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Background: Cardiac fibrosis has been identified as a major factor in conduction alterations leading to atrial arrhythmias and modification of drug treatment response.
Objective: To perform an in silico proof-of-concept study of Artificial Intelligence (AI) ability to identify susceptibility for conduction blocks in simulations on a population of models with diffused fibrotic atrial tissue and anti-arrhythmic drugs.
Methods: Activity in 2D cardiac tissue planes were simulated on a population of variable electrophysiological and anatomical profiles using the Koivumaki model for the atrial cardiomyocytes and the Maleckar model for the diffused fibroblasts (0%, 5% and 10% fibrosis area). Tissue sheets were of 2 cm side and the effect of amiodarone, dofetilide and sotalol was simulated to assess the conduction of the electrical impulse across the planes. Four different AI algorithms (Quadratic Support Vector Machine, QSVM, Cubic Support Vector Machine, CSVM, decision trees, DT, and K-Nearest Neighbors, KNN) were evaluated in predicting conduction of a stimulated electrical impulse.
Results: Overall, fibrosis implementation lowered conduction velocity (CV) for the conducting profiles (0% fibrosis: 67.52 ± 7.3 cm/s; 5%: 58.81 ± 14.04 cm/s; 10%: 57.56 ± 14.78 cm/s; p < 0.001) in combination with a reduced 90% action potential duration (0% fibrosis: 187.77 ± 37.62 ms; 5%: 93.29 ± 82.69 ms; 10%: 106.37 ± 85.15 ms; p < 0.001) and peak membrane potential (0% fibrosis: 89.16 ± 16.01 mV; 5%: 70.06 ± 17.08 mV; 10%: 82.21 ± 19.90 mV; p < 0.001). When the antiarrhythmic drugs were present, a total block was observed in most of the profiles. In those profiles in which electrical conduction was preserved, a decrease in CV was observed when simulations were performed in the 0% fibrosis tissue patch (Amiodarone ΔCV: −3.59 ± 1.52 cm/s; Dofetilide ΔCV: −13.43 ± 4.07 cm/s; Sotalol ΔCV: −0.023 ± 0.24 cm/s). This effect was preserved for amiodarone in the 5% fibrosis patch (Amiodarone ΔCV: −4.96 ± 2.15 cm/s; Dofetilide ΔCV: 0.14 ± 1.87 cm/s; Sotalol ΔCV: 0.30 ± 4.69 cm/s). 10% fibrosis simulations showed that part of the profiles increased CV while others showed a decrease in this variable (Amiodarone ΔCV: 0.62 ± 9.56 cm/s; Dofetilide ΔCV: 0.05 ± 1.16 cm/s; Sotalol ΔCV: 0.22 ± 1.39 cm/s). Finally, when the AI algorithms were tested for predicting conduction on input of variables from the population of modelled, Cubic SVM showed the best performance with AUC = 0.95.
Conclusion: In silico proof-of-concept study demonstrates that fibrosis can alter the expected behavior of antiarrhythmic drugs in a minority of atrial population models and AI can assist in revealing the profiles that will respond differently.
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INTRODUCTION
Cardiac fibrosis has been identified as a major pro-arrhythmic factor associated with impaired electrical conductance and reentries. Two different mechanisms have been proposed to underlie the possible reentrant patterns: reentry due to an anatomical obstacle or functional reentry (Yeo et al., 2017). Contrary to cardiomyocytes, fibroblasts are non-excitable cells. Therefore, the increased presence of cardiac fibrosis or fibroblasts can form areas of reduced conduction velocity in the anatomy of the cardiac tissue that increase the susceptibility to initiation and maintenance of cardiac arrhythmias (Krul et al., 2015). Overall, the combination of cardiac fibrosis in the presence of atrial fibrillation (AF), represents a synergetic proarrhythmic framework relative to patients suffering AF without cardiac fibrosis (Marrouche et al., 2014). As the fibrotic AF scenario is biologically and electrophysiologically more complex than AF alone, the effects of therapies such as antiarrhythmic drugs (AADs) would benefit from evaluation on relevant population models.
AADs are a group of pharmacological compounds that modify the rhythm of the heart by blocking one or several ionic channels controlling the electrical activation of the excitable cells of the heart (Sanguinetti and Bennett, 2003). While AADs may be particularly helpful in the treatment of AF caused by functional reentries or reentries caused by hyper-excitability of the cardiac tissue, in the presence of fibrosis and low conduction velocity of the cardiac tissue, AADs may cause undesired effects and actually exacerbate proarrhythmic factors. Among the most common AADs used for AF treatment in clinical practice we can find amiodarone, dofetilide, sotalol, flecainide or verapamil (Zimetbaum, 2012). The use of antiarrhythmic drugs in scenarios with fibrosis has been previously described (Zimetbaum, 2012; Saljic and Heijman, 2022) as proarrhythmic due to heterogeneous conduction (Cox et al., 1995), however a systematic evaluation of arrhythmogenicity produced by the many possible combinations of electrophysiological and fibrosis factors in AF is lacking.
Artificial Intelligence (AI), on the other hand, has been rapidly incorporated in biomedical applications to analyze and detect possible patterns or associations in large datasets that enable identification of mechanistic relationships and predict outcomes (Sánchez de la Nava et al., 2021b). Previous studies using population of models have underscored the importance of different ionic profiles on drug effect (Sanchez de la Nava et al., 2021a) and the potential proarrhythmic role of fibrosis (Kazbanov et al., 2016). Therefore, in this study we explore the effects of different AADs on the electrical impulse propagation using a population of different atrial models with diffused fibrosis distribution, and test the ability of AI algorithms to predict conduction patterns relevant to initiation and maintenance of AF.
MATERIALS AND METHODS
Cellular models and tissue connection
Two different models were implemented to simulate cardiac tissue with different levels of fibrosis. The cardiomyocyte model was the Koivumaki Model with Skibsbye modifications that mimick AF remodelling (Skibsbye et al., 2016) and described the electrophysiological behavior of human atrial cardiomyocyte, as previously presented by our group (Sanchez de la Nava et al., 2021a). The fibroblast model implemented in this study corresponded to the Maleckar model (Maleckar et al., 2009) that emulates the behavior of active fibroblasts along the atrial tissue based on the model developed by MacCannell (MacCannell et al., 2007). In total, four different currents were modeled, including the time and voltage dependent fibroblast K+ current (Ikv), the time-independent inward-rectifier current (IK1), the fibroblast Na+-K+ pump current (INaK) and the fibroblast background Na+ current (INa-b) and adapted to atrial electrophysiology. Then, heterogeneous coupling was simulated through Na+ and K+ movement through gap junctions (IGap), which assumed these two species as independent. This IGap current depends on the transmembrane voltage difference between the cardiomyocyte and the neighboring fibroblast, and on the gap conductance which was fixed (Ggap = 0.5 nS, taking into account both Ggap-Na and Ggap-K). This IGap current contributed to the term Iion in the equation below, when a communication among a cardiomyocyte and a fibroblast was simulated. Initial conditions were applied according to the stablished protocol as follows: resting membrane potential (RMP) was set to -47.75 mV for fibroblasts and -79.83 mV for cardiomyocytes, the capacitance of the cell membrane (Cm) was set to 6.3 pF for fibroblasts and 66 pF for cardiomyocytes, [K+]i and [Na+]i were set to 129.43 mM and 8.5547 mM, respectively. Main parameters used for the cardiomyocyte and the fibroblast model are shown in Supplementary Tables S1,2.
Diffused fibrosis was modeled using planes of the same size where the fibroblasts were randomly located considering two different distributions that differed in the percentage: 0%, 5% and 10% of fibrotic cells, percentages similar to those in other studies (Kazbanov et al., 2016; Palacio et al., 2021). Simulation protocols were performed on 2D planes mimicking a sheet of cardiac tissue of 200 x 200 nodes (2 cm side plane) that constitute around 20–25% of the total area of a human atria (Sachse, 2004). No-flux boundary condition was implemented at the edges. To connect the cells within the plane, the monodomain reaction-diffusion equation was implemented, assuming that tissue behaves as a functional syncytium where membrane voltage is propagated smoothly (Clayton and Panfilov, 2008):
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Where Vm is the transmembrane potential, t is the time, [image: image] corresponds to the gradient operator and D a diffusion coefficient with units distance2 time−1, Iion is the sum of all modeled transmembrane ionic currents, Iapplied is the externally applied stimulus current, and Cm is the capacitance of the cell membrane. By using this monodomain simplification, the tissue is considered to have an unlimited extracellular medium, so the extracellular resistivity can be neglected. The extracellular medium is isopotential and equal to zero for simplicity. Consequently, the membrane potential is the same as the intracellular potential. Planes were fully connected not including structures such as the pulmonary veins.
Electrophysiological variability: Population of models approach
The equations included in the aforementioned cellular models depend on constants such as channel conductivities, ionic concentrations and diffusion factors. A population of models allows mathematical computations to consider variations of the initial variables introduced in the model to account for the genetic variability present in real patients. In this case, a population of 127 ionic profiles was used including the variability present in a set of human data (Liberos et al., 2016; Simon et al., 2017).
Briefly, experimental data to calibrate the population was obtained by patch clamp techniques on myocardium atrial tissue of 149 AF patients (Sánchez et al., 2014). From these experiments, nine specific electrophysiological variables were measured to account for variation: gNa, INaK, gK1, gCaL, gKur, IKCa, diffusion (D), extracellular potassium concentration and extracellular sodium concentration. Action potential biomarkers were measured (Sánchez et al., 2014) and later used as reference (Supplementary Tables S3) to ensure that simulations were within physiological ranges. From the electrophysiological variables measured, Latin Hypercubic Sampling (LHS) was run to amplify the set of combinations to a final number of 500. These 500 combinations were included in an in silico tissue model of 8x256 cells in which electrophysiological properties were measured (Simon et al., 2017), Action potential biomarkers were evaluated to ensure that simulations were within physiological ranges and only the combinations within these ranges (Supplementary Tables S3) were included in the final population. A complete description of the calibration of this population can be consulted in previous publications of the group (Simon et al., 2017; Sanchez de la Nava et al., 2021a). The modification of the values (in percentage with respect to the baseline cardiomyocyte model) for each parameter in the different profiles in the population of models is shown in Supplementary Table S1, and the distribution of the range of parameter variation (-50% to +100%) is shown in Supplementary Figure S1.
Drug implementation
All antiarrhythmic drugs were evaluated in the electrophysiological population of models in order to characterize the effect according to the fibrosis percentage. The Single Pore Channel Model was implemented to analyze the effect of three different drugs (amiodarone, dofetilide and sotalol). This model inhibits the current by decreasing the conductance of the channel as described in the following equation:
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Where G0 corresponds to the initial conductance of the channel, Gi corresponds to the final conductance of the channel, [Cd]i is the concentration of the drug and IC50 is the concentration of the drug that reduces by 50% the channel current. The values of IC50 and drug concentration can be observed in Table 1, and were obtained from (Patel et al., 2019).
TABLE 1 | Constants for drug modelling.
[image: Table 1]Simulation protocols
Simulations were performed by implementing partial differential equations for the transmembrane potential models of all cells computed with a time step of 1 µs in the forward Euler scheme using in-house C++ code with CUDA parallelization solved on an NVIDIA TESLA C2057 GPU (NVIDIA Corporation, Santa Clara, CA). The Rush-Larsen scheme (Rush and Larsen, 1978) was used for gating variables in cell models of the form
[image: image]
where [image: image] is the corresponding gating variable and [image: image] = [image: image] and [image: image] = [image: image] are the voltage dependent rate constants. The Rush-Larsen method provides a stable temporal solution for the gating variables by relaying on the exact exponential solution implemented in the following expression (Perego and Veneziani, 2009) for each cell:
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where [image: image], [image: image], j corresponds to each individual cell, and h is the time step for the forward time index i integration.
Planes were simulated for a total of four impulses (S1) of magnitude 4000 pA/pF and duration 3 ms applied at the left edge of the planes in 200 cells at a frequency of 1 Hz. From the complete set of simulations, four different biomarkers were evaluated considering the last two S1 pulses: the Action Potential Duration at 90% repolarization (APD90, measured in ms), the conduction velocity (CV, measured in cm/s), the resting membrane potential (RMP, measured in mV) and peak voltage value (Peak, measured in mV). APD90, RMP and Peak were calculated by averaging the values of all the cardiomyocytes present in the plane. Cell activation time was marked at the time of highest voltage time derivative (Simon et al., 2017). For CV propagation measurements, the distance between two points at coordinates (0.5 mm, 10 mm) and (19.5 mm, 10 mm) in the 2D plane was divided by the activation time differences between these points. Absence of conduction was considered when the cell in the second coordinate (right side of the plane) did not activate (depolarize and repolarize) after the application of the last stimulus in the left side of the plane. This included some profiles that failed to repolarize, some profiles that failed to conduct and some profiles that failed to be stimulated. All measurements reported in this study are the average value of each biomarker during the last two S1 pulses. To evaluate the effect of a drug, the difference in value of the aforementioned biomarkers was computed to quantify and increase or decrease relative to a basal value as:
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Artificial intelligence algorithm: Pattern recognition for non-conducting and conducting profiles
A total of 1032 simulations were computed in this study corresponding to all different combinations of the population of models with different fibrosis degree (0% fibrosis, 5% fibrosis and 10% fibrosis) under the effect of different antiarrhythmic drugs (amiodarone, dofetilide and sotalol), simulated in sheets of cardiac tissue.
Several supervised models were trained to evaluate the algorithm that better described the behavior of the population including Quadratic Support Vector Machine (QSVM), Cubic Support Vector Machine (CSVM), decision trees (DT), K-Nearest Neighbors (KNN) with 10k-fold cross validation. The input of the algorithms corresponded to a combination of the variables from the population of models: gNa, INaK, gK1, gCaL, gKur, IKCa, diffusion (D), extracellular potassium concentration ([K]o) and extracellular sodium concentration ([Na]o), including the variation induced in the final conductance of the channel (Gi) by the different antiarrhythmic drugs tested (amiodarone, dofetilide or sotalol), and the percentage of fibrosis (0, 5% or 10%). AI algorithms were trained to predict a binary outcome: conduction along the plane (labeled as 1) or absence of conduction (labeled as 0). An example of a conducting and non-conducting profile both with 10% fibrosis and in the absence of drugs are shown in Figure 1. Figure 1A shows how two consecutive impulses propagate in each profile across the simulated tissue and Figure 1B the time-space plot along the propagation direction. While at 10% fibrosis the combination of variables in the cardiomyocytes of the first profile allow to conduct both impulses, in the second profile, the different combination of variables produces a conduction block for the second stimulus. The cardiomyocyte variables in the conducting profile shown in Figure 1 correspond to the baseline reference Koivumaki Model with Skibsbye modifications (Skibsbye et al., 2016), and the variables in the non-conducting profile are: gNa=+73.13%, INaK=+76.95%, gK1=-38.37%, gCaL=+92.17%, gKur=+77.18%, IKCa=-47.2%, D=-30.64%, [K]o=+94.93% and [Na]o=+89.34% relative to the baseline cardiomyocyte model. Algorithms were trained using the variable parameters for the population of models while the output for prediction was if propagation was possible along the plane or not. Training testing ratio was set 80:20 as in previous experiments by the group (Sanchez de la Nava et al., 2021a).
[image: Figure 1]FIGURE 1 | Example of conducting and non-conducting profiles both with 10% of fibrosis, in the absence of the effect of any antiarrhythmic drug. (A) Propagation of two stimuli in each profile across the simulated tissue (2 cm × 2 cm) from left to right, with no-flux boundary conditions. While the second impulse propagates in the first profile, it does not in the second profile as the simulated tissue is failing to repolarize to initial membrane potential. (B) Time-space plot along the propagation direction in both profiles, showing effective propagation in the first profile and the blockade in the second profile.
The algorithms were evaluated by means of specificity, sensitivity, positive predictive value, negative predictive value and accuracy, as follows:
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Variability on the simulated models: Validation of the protocol
In order to evaluate the potential applicability of this technology into different fields, and specially for translating the results into the clinic, we evaluated small variations on the population of models to quantify changes in propagation of the electrical impulse.
Statistical analysis
The t-test was used to evaluate the statistical significance between continuous paired or unpaired variables. One-way ANOVA, Kruskal Wallis test calculator and Chi Square test were calculated to evaluate differences among the three studied groups (0% fibrosis, 5% fibrosis and 10% fibrosis) in continuous and binary variables, respectively. Statistical significance was considered for p <0.05 in all cases.
RESULTS
Construction and calibration of the model population
From the complete population consisting on 127 different electrophysiological profiles that conducted the electrical impulse along the plane in 0% fibrosis conditions, 58 profiles conducted for the 5% condition and 32 for the 10% fibrosis (Figure 2). In addition, when the drugs were added, the number of conductive profiles diminished for all cases due to the antiarrhythmic effect of the compound (Figure 2). The distribution of the variables of the population of models that present propagation during simulations at three different fibrosis concentrations in basal conditions (no drugs) presented no significant differences and are shown in Supplementary Figure S1. All the subsequent results are presented for the profiles that did conduct the electrical impulse at 5% or at 10% fibrosis level.
[image: Figure 2]FIGURE 2 | Distribution of the profiles in which propagation was observed depending on the fibrosis degree and the effect of the drug. * <0.05 for ANOVA statistical test.
The effects of fibrosis on the electrophysiological measurements in the simulations are shown in Figure 3. At the electrophysiological level, the presence of fibrosis produced a shortening of the APD90 (0% fibrosis: 187.77 ± 37.62 ms; 5% fibrosis: 93.29 ± 82.69 ms; 10% fibrosis: 106.37 ± 85.15 ms; p-value<0.001) on the simulated cardiomyocytes. Conduction velocity was significantly reduced for higher presence of fibrosis (0% fibrosis: 67.52 ± 7.3 cm/s; 5% fibrosis: 58.81 ± 14.04 cm/s; 10% fibrosis: 57.56 ± 14.78 cm/s; p-value<0.001). Both RMP (0% fibrosis: −78.63 ± 4.63 mV; 5% fibrosis: −79.46 ± 5.46 mV; 10% fibrosis: −77.35 ± 5.43 mV; p-value: >0.1) and peak membrane potential value in the cardiomyocytes (0% fibrosis: 89.16 ± 16.01 mV; 5% fibrosis: 70.06 ± 17.08 mV; 10% fibrosis: 82.21 ± 19.90 mV; p-value<0.001) presented a decrease for 5% fibrosis and an increase for 10% fibrosis planes (Figure 3).
[image: Figure 3]FIGURE 3 | Mean values for the electrophysiological characterization of simulations conducting for the different fibroblast concentrations. (A) Action Potential Duration at 90% repolarization (APD90) (B) Conduction velocity (C) Resting Membrane Potential (RMP) and (D) Peak Transmembrane Value. As the number of profiles conducting in each group (0%, 5% and 10% fibrosis) differ, each group is compared against the basal (0% fibrosis) electrophysiological values of the same profiles.* <.05 for t-test statistical test.
Drug implementation on the stable ionic profiles
All drugs were studied at two different levels on the conducting profiles at basal conditions: first, regarding the variations on the ionic conductances present at the population of models and secondly, based on the clinical biomarkers extracted from the simulations.
Figure 2 shows the distribution of the profiles conducting the electrical impulse for each scenario and Table 2 contains the proportion of profiles with conduction velocity modifications in the population with respect to the corresponding control population (0%, 5% or 10% fibrosis without drug). An example of a conducting profile and non-conducting profile for 10% fibrosis can be consulted in Figure 1. Interestingly, in the absence of fibrosis (0% fibrosis simulations), all the profiles presented a decrease in conduction velocity under the effect of all drugs, in accordance to what is described and expected for AADs. However, the simulations with fibrosis showed a different effect of some drugs: dofetilide and sotalol simulations exhibited part of the profiles in which the conduction velocity was increased (dofetilide: 28% of profiles; sotalol: 65.21%). Finally, when simulations were repeated with a higher percentage of fibrosis (i.e. 10% fibrosis) a dispersed effect on the conduction velocity was observed under the effect of all the tested drugs (increased conduction velocity of 31.25% for amiodarone profiles, 37.5% for dofetilide profiles and 43.75% for sotalol profiles).
TABLE 2 | Change in conduction velocity for the studied antiarrhythmic drugs under the effect of fibrosis (number of profiles and percentage).
[image: Table 2]In addition, the electrophysiological characterization of the simulations can be observed in Table 3, where the variation of four electrophysiological biomarkers (change in CV, APD90, RMP and peak value) induced by the different drugs is shown. Regarding the electrophysiological characterization, an average decrease or maintenance in CV was observed with respect to the corresponding control population, but the effect was more variable when fibrosis was present. The effect or drugs tended to reduce APD90 in most cases when measuring the variables in the cardiomyocytes except for the 5% fibrosis simulations. However, high variability in APD90 changes was observed among the different profiles. In the case of RMP, an average increase was observed on the 0% fibrosis under the effects of drugs, however, drugs tended to have the opposite effect and reduce RMP in the different profiles in the presence of fibrosis. The effect on RMP was highly variable for the different profiles, and in particular in the presence of dofetilide. Finally, the peak value tended to reduce in all cases except for the 10% fibrosis under the effect of dofetilide and sotalol.
TABLE 3 | Change in conduction velocity for the studied antiarrhythmic drugs under the effect of fibrosis.
[image: Table 3]In Silico models and artificial intelligence
Comparing the prediction accuracy of the different AI methods tested in this work, Cubic SVM showed the best performance for the tested dataset. As it can be observed from Table 4; Figure 4, the Area Under the Curve (AUC) was 0.95, the accuracy of the algorithm was 90.4% (C.I. 88.83%–91.85%) with a sensitivity of 90.43% (C.I. 88.20%–92.36%), specificity 90.41% (88.00%–92.48%), positive predictive value of 91.55% (C.I. 89.62%–93.15%) and negative predictive value of 89.15% (C.I. 86.92%–91.04%). All the other tested methods (QSVM, DT and KNN) showed an accuracy above 80% and an AUC larger than 0.89, but lower in comparison with CSVM.
TABLE 4 | Evaluation metrics for the different AI algorithms trained including sensitivity, specificity and accuracy expressed in percentage and respective confidence interval in brackets, and Area Under the Curve (AUC).
[image: Table 4][image: Figure 4]FIGURE 4 | (A) ROC curves and (B) confusion matrix for the Cubic SVM trained algorithm.
The CSVM algorithm (Cristianini and Shawe-Taylor, 2000) includes an analysis to evaluate how important are the input features in outcome prediction. In particular, Sequential Minimal Optimization (Platt, 1998) that was implemented to solve the nonlinear problem during the algorithm training, enabled the identification and posterior optimization of the variables included in the final CSVM prediction algorithm. Once the problem has been solved, the kernel calculated for the support vector machines can reveal the relative importance of contributions during calibration by each of the input parameters. That is, their contribution to minimizing the error when predicting the outcome can be ranked based on quantifying their support vector magnitude. Utilizing such approach the CSVM algorithm revealed that the most important features for evaluating the block or conduction of the action potential in the tissue were in decreasing order: (i) the type of drug added, (ii) the values of the sodium currents (INak and gNa) and (iii) the values of the potassium currents (gK1 and gKur).
DISCUSSION
In this study, we present a new methodology to identify and predict the propagation of the electrical impulse in the presence of electrophysiological variability, the presence of different degrees of fibrosis and the effect of antiarrhythmic drugs. Several algorithms were trained and cubic SVM showed the best performance using the in silico data from the simulations. These simulations included: (i) electrophysiological variability using a population of models, (ii) substrate variability using different percentages of fibrosis, and (iii) drug effect variability, introduced by the implementation of the effect of three different antiarrhythmic drugs used in the clinical practice for AF treatment. The main result of the study showed that, depending on the percentage of fibrosis and the effect of the drug, the modifications of the conduction velocity of the substrate could lead to proarrhythmic scenarios in specific subgroups.
Electrical conduction in 2D cardiac tissue: Effect of ionic profile and fibrosis presence
To our knowledge, this study is the first one that explores 2D tissue simulations combining a population of atrial cardiomyocytes with different percentages of diffused fibrosis. Previous studies have shown the effect of diffused fibrosis on the electrophysiological properties of the tissue, in line with the results presented in this publication (King et al., 2013; Palacio et al., 2021; Rios-Munoz et al., 2021). Our results are in agreement with studies that evaluated the effect of fibrosis in the electrophysiological characteristics of cardiac tissue showing a decrease in conduction velocity (Spencer et al., 2017).
Drug effect on fibrotic tissue behaviour: Electrophysiological implications
Populations of models have been implemented in the cardiac scenario for the prediction of drug effect on cardiac tissue (Britton et al., 2013; Muszkiewicz et al., 2016; Sanchez de la Nava et al., 2021a; Peirlinck et al., 2021). Here, the 2D fibrotic tissue simulations were not only evaluated at basal conditions but also under the effect of different antiarrhythmic drugs, including amiodarone, dofetilide and sotalol. Overall, these antiarrhythmic drugs showed a total block in the majority of the profiles. In those in which electrical conduction was preserved, a decrease on conduction velocity was observed when simulations were performed in the 0% fibrosis tissue patch. This effect was preserved for amiodarone in the 5% fibrosis patch. Finally, 10% fibrosis simulations showed that part of the profiles increased CV while others showed a decrease in this variable.
This confirms our hypothesis that the expected effect of the drug can be altered due to the presence of fibrosis and that, for higher percentage of fibrosis, the effect is less predictable and more frequent to present unexpected effects. Furthermore, we observed that the antiarrhythmic drug that showed less variability of the effect among the different profiles was amiodarone, causing a decrease in the conduction velocity (CV) in most of the profiles with and without fibrosis. In contrast, the long-term use of amiodarone in porcine animal models with myocardial fibrosis showed no adverse effects (Zagorianou et al., 2016).
Reduced and more heterogeneous CV in the myocardium increases the probability of arrhythmia and can be caused by a single or combined effect of structural changes, alterations in electrical coupling in the tissue, or the effect of different drugs. In our study, the different profiles showed variability in the ionic current values and action potential morphology, leading to modifications of fibroblasts conduction velocity and arrhythmogenicity. Our results may help to further interpret the drug-induced modifications of CV in prior studies. Angiotensin converting enzyme inhibitors, angiotensin II type 1 receptor antagonists and pirfenidone have been shown to be effective in attenuating arrhythmogenic atrial remodeling, resulting in a marked reduction in atrial fibrosis, with reduced conduction heterogeneity and AF vulnerability (Li et al., 2001; Kumagai et al., 2003; Lee et al., 2006). On the other hand, the effects of drugs designed to enhance gap-junctional coupling on cardiac CV may depend on the presence of fibrotic changes. Rotigaptide showed that in the absence of fibroblasts, CV increases monotonically with gap junctional coupling (Lin et al., 2008). However, the presence of fibroblasts, resulted in a biphasic effect on CV, as showed in both experimental and computational studies (Miragoli et al., 2006; Zlochiver et al., 2008; Tveito et al., 2012). Additionally, the relative expression of Cx40 and Cx43 may either increase or decrease CV in experiments and humans (Bagwe et al., 2005; Dhillon et al., 2014). Finally, while acetylcholine induced APD shortening was able to induce an spiral wave AF episode in healthy canine hearts (Schuessler et al., 1992), shortening the APD using pinacidil induced AF was driven by intramural reentry anchored to atrial bundles insulated by fibrosis (Hansen et al., 2015). Therefore, we expect that using mathematical models such as used here may help to improve the understanding of the complex relationship of cardiac electrical substrate, electrical conduction and drugs effects on propagation and arrhythmogenicity.
Artificial intelligence for the evaluation of tissue conduction
In silico simulations allow to produce a significant number of scenarios that is suitable for the application of AI algorithms that enable to better analyze and extract patterns. The use of this technology has increased exponentially in the last years with the aim of better predicting and identifying new biomarkers.
In this case, these algorithms were implemented with the main objective of identifying the capabilities of the tissue to conduct the electrical signal. Lack of conduction of a small patch in the heart has been proved to cause arrhythmia, described as anatomical reentry, where the anatomical pathway is fixed (Arenal et al., 2012). Among the algorithms explored in this study, all showed an accuracy above 80%. However, Cubic SVM showed the best performance compared to QSVM, DT and KNN, with an accuracy of 90.4% and an AUC of 0.95. This high accuracy highlights the potential of these techniques as collaborative and predictive tools in the clinic. Using this methodology in more patient-specific complex scenarios is more likely to predict the potential benefit of an antiarrhythmic drug on a specific patient by avoiding the occurrence of conduction blocks. For example, after further validation, using patient specific 3D geometry and fibrosis distribution obtained by MRI and combining it with this in silico model, the CSVM algorithm could be applied to help in the decision of which antiarrhythmic drug may be more appropriate.
Limitations
The main limitations of this study include the high computational cost associated to obtain a broad number of profiles. In the same line, simulations were performed in 2D planes to reduce the overall computational cost, but the study will benefit to include more complex structures in the model such as the pulmonary veins, different CV areas (Sánchez et al., 2019) or a 3D configuration.
Although we considered the variability of the cardiomyocyte population, new approaches should explore the possibility of developing a population for human fibroblasts to be included in the model, as for this study variability was only introduced in the cardiomyocyte model.
Finally, regarding the diffused fibrosis that has been studied, the percentage of fibroblasts was varied from 0% to 5% and 10%, but the distribution of the fibroblast was determined randomly for each percentage and kept constant for all the profiles. Running the different profiles with the same percentage of fibrosis, but different distributions should be further tested in order to corroborate the obtained results.
Clinical implications
The identification of specific scenarios and combination of variables that present proarrhythmic effects can be of great importance in the understanding and development of new tools for future pharmacological treatments in the concepts of personalized medicine and optimizing treatment efficacy.
CONCLUSION
Cardiac fibrosis can alter the expected behavior of antiarrhythmic drugs in a minority of the population and data analysis using artificial intelligence can reveal the profiles that will respond differently.
DATA AVAILABILITY STATEMENT
The code for the cardiomyocyte model, the fibroblast model, and the population of models are provided in the Supplementary Figure S1 (Supplementary Data S1, S2). The rest of the raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
AUTHOR CONTRIBUTIONS
AS, LG-C, FA, and AD-S designed and performed the experiments. AS, LG-C, AD-S, and FA analysed and evaluated the results. All authors contributed to the drafting and final approval of the manuscript.
FUNDING
This work was supported in part by the Instituto de Salud Carlos III (PI16/01123, DTS16/0160, PI17/01059, PI19/00161, PI20/01618, and PI18/01895), Spanish Ministry of Science and Innovation (CIBERCV), and European Union’s H2020 Program under grant agreement No. 874827 (BRAVE), and cofunded by Fondo Europeo de Desarrollo Regional (FEDER), EIT Health 19600 AFFINE. Also supported in part by National Institutes of Health grants R01-HL118304, R21-HL153694, R21-EB032661 and R01-HL156961 (Berenfeld).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphys.2022.1025430/full#supplementary-material
REFERENCES
 Arenal Á., Hernández J., Pérez-David E., Rubio-Guivernau J. L., Ledesma-Carbayo M. J., Fernández-Avilés F. (2012). Do the spatial characteristics of myocardial scar tissue determine the risk of ventricular arrhythmias?Cardiovasc. Res. 94, 324–332. doi:10.1093/cvr/cvs113
 Bagwe S., Berenfeld O., Vaidya D., Morley G. E., Jalife J. (2005). Altered right atrial excitation and propagation in connexin40 knockout mice. Circulation 112, 2245–2253. doi:10.1161/CIRCULATIONAHA.104.527325
 Britton O. J., Bueno-Orovio A., Van Ammel K., Lu H. R., Towart R. Gallacher D. J., et al. (2013). Experimentally calibrated population of models predicts and explains intersubject variability in cardiac cellular electrophysiology. Proc. Natl. Acad. Sci. U. S. A. 110, E2098–E2105. doi:10.1073/pnas.1304382110
 Clayton R. H., Panfilov A. V. (2008). A guide to modelling cardiac electrical activity in anatomically detailed ventricles. Prog. Biophys. Mol. Biol. 96, 19–43. doi:10.1016/j.pbiomolbio.2007.07.004
 Cox J. L., Boineau J. P., Schuessler R. B., Kater K. M., Ferguson T. B. J. Cain M. E., et al. (1995). Electrophysiologic basis, surgical development, and clinical results of the maze procedure for atrial flutter and atrial fibrillation. Adv. Card. Surg. 6, 1–67.
 Cristianini N., Shawe-Taylor J. (2000). An Introduction to Support Vector Machines and Other Kernel-Based Learning Methods. doi:10.1017/CBO9780511801389
 Dhillon P. S., Chowdhury R. A., Patel P. M., Jabr R., Momin A. U. Vecht J., et al. (2014). Relationship between connexin expression and gap-junction resistivity in human atrial myocardium. Circ. Arrhythm. Electrophysiol. 7, 321–329. doi:10.1161/CIRCEP.113.000606
 Hansen B. J., Zhao J., Csepe T. A., Moore B. T., Li N. Jayne L. A., et al. (2015). Atrial fibrillation driven by micro-anatomic intramural re-entry revealed by simultaneous sub-epicardial and sub-endocardial optical mapping in explanted human hearts. Eur. Heart J. 36, 2390–2401. doi:10.1093/EURHEARTJ/EHV233
 Kazbanov I. V., Ten Tusscher K. H. W. J., Panfilov A. V. (2016). Effects of heterogeneous diffuse fibrosis on arrhythmia dynamics and mechanism. Sci. Rep. 6, 20835. doi:10.1038/srep20835
 King J. H., Huang C. L.-H., Fraser J. A. (2013). Determinants of myocardial conduction velocity: implications for arrhythmogenesis. Front. Physiol. 4, 154. doi:10.3389/FPHYS.2013.00154
 Krul S. P. J., Berger W. R., Smit N. W., Van Amersfoorth S. C. M., Driessen A. H. G. Van Boven W. J., et al. (2015). Atrial fibrosis and conduction slowing in the left atrial appendage of patients undergoing thoracoscopic surgical pulmonary vein isolation for atrial fibrillation. Circ. Arrhythm. Electrophysiol. 8, 288–295. doi:10.1161/CIRCEP.114.001752
 Kumagai K., Nakashima H., Urata H., Gondo N., Arakawa K., Saku K. (2003). Effects of angiotensin II type 1 receptor antagonist on electrical and structural remodeling in atrial fibrillation. J. Am. Coll. Cardiol. 41, 2197–2204. doi:10.1016/S0735-1097(03)00464-9
 Lee K. W., Everett IV T. H., Rahmutula D., Guerra J. M., Wilson E. Ding C., et al. (2006). Pirfenidone prevents the development of a vulnerable substrate for atrial fibrillation in a canine model of heart failure. Circulation 114, 1703–1712. doi:10.1161/CIRCULATIONAHA.106.624320
 Li D., Shinagawa K., Pang L., Leung T. K., Cardin S. Wang Z., et al. (2001). Effects of angiotensin-converting enzyme inhibition on the development of the atrial fibrillation substrate in dogs with ventricular tachypacing-induced congestive heart failure. Circulation 104, 2608–2614. doi:10.1161/HC4601.099402
 Liberos A., Bueno-Orovio A., Rodrigo M., Ravens U., Hernandez-Romero I. Fernandez-Aviles F., et al. (2016). Balance between sodium and calcium currents underlying chronic atrial fibrillation termination: an in silico intersubject variability study. Heart Rhythm 13, 2358–2365. doi:10.1016/j.hrthm.2016.08.028
 Lin X., Zemlin C., Hennan J. K., Petersen J. S., Veenstra R. D. (2008). Enhancement of ventricular gap-junction coupling by rotigaptide. Cardiovasc. Res. 79, 416–426. doi:10.1093/CVR/CVN100
 MacCannell K. A., Bazzazi H., Chilton L., Shibukawa Y., Clark R. B., Giles W. R. (2007). A mathematical model of electrotonic interactions between ventricular myocytes and fibroblasts. Biophys. J. 92, 4121–4132. doi:10.1529/BIOPHYSJ.106.101410
 Maleckar M. M., Greenstein J. L., Giles W. R., Trayanova N. A. (2009). Electrotonic coupling between human atrial myocytes and fibroblasts alters myocyte excitability and repolarization. Biophys. J. 97, 2179–2190. doi:10.1016/j.bpj.2009.07.054
 Marrouche N. F., Wilber D., Hindricks G., Jais P., Akoum N. Marchlinski F., et al. (2014). Association of atrial tissue fibrosis identified by delayed enhancement MRI and atrial fibrillation catheter ablation: The DECAAF study. JAMA - J. Am. Med. Assoc. 311, 498–506. doi:10.1001/jama.2014.3
 Miragoli M., Gaudesius G., Rohr S. (2006). Electrotonic modulation of cardiac impulse conduction by myofibroblasts. Circ. Res. 98, 801–810. doi:10.1161/01.RES.0000214537.44195.A3
 Muszkiewicz A., Britton O. J., Gemmell P., Passini E., Sanchez C. Zhou X., et al. (2016). Variability in cardiac electrophysiology: Using experimentally-calibrated populations of models to move beyond the single virtual physiological human paradigm. Prog. Biophys. Mol. Biol. 120, 115–127. doi:10.1016/j.pbiomolbio.2015.12.002
 Palacio L. C., Ugarte J. P., Saiz J., Tobón C. (2021). The effects of fibrotic cell type and its density on atrial fibrillation dynamics: An in silico study. Cells 10, 2769. doi:10.3390/cells10102769
 Patel D., Stohlman J., Dang Q., Strauss D. G., Blinova K. (2019). Assessment of proarrhythmic potential of drugs in optogenetically paced induced pluripotent stem cell-derived cardiomyocytes. Toxicol. Sci. 170, 167–179. doi:10.1093/toxsci/kfz076
 Peirlinck M., Costabal F. S., Yao J., Guccione J. M., Tripathy S. Wang Y., et al. (2021). Precision medicine in human heart modeling: Perspectives, challenges, and opportunities. Biomech. Model. Mechanobiol. 20, 803–831. doi:10.1007/S10237-021-01421-Z
 Perego M., Veneziani A. (2009). An efficient generalization of the rush-Larsen method for solving electro-physiology membrane equations. Electron. Trans. Numer. Anal. 35, 234–257. Available at: https://go.gale.com/ps/i.do?p=AONE&sw=w&issn=10689613&v=2.1&it=r&id=GALE%7CA230063916&sid=googleScholar&linkaccess=fulltext (Accessed September 16, 2022). 
 Platt J. C. (1998). Sequential Minimal Optimization: A Fast Algorithm for Training Support Vector Machines. 
 Rios-Munoz G. R., Sanchez De La Nava A. M., Gomez-Cid L., Grigorian-Shamagian L., Fernandez-Santos M. E. Atienza F., et al. (2021). Unveiling the impact of fibrosis presence in fibrillatory electrograms. Eur. Heart J. 42, ehab724.0417. doi:10.1093/eurheartj/ehab724.0417
 Rush S., Larsen H. (1978). A practical algorithm for solving dynamic membrane equations. IEEE Trans. Biomed. Eng. 25, 389–392. doi:10.1109/TBME.1978.326270
 Sachse F. B. (2004). Computational cardiology : modeling of anatomy, electrophysiology, and mechanics. Germany: Springer. 
 Saljic A., Heijman J. (2022). Emerging antiarrhythmic drugs for atrial fibrillation. Int. J. Mol. Sci. 23, 4096. doi:10.3390/ijms23084096
 Sánchez C., Bueno-Orovio A., Wettwer E., Loose S., Simon J. Ravens U., et al. (2014). Inter-subject variability in human atrial action potential in sinus rhythm versus chronic atrial fibrillation. PLoS One 9, e105897. doi:10.1371/journal.pone.0105897
 Sanchez de la Nava A. M., Arenal Á., Fernández-Avilés F., Atienza F. (2021a). Artificial intelligence-driven algorithm for drug effect prediction on atrial fibrillation: An in silico population of models approach. Front. Physiol. 0, 768468. doi:10.3389/FPHYS.2021.768468
 Sánchez de la Nava A. M., Atienza F., Bermejo J., Fernández-Avilés F. (2021b). Artificial intelligence for a personalized diagnosis and treatment of atrial fibrillation. Am. J. Physiol. Heart Circ. Physiol. 320, H1337–H1347. doi:10.1152/ajpheart.00764.2020
 Sánchez J., Gomez J. F., Martinez-Mateu L., Romero L., Saiz J., Trenor B. (2019). Heterogeneous effects of fibroblast-myocyte coupling in different regions of the human atria under conditions of atrial fibrillation. Front. Physiol. 10, 847–913. doi:10.3389/fphys.2019.00847
 Sanguinetti M. C., Bennett P. B. (2003). Antiarrhythmic drug target choices and screening. Circ. Res. 93, 491–499. doi:10.1161/01.RES.0000091829.63501.A8
 Schuessler R. B., Grayson T. M., Bromberg B. I., Cox J. L., Boineau J. P. (1992). Cholinergically mediated tachyarrhythmias induced by a single extrastimulus in the isolated canine right atrium. Circ. Res. 71, 1254–1267. doi:10.1161/01.RES.71.5.1254
 Simon A., Liberos A., Hernandez-Romero I., Bueno Orovio A., Rodrigo M. Guillem S., et al. (2017). “Electrophysiological parameters in the electrical propagation during atrial fibrillation: a population of models study,” in 2017 Computing in Cardiology (CinC),  (Rennes, France, 24-27 September 2017), 1–4. doi:10.22489/CinC.2017.018-358
 Skibsbye L., Jespersen T., Christ T., Maleckar M. M., van den Brink J. Tavi P., et al. (2016). Refractoriness in human atria: Time and voltage dependence of sodium channel availability. J. Mol. Cell. Cardiol. 101, 26–34. doi:10.1016/j.yjmcc.2016.10.009
 Spencer T. M., Blumenstein R. F., PryseSheng K. M., Lee S. L., Glaubke D. A. Carlson B. E., et al. (2017). Fibroblasts slow conduction velocity in a reconstituted tissue model of fibrotic cardiomyopathy.ACS Biomater. Sci. Eng. 3, 3022–3028. doi:10.1021/acsbiomaterials.6b00576
 Tveito A., Lines G. T., Maleckar M. M. (2012). Note on a possible proarrhythmic property of antiarrhythmic drugs aimed at improving gap-junction coupling. Biophys. J. 102, 231–237. doi:10.1016/J.BPJ.2011.11.4015
 Yeo J. M., Tse V., Kung J., Lin H. Y., Lee Y. T. Kwan J., et al. (2017). Isolated heart models for studying cardiac electrophysiology: A historical perspective and recent advances. J. Basic Clin. Physiol. Pharmacol. 28, 191–200. doi:10.1515/jbcpp-2016-0110
 Zagorianou A., Marougkas M., Drakos S. G., Diakos N., Konstantopoulos P. Perrea D. N., et al. (2016). The effect of long-term amiodarone administration on myocardial fibrosis and evolution of left ventricular remodeling in a porcine model of ischemic cardiomyopathy. Springerplus 5, 1568. doi:10.1186/s40064-016-3249-3
 Zimetbaum P. (2012). Antiarrhythmic drug therapy for atrial fibrillation. Circulation 125, 381–389. doi:10.1161/CIRCULATIONAHA.111.019927
 Zlochiver S., Muñoz V., Vikstrom K. L., Taffet S. M., Berenfeld O., Jalife J. (2008). Electrotonic myofibroblast-to-myocyte coupling increases propensity to reentrant arrhythmias in two-dimensional cardiac monolayers. Biophys. J. 95, 4469–4480. doi:10.1529/biophysj.108.136473
Conflict of interest: FA and FF-A have equity from Corify Care SL. FA served on the advisory board of Medtronic. OB is a co-founder and Member of Cor-Dx LLC and received research grants from Medtronic and CoreMap.
The remaining authors declare that the research was conducted in the absence of any commercial of financial relationships that could be construed as a potential conflict of interest. 
Copyright © 2022 Sánchez de la Nava, Gómez-Cid, Domínguez-Sobrino, Fernández-Avilés, Berenfeld and Atienza. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/inline_5.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Artificial intelligence analysis of the impact of fibrosis in arrhythmogenesis and drug response		Introduction

		Materials and methods		Cellular models and tissue connection

		Electrophysiological variability: Population of models approach

		Drug implementation

		Simulation protocols

		Artificial intelligence algorithm: Pattern recognition for non-conducting and conducting profiles

		Variability on the simulated models: Validation of the protocol

		Statistical analysis





		Results		Construction and calibration of the model population

		Drug implementation on the stable ionic profiles

		In Silico models and artificial intelligence





		Discussion		Electrical conduction in 2D cardiac tissue: Effect of ionic profile and fibrosis presence

		Drug effect on fibrotic tissue behaviour: Electrophysiological implications

		Artificial intelligence for the evaluation of tissue conduction

		Limitations

		Clinical implications





		Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/inline_4.gif





OPS/images/inline_7.gif
(ay, +p,,)
Ay, = —





OPS/images/inline_6.gif
Py, (V)





OPS/images/inline_3.gif





OPS/images/inline_2.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
,frontiers ‘ Frontiers in Physiology





OPS/images/fphys-13-1025430-t001.jpg
Drug [Cali (uM) IC50 IKr (uM) IC50 ICaL (uM) IC50 INa (uM)

Amiodarone 08 0.9 13 46
Dofetilide 0.005 0.002 0.006 0.006
Sotalol 86.3 2100 2100 21





OPS/images/fphys-13-1025430-t002.jpg
0% Fibrosis

Increase in CV/

Decrease in CV/

5% Fibrosis

Increase in CV/

Decrease in CV

10% Fibrosis

Increase in CV/

Decrease in CV

Amiodarone
Dofetilide
Sotalol

0

124 (100%)
124 (100%)
124 (100%)

0
7 (28%)
15 (65.21%)

28 (100%)
13 (52%)
6 (26.08%)

5 (31.25%)
6 (37.5%)
7 (43.75%)

11 (68.75%)
3 (18.8%)
2 (12.5%)





OPS/images/fphys-13-1025430-g003.gif
o
STFIRFsEs: sV PR e avt
B





OPS/images/fphys-13-1025430-g004.gif





OPS/images/inline_1.gif





OPS/images/fphys-13-1025430-t003.jpg
ACV p-value  AAPD90 p-value  ARMP p-value  APeak p-value
(em/s) (ms) (mV) value
(mV)
Amiodarone 0% fibrosis -3.59 + 1.52 024 -49.42 £ 9672 0.06 0.14 £ 043 <001 ~476 £ 0.98 0.01
5% fibrosis -4.96 +2.15 -16.32 £ 93.05 -197 £3.15 -7.34 £ 3.61
10% fibrosis ~ 0.62  9.56 ~28.79 + 14298 ~539 £7.29 ~1.97 £ 2296
Dofetilide 0% fibrosis ~1343£407 <001 ~29.51 £ 7167 092 178 £9.83 004 ~1885£947  <0.01
5% fibrosis 014 + 187 573 £ 13626 47542758 ~0.96 + 3.83
10% fibrosis 005 + 1.16 -18.92 + 129.98 -1.94 £429 359+ 1131
Sotalol 0% fibrosis -0.023 %024 <001 ~15.83 £ 43.76 0.06 018 £ 0.16 <001 ~0.04 £ 0.16 <0.01
5% fibrosis 0.30 £ 4.69 3.80 + 13556 ~046 £ 334 -041 £3.12
10% fibrosis 022 % 1.39 ~40.28 + 106.18 -193 £428 349+ 1149





OPS/images/fphys-13-1025430-t004.jpg
QSVM
CSVM
DT

Sensitivity

84.67% [82.14%-86.96%)
90.43% [88.20%-92.36%)
79.85% [77.17%-82.35%)
78.65% [75.91%-81.22%)

Specificity

93.11% (90.83%-94.97%]
90.41% [88.00%-92.48%
92.93% (90.50%-94.90%]
90.05% (87.30%-92.38%]

Accuracy

88.12% [86.39%-89.71%]
90.40% [88.83%-91.85%]
84.71% [82.81%-86.48%]
82.94% [80.96%-84.80%]

AUC

094
095
0.89
092





OPS/images/math_qu7.gif
umiber of true negatives
S ity = e tives + Number of True veaatives





OPS/images/cover.jpg
& frontiers | Frontiers in Physiology






OPS/images/math_qu6.gif
Number of true positi
Number of true positives + Number o f Jalse neaatives

Sensitivity =





OPS/images/math_qu9.gif
T o) T nes

Negative Predictive Valle = < e





OPS/images/math_qu8.gif
P Ldend e
Positive Predictive Ve = S





OPS/images/fphys-13-1025430-g001.gif
A






OPS/images/math_qu3.gif





OPS/images/fphys-13-1025430-g002.gif
,,,,,,,





OPS/images/math_qu5.gif
Siomarker p,,, — Biomarker ..





OPS/images/math_qu4.gif
W ""‘m(""..,w)) i





OPS/images/math_qu1.gif
AL Lion + Lappiicd
ot = V- (DVV,,) - et





OPS/images/inline_8.gif





OPS/images/math_qu2.gif





OPS/images/math_qu10.gif
A _ Number of correct predictions
\ecuracy =~ almumber o f predictions





