pseudo-ECG signals. Similar effects are observed for pseudo-
ECG signals and their time-to-peak parameters. On the contrary, the entire pseudo-ECG signal or action potential
cannot be expressed as a linear function of their extracted features.

Accordingly to observed results, the model parameters may be identified from pseudo-ECG and action potential
with perfect precision (R?> = 1, R = 1). The top rows on the panels in Figure 2 show that any target vector (action
potential signal and features, pseudo-ECG features and model parameters) can be predicted from the pseudo-ECG
signal using linear models. Figure 3 shows very nice agreement between simulated action potential signals in the
forth population and that predicted from pseudo-ECG using linear transformation.

Not surprisingly, the action potential and pseudo-ECG depend on the model parameters in a non-linear way, which
is indicated by small R? values in the bottom rows on panels in Figure 2. Figure 3 shows that the repolarization
of action potential and the T-wave of pseudo-ECG cannot be predicted by a linear transformation from the model
parameters.

DISCUSSION

In general, the linearity of transformation cannot be used as a criterion for the possibility to convert one dataset to
the other. However, an existence of linear transformation between the model signals suggest a possibility to identify
internal cellular and tissue properties of myocardium from the macroscopic ECG signals specific to the organism
level.

Our results show that entire signals of the action potential or pseudo-ECG contain complete information on the
model parameters, so the latter may be extracted from the signals using a simple linear transformation. Moreover,
signal shape without knowledge of precise absolute values provides for sufficient information for extracting specific
features of the signals and model parameters with the same R> precision of the trained linear predictor. This is
important because some experimental techniques allow one to register the time dependent shape of signals, but not
their actual amplitudes. For example, myocardial optical mapping with fluorescent dye [6] registers relative changes
in the membrane potential, but not the absolute values.

We show in the numerical experiments that parameters of major ionic currents from TNNP2006 model can be
identified from the action potential waveform or pseudo-ECG signal using a linear conversion. At the same time, the
morphology of the action potential during repolarization phase and the morphology of the T-wave of pseudo-ECG
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FIGURE 2. R? coefficients for linear transformations from source (rows) to target (columns) signals and feature vectors. The
top panel shows transformations between non-normalized values. The bottom panel is related to normalized signals and feature
vectors. Identity transformations are marked with black circles. Transformations of signals to the features are marked with black
squares. Transformations of features to signals are marked with white disks. The black arrows show the opportunity to identify
model parameters from the pseudo-ECG and action potential signals.
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FIGURE 3. Simulated signals versus results of prediction from linear transformations.(A) Very good agreement between the
action potential signals generated by the population of models and that predicted from the linear transformation from the pseudo-
ECG signals. (B,C) Mismatch between simulated signals of action potential and pseudo-ECG and that predicted from the model
parameters with the linear transformations.

cannot be predicted from the model parameters via linear transformation thus reflecting essential non-linearity in the
dependence of model outputs on the input parameters.

This study has essential limitations because we did not analyze the sensitivity of linear models to input and output
uncertainty. We suppose that in real applications linear transformations cannot approach such a high level accuracy in
the prediction of model parameters. Note, that transformation from the entire pseudo-ECG or action potential signal
as a high dimensional input variable requires a lot of coefficients in the linear model. This leads to the poor value of
Akaike and Bayesian information criteria for the studied transformations.

CONCLUSION

In this study, we analyzed a possibility to extract either parameters of ionic currents in cardiomyocytes or action
potential waveform and specific features from pseudo-ECG. We have built four populations of cellular computational
models generating action potentials in the cells and corresponding populations of 1D myocardial tissue models that
produce pseudo-ECGs derived from the action potentials. An accuracy of the linear conversion between the sets of



simulated data has been evaluated.

We found that repolarization of action potential and T-wave of pseudo-ECG cannot be derived from the model
parameters using a linear conversion. In contrast, the entire signals of the action potential or pseudo-ECG may be
converted to the model parameters with a simple linear transformation allowing parameter identification based on
ECG recordings. Similar conversion may be also performed from dimensionless action potential or pseudo-ECG
normalized to the range of [0,1] without loss of prediction accuracy. Usage of a number of specific features extracted
from the action potential or ECG signals instead of the entire time-dependent signals may significantly reduce the
quality of the model parameter prediction.
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