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Atrial fibrillation (AF), the most prevalent cardiac arrhythmia, is commonly initiated by ectopic beats originating from a small myocardial sleeve extending over the pulmonary veins. Pulmonary vein isolation therapy attempts to isolate the pulmonary veins from the left atrium by ablating tissue, commonly by using radiofrequency ablation. During this procedure, the cardiologist records electrical activity using a lasso catheter, and the activation pattern recorded is used as a guide toward which regions to ablate. However, poor contact between electrode and tissue can lead to important regions of electrical activity not being recorded in clinic. We reproduce these signals through the use of a phenomenological model of the cardiac action potential on a cylinder, which we fit to post-AF atrial cells, and model the bipolar electrodes of the lasso catheter by an approximation of the surface potential. The resulting activation pattern is validated by direct comparison with those of clinical recordings. A potential application of the model is to reconstruct the missing electrical activity, minimizing the impact of the information loss on the clinical procedure, and we present results to demonstrate this.
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INTRODUCTION

Cardiac disease is the most common cause of death among the adult population worldwide (Murray and Lopez, 1997). Of the main contributors to cardiac disease, atrial fibrillation (AF) is the most common arrhythmia (Kannel et al., 1998), with a lifetime incidence of one in four at age 40 (Lloyd-Jones et al., 2004) and prevalence aged 80+ of approximately 9%. AF is associated with a near doubling of mortality (Benjamin et al., 1998) due primarily to a three-fold increase in the likelihood of congestive heart failure and a five-fold increase in the likelihood of stroke (Camm et al., 2012). Consequently, AF is a significant burden on public health. For example, in the UK the cost of treating cases of AF and complications thereof are estimated at £2 billion annually (The Office of Health Economics, 2009), whilst in the USA AF is predicted to double in prevalence from 2010 to 2030 (Colilla et al., 2013). AF is characterized by a rapid, irregular, atrial rate due to spiralling wavefronts (Jalife, 2003; Nattel et al., 2008; Calvo et al., 2014), and is most commonly initiated from a small section of the left atrial myocardium that extends over the base of the pulmonary veins [responsible for an estimated 88% (Chen et al., 1999) to 94% (Haissaguerre et al., 1998) of cases].

Herein we focus on Circumferential Pulmonary Vein Isolation (CPVI), a minimally invasive surgical technique for treatment of AF, in which a circular lesion is formed surrounding the pulmonary vein via the application of radiofrequency energy, electrically isolating the left atrium from the pulmonary vein and so preventing the propagation of an action potential (AP) in or out of the myocardial sleeve. Whilst the initial success rate of pulmonary vein isolation is approximately 85% (Bänsch et al., 2013), recurrence rates 5 months after ablation therapy can be as high as 30% in paroxysmal AF patients or 78% in permanent AF patients (Oral et al., 2002). It is desirable to ensure that the ablation process is completed as quickly as possible, as the duration of the procedure is known to strongly correlate with the rate of recurrence (Shim et al., 2013). Additionally, ablation of the pulmonary veins carries a risk of pulmonary vein stenosis (Robbins et al., 1998) and if complete electrical isolation is not achieved, the lesions can become pro-arrhythmic through the creation of conduction obstacles that facilitate the initiation of re-entrant waves.

It is common for the initial circular lesion made during CPVI to be incomplete and small conduction gaps remain. These are most commonly due to poor depth penetration of the lesion and the ablation catheter not maintaining a continuous contact with the heart tissue. To provide a guide to the surgeon as to the location of the conduction gaps, bipolar recordings of electrical activity around the pulmonary vein are taken using a lasso catheter typically consisting of 10 or 20 electrodes (see Figure 1 for an exemplar time-trace). The conduction gap is assumed to correspond to the location of the electrode(s) where the first spikes are observed and these sites are targeted for further ablation (Haissaguerre et al., 1998; Haïssaguerre et al., 2000). However, as the pulmonary vein is not a perfect cylinder it is common for some electrodes to make poor contact with the tissue. Figure 1 is an example of this happening in clinic, and in this case it is difficult to infer the activation pattern across PV 17-18 and 19-20. If these missing channels correspond to the region of first activation, this information loss could potentially lead to ablating the wrong region, or concluding the process has been successful.
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FIGURE 1. Clinical pulmonary vein recording. The pulmonary vein recording of a patient with atrial fibrillation during pulmonary vein isolation therapy. Spiking indicates electrical activity as the action potential propagates through the recording catheter. Since the pulmonary vein is not a perfect cylinder, not all electrodes make a good contact. For example, Channels 3-4, 17-18, and 19-20 show no spiking activity for this reason. These are referred to as missing channels throughout the paper.



In this paper, we focus on developing a mathematical representation of the phenomenology of the electrical signal recorded from the lasso catheter and to use this to reconstruct missing electrical signals. This is in contrast to typical approaches to modeling the cardiac AP or the body surface ECG where physiological detailed models are typically used (see, for example, Clayton et al., 2011; Noble et al., 2012 for comprehensive reviews). Developed appropriately, phenomenological models can be used to produce patient-specific simulations of the electrophysiology during treatment and could therefore form a part of a therapeutic decision support system to minimize the impact of information loss in clinic. This approach is motivated by our experience in neurology, where mathematical models of the phenomenology of electrical recordings from scalp electroencephalography have demonstrable potential in providing decision support for the diagnosis of epilepsy, without recourse to detailed models of the underlying neurophysiology (Schmidt et al., 2016).

The use of physiologically detailed mathematical models has enabled personalized 3D modeling of the atria, largely involving detailed biophysical models to investigate mechanisms behind the sustenance of AF (McDowell et al., 2013; Zahid et al., 2016). Additionally, fibrosis patterns have attracted significant recent attention (McDowell et al., 2012), and results obtained from the detailed models have elucidated the role of so called “islands of fibrosis” in the atria (Chrispin et al., 2016). Further, techniques are in place for the simulation of “virtual ablation” and bipolar electrograms (Dang et al., 2005; Reumann et al., 2008; Tobon et al., 2010; Yun et al., 2014). In a 2014 study (Hwang et al., 2014) a variety of ablation strategies were simulated and compared in a computational study, finding that CPVI with two additional linear lesions (along the roof and posterior wall) showed the highest AF termination rate.

However, such studies typically make the following assumptions:

1. the data collected and used to constrain the model is the ‘ground truth’;

2. ablated lesions made by the cardiologist are continuous.

Both assumptions are likely to be invalidated in the clinical setting, where significant information loss due to poorly connected electrodes is commonplace and conduction gaps create discontinuous lesions. These were highlighted in 2011 by Miyamoto et al. (2011) who proposed a method to infer a pulmonary vein activation map via gentle movement of the catheter. In conclusion they raised concerns that signals were unreliable due to some electrodes touching the endocardium whilst others did not. A further issue is that bipolar electrodes located symmetrically to a conduction gap will record a zero signal despite a wavefront passing through.

To address these challenges, we introduce a phenomenological reaction-diffusion model of the cardiac AP [the so-called Bueno-Orovio, Cherry and Fenton (BOCF) model Bueno-Orovio et al., 2008] on a cylinder with regions of zero conduction representing ablated tissue to build simulated representations of the bipolar signals recorded by the lasso catheter. Our focus on a simplified model of the phenomenology of the electrical signal, rather than a detailed model of the underlying electrophysiology, is two-fold. First, a cardiologist uses information from the macroscopic electrical recordings to identify appropriate site(s) to ablate, without recourse to any detailed understanding of the underlying electrophysiology. Second, the time available for the surgical procedure is of the order 1 h meaning that the model must efficiently reproduce a signal to be of use as a decision support tool during the procedure. The BOCF model provides a pragmatic balance between the quality of the simulated signal and the computational time required to produce the output. For example, many detailed biophysical cardiac models, such as Courtemanche et al. (1998); Nygren et al. (1998); Priebe and Beuckelmann (1998); Iyer et al. (2004); ten Tusscher (2004) require significant time (of order hours) to compute appropriate APs, rendering them inappropriate in the clinical setting. In contrast, the BOCF model can be run multiple times for parameter estimation and sensitivity analysis over much shorter timescales (of order seconds to minutes). There exist models, verified either with data or by their to the output of detailed biophysical models that satisfy these conditions (Mitchell and Schaeffer, 2003; Bueno-Orovio et al., 2008; Fenton and Cherry, 2008).

We demonstrate that this simple model can reproduce the activation pattern across electrodes recorded in clinic. Furthermore, we test the potential of the model to reconstruct recordings that have been lost to poor contact. We verify the accuracy of the simulated recording using clinical data and minimizing the root mean squared error between the activation patterns in the model and those in the data. To test the accuracy of the reconstruction, we use recordings for which all channels are spiking cleanly, and remove a subset, so that the original signal can be used for error calculation. Further, we present results showing cases in which the reconstruction of signals via the model would lead to reducing the number of RF pulses. Reducing the number of RF pulses would both minimize unnecessary damage to the heart and shorten the duration of the procedure. This is significant due to the correlation between the duration of the procedure and the rate of recurrence (Shim et al., 2013). Finally, as we are motivated by the ultimate potential for clinical applicability, we also demonstrate a small trial which shows (a) that the loss of information affects the decision of the cardiologist, and (b) that the magnitude of this effect is reduced when the reconstructed signals are provided to the cardiologist.

METHODS

In this section we introduce the mathematical model used to generate the underlying AP which is in turn used to generate a traveling wave of intracellular potential within the pulmonary vein. We describe the methods used to simulate the models and how their parameters may be calibrated (either from synthetic data or clinical recordings). We further describe how the model can be used to reconstruct missing channels from data collected clinically from a lasso catheter. A schematic of how the overall process might be used to provide clinical decision support is illustrated in Figure 2.
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FIGURE 2. Schematic and application of model. Figure showing the intended application of the model. (A) A cardiologist records Pulmonary Vein Recordings using a lasso catheter. (B) An example of a pulmonary vein recording with some channels not correctly spiking (missing channels). (C) A model simulation demonstrating the propagation through a conduction gap, showing high intracellular potential in red and low in blue. White stars are plotted on the electrode locations. (D) The result of applying the model to the signal in B to recover the lost channels.



Mathematical Model of the Underlying AP

In the current paper we model the pulmonary vein AP using an extension of the 1998 Fenton-Karma model (Fenton and Cherry, 2008): the four variable Bueno-Orovio Cherry Fenton (BOCF) model. This is a monodomain phenomenological model of the human ventricular AP first introduced in Bueno-Orovio et al. (2008):
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Here u represents the transmembrane voltage, Jfi, Jso and Jsi are phenomenological summations of the fast inward, slow outward, and slow inward currents respectively. Jfi is effectively gated by the gating variable v, Jso is voltage gated, and Jsi is effectively gated by the product of the gating variables w and s. DBOCF is either a spatially dependant diffusion constant (under the assumption of isotropic diffusion), or a diffusion tensor (under the assumption of anisotropic diffusion). We always take initial conditions at the resting state, where [u(0), v(0), w(0), s(0)] = [0, 1, 1, 0]. A full description of this model can be found in Bueno-Orovio et al. (2008).

Calibrating BOCF Model Parameters

Given that the shape of the emergent electrical activity recorded on the lasso catheter may be constrained by the underlying structure and function of the AP, a propagating AP was simulated using the detailed biophysical Courtemanche model for the human atrium (Courtemanche et al., 1998; Imaniastuti et al., 2014; Labarthe et al., 2014) as a proxy for clinical AP data. A generic AP from the Courtemanche model was modified to account for the electrical remodeling associated with AF (Courtemanche et al., 1999) and used as the initial stimulus for the BOCF model with parameters as defined in the sample fitting code in the appendix of Bueno-Orovio et al. (2008). These parameter choices were then evolved using the Nelder-Mead Simplex Algorithm (Nelder and Mead, 1965) (implemented by MATLAB's fminsearch), by minimizing the root mean squared error between subsequent APs (see Figure 3). With a spatial resolution Δx = 0.2 mm, a diffusion constant of DCourt = 2.615 was necessary for the simulated wavefront to match the conduction velocity of 48 cm/s observed clinically (Labarthe, 2013). To eliminate any effects from boundary conditions or transients from the stimulus, the fit was performed at the point x = 10 mm on a tissue cable 20 mm long. A cycle length of 600 ms was used to match the clinical data. This process resulted in the parameter choices defined in Table 1.
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FIGURE 3. Propagating action potentials. Plots of Courtemanche (Courtemanche et al., 1998) (blue), and BOCF (Bueno-Orovio et al., 2008) (red) models using the parameters in Table 1, of an AP at a point 10 mm from the stimulus with a spatial resolution of 0.2 mm and a time step of 0.01 ms. Model calibrated by minimizing the root mean squared error using the Nelder-Mead method. The Courtemanche model is solved using the parameters in Courtemanche et al. (1999).




Table 1. Parameter values of Bueno-Orovio Cherry Fenton model.

[image: image]



Figure 3 shows the shape of the propagating APs under the above conditions using the BOCF model with parameters as in Table 1, alongside the Courtemanche AF model as described in Courtemanche et al. (1999). The important qualities reproduced were conduction velocity (indicated by the simultaneous spike), upstroke velocity, and AP duration.

For the case of anisotropic diffusion an asymmetric finite difference method was used to simulate the BOCF model (see van Es et al., 2014 for full details). Since in general the degree of anisotropy for an individual patient is unknown, we included the principal axes and eigenvalues of the diffusion tensor as additional parameters to be optimized by our fitting algorithm. Physiological studies place the anisotropy ratio between 2 and 10, (Koura et al., 2002; Xie and Zemlin, 2016), which were used as bounds in our algorithms. The initial principal axes were placed at 45 degrees to the x and y axes, maximizing the effect on the propagation pattern.

Simulating Pulmonary Vein Recordings

2D simulations of the pulmonary vein were performed by numerical integration of Equation (1) by a finite difference method over a discretized cylindrical domain to represent the excitable myocardial sleeve extending over the base of the pulmonary vein. Dimensions vary from vein to vein, with the right inferior typically the largest and the left inferior the smallest (Stojanovska and Cronin, 2008). We assume dimensions within the range of observed measurements: a length of 15 mm (Cronin et al., 2007) and a diameter of 12.5 mm (Cabrera et al., 2002; Kim et al., 2005). A spatial resolution of Δx = 0.2 mm was used to discretize this cylinder into a rectangular domain of 200 × 75 grid points. Periodic boundary conditions were used along the lines x = 1 and x = 200, whilst Neumann boundary conditions were used along the lines y = 1 and y = 75 (where x and y represent nodes on the grid). We set the conductivity to 0 to model the effect of lesions due to ablated tissue at the relevant points, following the approach introduced in Dang et al. (2005); Reumann et al. (2008); Tobon et al. (2010). As we are only concerned with the effect on the AP propagation from the ablation process, we do not require a model of the thermodynamic processes of the catheter itself (Berjano, 2006; Suárez et al., 2010).

A visual representation of this structure is shown in Figure 2, which shows the propagating intracellular potential with the lines y = 1, y = ha, and y = hr annotated (Figure 2C). An ectopic is initiated from a stimulus along the line y = 1; the edge of the myocardial sleeve furthest from the atrial junction. Virtual ablation is performed by introducing a line of lesions on the circle y = ha such that D(x, ha) = 0. Conduction gaps are modeled such that D(x, ha) = DBOCF (for conductive tissue on small segments of the circle y = ha). Consequently, semi-circular wavefront(s) will form on the other side of the lesions. Although loosely based on the underlying mechanisms, the values of the obtained parameters are phenomenological, and fit to the available data to ensure an accurate simulation on the lasso catheter electrodes, not to provide an estimation of the real location of the conduction gap.

We simulate pulmonary vein recordings from the lasso catheter across n electrodes (where n is typically 10 or 20), on y = hr, where hr > ha. The electrodes are assumed to be equally spaced d = 200/n apart, such that for an n electrode catheter c = (a, hr) where a = {d, 2d, …, nd}). At each point c = (x′, y′), an approximation for the surface potential Φ described originally in Gima and Rudy (2002) is given by:
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where
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Bipolar recordings between electrodes i and j (denoted PV i-j clinically) are simulated by:
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Throughout this paper, we divide the pulmonary vein into three equal sections, with the ablation line positioned at ha = 25 and the recording catheter positioned at hr = 50. This is a practical consideration, as quantifying these measurements during the procedure would be difficult given information collected as standard in clinical practice.

Relative Activation Time Curves

The important characteristics of both the simulated and recorded data are the activation times (from maximal absolute value of dV/dt) of each signal compared to the others, as this gives a representation of the wavefront shape termed the relative activation time curve. It is necessary to use the absolute value as the recordings are bipolar. The relative activation time curve can be visualized by plotting the catheter along the x axis and its activation time on the y axis, giving a curve of the activation times of each signal relative to the others.

To understand the relationship between the relative activation time curve and parameters of the overall pulmonary vein model, the quantity, size and locations of conduction gaps are used as input parameters, since these have the most profound effect on the emerging wavefront shape. The root mean squared error between relative activation times obtained from simulated and clinical recordings are minimized, again using the Nelder-Mead Simplex Search method (implemented by MATLAB's fminsearch) to establish the location of conduction gaps which result in the most accurate activation time curve. Here it is important to note we do not claim to have found the location of the conduction gap(s) via this fit, only that we have calibrated model parameters that most closely recreate the phenomenology of the waveforms from the recording catheter.

Reconstruction of Missing Electrodes

In the cases for which there is poor contact between recording catheter and tissue, the signal is typically flat or white noise. This is evident, for example, in channels PV 3-4 17-18, and 19-20 in Figure 1. To reconstruct missing electrode recordings, a partial relative activation time curve was obtained from the active channels. Model parameters of the overall pulmonary vein model were calibrated from the active channels, using the Nelder-Mead Simplex Search (implemented by MATLAB's fminsearch).

Clinical Data

Pulmonary vein recordings used in this paper were obtained from adult male and female subjects undergoing pulmonary vein isolation therapy at Bristol Heart Institute. Bipolar recordings were obtained from a deflectable, circular, 20-pole Lasso catheter (Biosense Webster Ltd). Patients with both paroxysmal and persistent AF were included but all cases were paced into normal sinus rhythm by pacing at 600 ms intervals, as per standard clinical practice. All data were appropriately anonymized prior to their use in this study. Under United Kingdom law, patient data collected during normal clinical routine and anonymized before research use may be used for research without additional consent.

RESULTS

Simulated Pulmonary Vein Recordings

First we consider how well the model can reproduce the phenomenology of the pulmonary vein recordings when all 10 channels are active. To consider this, we use an exemplar set of clinical pulmonary vein recordings collected during pulmonary vein isolation therapy (as described in the methods). The goodness of fit between clinical recordings and model simulations is determined by minimizing the root mean squared error between the relative activation times of the model and the data. This is achieved by varying the positions of conduction gaps in the model. The average of ten recorded events in the data is used to form the target relative activation time curve. This ensures some robustness to variation in the data and enables us to estimate the conduction gap location and width as parameters, which should be constant until ablated.

For the chosen clinical data, and for parameter choices of the underlying BOCF model as in Table 1, we find that the root mean squared error between the relative activation time curve of the clinical data and that of the model (assuming isotropic diffusion) is minimized by placing conduction gaps centered on points x = 65.5 and x = 167, with widths 11 and 6 respectively. Both the number of minima and their locations are used to optimize position and width of the conduction gaps. This is important since both the number of minima and their locations within the relative activation time curve emerge as a result of the conduction gaps generating the signal. In current clinical practice, the earliest activation time(s) (e.g., the minima of the relative activation curve), are the most important, as these are assumed to be closest to the conduction gap and therefore the optimal ablation site. This is illustrated in Figure 4A, where we also present a model fit under the assumption of anisotropic diffusion. In this case the conduction gaps are centered on points x = 59.5 and x = 164.5, with width 11 and 13 respectively.
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FIGURE 4. Parameter fitting and comparison with clinical recordings. (A) Presenting the relative activation time curves for the clinical data (presented in full in B) (black), the model assuming isotropic diffusion (blue) and the model assuming anisotropic diffusion (red). Parameters of the model were calibrated by minimizing the root mean squared error between clinical recording and the model using the Nelder-Mead method. (B) Presenting an exemplar of clinical pulmonary vein recordings collected during pulmonary vein isolation therapy at the Bristol Heart Institute (black). Overlaid are the model simulations, with parameters calibrated as described in (A), under the assumption of isotropic diffusion (blue) and isotropic diffusion (red) respectively.



In Figure 4B, we present a comparison between the original choice of clinical pulmonary vein recordings and simulations for the two classes of model. Time units of the model are rescaled such that the relative activation time-scale of the model is equivalent to that of the clinical recordings, which permits a clearer visual comparison. Note that both classes of model result in visually similar simulated pulmonary vein recordings. We perform a more rigorous analysis of differences between anisotropic and isotropic diffusion later, when considering the ability of the model to reconstruct missing channels in the clinical data.

Next, we tested the capacity of the model to predict future ectopic events, given an average over an initial ten events. For the identified choice of model parameters from the initial ten events, we simulated a series of additional ectopic events and for each event we calculated the root mean squared error between relative activation time curves obtained from either simulated or clinical ectopic events. We define t0 as the time of the last event in the training set, and tN as the time of the Nth subsequent ectopic event. Figure 5 shows how this error scales as the number N of the ectopic event moves further away from the training set. The apparent periodicity in the error is most likely due to rhythmic movements of the patient, such as breathing.


[image: image]

FIGURE 5. Increase of error with prediction horizon. Illustrating how the root mean squared error in the activation time curve scales as the number of the ectopic event N increases away from the initial ten ectopic events used to calibrate model parameters. The line of best fit is displayed in blue. The periodicity in the error is likely due to rhythmic movements of the patient, such as breathing.



Reconstructing Missing Channels

We now focus on the capacity of the model to reconstruct missing channels, exemplars of which were shown in Figure 1. This is a key result of this paper, and the one with most relevance to a potential clinical decision support system. To test the accuracy of the model, we start with a clinical recording for which all channels are active. We then eliminated a subset n (n = 0 to 5) of the channels replacing them with a 0 time trace. Five was chosen as the upper limit, since clinically a recording with less than half the channels active would not be relied on for determining the site of ablation. We then estimated model parameters using the same approach as in the previous section, but only data from those channels that were active. Using these parameters we then contrasted the error between the relative activation time curves obtained from the simulated next ectopic event and the subsequent ectopic event from the original clinical recording (including all channels). This enables us to assess how well the model can reproduce clinically relevant information (since the relative activation time curve is used for determining the site of ablation).

Figure 6 shows a box plot for each value of n. Each box in the box plot represents the root mean squared error between the relative activation time curves obtained from the average across 20 model simulations (with anisotropic diffusion and without) and that obtained from a clinically recorded ectopic event. The case n = 0 enables us to consider the limit of the goodness of fit between the model and the clinical data. This is effectively the intrinsic error attributable to the choice of model. For subsequent plots, n random channels were removed from the training set (simulating the effect of lost information due to poor contact). Different time intervals and different signals were used for each calculation so that the error distribution presented is as close as possible to the errors that we might expect to observe in clinic. This is important as it minimizes the likelihood of observations simply being due to an artifact of the ectopic event chosen for the fit.
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FIGURE 6. Error vs. number of reconstructed channels. Box plot illustrating how increasing the number of missing channels influences the minimized root mean squared error between the relative activation time curves obtained from the model (assuming both anisotropic diffusion (red) and isotropic diffusion (blue)) and the original clinical recording. For each case 20 simulations for up to 20 random choices of channels to be reconstructed were performed. (+) symbols denote outliers in the 1% tail of the error distributions. The case of 0 reconstructed channels enables a comparison of the limit of goodness of fit between models and the clinical data. We see that for 3 or fewer channels being reconstructed, uncertainty is predominantly due to model choice rather than the number of reconstructed channels, as we see no significant change in the mean error between model and clinical data. We use an unequal variances t-test to determine whether the errors came from a distribution with equal mean and find that with the exception of 3 channels reconstructed there is no significant difference in the errors between models.



For up to 3 channels reconstructed, the median and maximum errors do not significantly increase over that of the control whether or not anisotropy is considered. This is an important result as it demonstrates reconstructing up to three missing channels is not a significant source of additional error and therefore the model as presented may ultimately have clinical use under these conditions. Removing more than 3 channels leads to information loss resulting in outliers with statistically significant errors (see the cases for 4 and 5 channels removed). This demonstrates the limit of the number of missing channels that the considered models can reliably reconstruct.

To consider the whether the assumption of anisotropic diffusion is significant, we performed an unequal variances t-test (so-called Welch's t-test) to test whether the errors from each model could have come from a distribution with the same mean. This test consistently showed no significant difference (p > 0.05), except for the case of 3 signals reconstructed (p = 0.0414). This suggests that whilst anisotropy is clearly important in terms of the underlying physiology, it does not significantly affect the quality of model fit to the phenomenology of the recorded signals. This is an important consideration as calibration of model parameters is more efficient under the assumption of isotropic diffusion.

Potential Clinical Application

To test the potential of this technique to aid the clinical procedure, we presented a cardiologist specializing in pulmonary vein isolation therapy, with three variations of clinical recordings collected from three patients:

1. the original clinical recordings with all channels active;

2. the original clinical recordings with key channels identifying the earliest activation hidden;

3. a hybrid whereby we reconstruct channels (removed in scenario 2) using the mathematical model and present these alongside the remaining active channels.

These scenarios are illustrated in Figure 7. The cardiologist was unaware of the origin of each recording, and to avoid bias, the recordings were supplied in a random order. The following results were obtained (summarized in Table 2 for convenience). For patient 1, given the original data, the first point of ablation would have been around PV 5-6, with PV 15-16 noted as a second choice. With channels 15-16, 17-18, and 19-20 removed, only PV 5-6 was identified as the only appropriate ablation zone. When these channels were reconstructed by the model, PV 17-18 was identified as the second choice of ablation target. For this patient, the model has helped to identify a second relevant ablation target that was not identified when channels were missing. If initial ablation is not successful, the cardiologist will ablate in the area surrounding the target area, hence an initial estimate closer to the optimal location will result in successful isolation using fewer radiofrequency pulses. This will result in a smaller region of tissue being ablated and a shorter procedure.
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FIGURE 7. Illustrating the model reconstruction of pulmonary vein recordings. In (A) we present the original recording with three removed channels. In (B) the original recordings, and in (C) the original recordings combined with the reconstructed channels using the mathematical model. We presented these data to the cardiologist who made a decision about the tissue underlying the channels they would ablate in each case. This process was repeated for patients 2 and 3. In all three cases reconstruction of the missing signals resulted in an improved clinical decision in contrast to only using the recordings with missing signals.




Table 2. Effect of signal reconstruction on clinical decision.

[image: image]



In the second patient presented, a clear earliest spike time was present on PV 5-6. The removal of PV 5-6 and its neighbors led to PV 9-10 being identified as an ablation target. In this case, the reconstruction led to the same zone being targeted as the original signal, while the estimation with the recordings missing was two channels away. For this patient, reconstruction of the missing recordings led the cardiologist directly to the optimal decision.

In the final patient, the earliest spike, on PV 7-8, was removed, along with PV 5-6 and 9-10. As previously, these missing channels shifted the chosen ablation target by 2 channels. The reconstructed signal led to a target selected which was closer to the target chosen with all information present. As with patient 1, we infer this result as satisfactory, as starting closer to the optimal target will lead to quicker isolation of the pulmonary vein.

In all three cases, the missing channels influenced the decision made by the cardiologist, demonstrating the potential impact of information loss in clinic. However, when the cardiologist used the recordings combined with the signals reconstructed by the mathematical model to make a decision, the decision made was closer to the decision that would have been made had all information been present. Whilst these results provide only limited proof of concept at this stage, assuming the original data and clinical decision to represent the “ground truth,” then we believe there is significant potential for our approach to minimize the effect of this lost information.

DISCUSSION

In this study we have demonstrated that key features of pulmonary vein recordings can be generated by a phenomenological model, in this case the BOCF model. Calibrating parameters of the BOCF model using the post-fibrillation AP of atrial myocytes, simulated using the biophysical Courtemanche model, provides a method for rapid simulation of atrial cells afflicted by AF-induced electrical remodeling. This is in contrast to more detailed biophysical models (Courtemanche et al., 1998; Nygren et al., 1998; Priebe and Beuckelmann, 1998; Iyer et al., 2004; ten Tusscher, 2004) which may take several hours to produce an output. Given that pulmonary vein isolation therapy typically lasts at most 2 h, having a mathematical model that can run in close to real time, is a critical advantage when assessing suitability as a potential clinical decision support system.

Toward this aim, a primary result of this study was to model the phenomenology of recordings from the lasso catheter used during the pulmonary vein isolation therapy of AF. We found that the resulting model simulations accurately reproduce the relative activation time curve seen in recordings from patients undergoing this procedure. The pulmonary vein recordings made in this process are not always complete; there is often the complete loss of some of the recording channels. This is most commonly due to poor contact made between electrodes on the catheter and the pulmonary vein itself. This loss of information can result in non-optimal clinical decision making during the isolation therapy procedure. To address this issue we have demonstrated that a mathematical model fitted to the available channels of the data can be used to reconstruct those missing channels and we presented evidence in support of the accuracy of these reconstructions through comparison to clinical data. Of note, we find that up to three channels can be reconstructed without significantly increases the inherent error due to the use of a model. The results show that, in principle, these ideas could be adapted as part of a clinical decision support system, which could be run in the operating theater and provide information to the cardiologist during the procedure.

A potential limitation of this study is the loss of biological detail arising from our use of a phenomenological model over a biophysical one. However, it is important to note that the appropriateness of any mathematical model is dependent on the challenge it is designed to address. Here, we focus on the case of pulmonary vein isolation therapy, where a cardiologist is using recordings of the emergent electrical signal from the heart to make rapid decisions about regions of the heart to ablate. Consequently a model that can capture the phenomenology of these recordings (which ultimately are what the cardiologist is using to guide their decision making) is a valid approach and does not require a detailed analysis of the contribution of ionic channels and other physical quantities involved in AP propagation.

In our current model a number of assumptions have been made, most importantly regarding the conductance and the geometry. Whilst we account for anisotropic diffusion by considering additional parameters, the diffusion tensor used is still homogeneous across conductive tissue, and the wave approaching the conduction gap is planar. This is primarily since detailed fiber direction information would not be accessible to the cardiologist during the clinical procedure. A further key assumption is the approximation of the pulmonary vein sleeve as a cylinder. In the clinical procedure, the relevant region of cardiac tissue is not only the pulmonary vein sleeve, but also the atrial tissue surrounding the ostium. However, while tissue expansion and asymmetry of an anatomically accurate domain may affect the results for a given set of parameters, the signal reconstruction technique incorporates the fitting of the parameters to the available signals, which will account for the impact of these assumptions. Further geometrical assumptions, such as the angles between the incoming wave, the ablation line and the recording catheter, can not be quantified using standard clinical equipment and so we do not consider them in the current study. We also assume that all cells are free atrial wall myocytes, rather than pulmonary vein myocytes which have a shorter AP duration and amplitude in addition to a lower upstroke velocity in comparison to the left atrium (Mahida et al., 2015). However, under current clinical practice, it is not possible to identify which areas of the pulmonary vein ostium is populated by pulmonary vein myocytes as opposed to those of the atrial wall.

While the model developed in this paper has been developed with clinical applicability in mind, future work will be necessary to establish the ultimate validity of and optimize this approach in a clinical context. In particular it is important to establish the optimal level of detail of model required to reconstruct missing signals, and whether additional detail can improve the accuracy of the methods, given the constraints of time and recording protocols in standard clinical practice. Further, clinical metadata regarding the locations and times at which ablation was performed on the patient is typically not collected during the ablation procedure, so it is difficult to infer the optimal ablation zone from patient data. The availability of such data would open up many new lines of research, including the use of either phenomenological or biophysically detailed patient-specific models to estimate the optimal ablation site directly.

AUTHOR CONTRIBUTIONS

HG and JT provided concept; designed and executed the study; analyzed and interpreted the data. GT provided data; performed analysis of clinical and reconstructed signals. All authors wrote and approved the final manuscript.

FUNDING

JT acknowledges the generous support of the Wellcome Trust via Institutional Strategic Support Award (WT105618MA). JT further acknowledges financial support of the EPSRC via grant EP/N014391/1. HG acknowledges the financial support of the University of Exeter.

ACKNOWLEDGMENTS

We would like to acknowledge Rémi Dubois and Yves Coudière for valuable discussion and insight in the development of the model.

REFERENCES

 Bänsch, D., Bittkau, J., Schneider, R., Schneider, C., Wendig, I., Akin, I., et al. (2013). Circumferential pulmonary vein isolation: wait or stop early after initial successful pulmonary vein isolation? Europace 15, 183–188. doi: 10.1093/europace/eus205

 Benjamin, E. J., Wolf, P. A., D'Agostino, R. B., Silbershatz, H., Kannel, W. B., and Levy, D. (1998). Impact of atrial fibrillation on the risk of death the framingham heart study. Circulation 98, 946–952. doi: 10.1161/01.CIR.98.10.946

 Berjano, E. J. (2006). Theoretical modeling for radiofrequency ablation: state-of-the-art and challenges for the future. Biomed. Eng. Online 5:24. doi: 10.1186/1475-925X-5-24

 Bueno-Orovio, A., Cherry, E. M., and Fenton, F. H. (2008). Minimal model for human ventricular action potentials in tissue. J. Theoret. Biol. 253, 544–560. doi: 10.1016/j.jtbi.2008.03.029

 Cabrera, J. A., Sánchez-Quintana, D., Farré, J., Navarro, F., Rubio, J. M., Cabestrero, F., et al. (2002). Ultrasonic characterization of the pulmonary venous wall echographic and histological correlation. Circulation 106, 968–973. doi: 10.1161/01.CIR.0000026397.78200.C4

 Calvo, C. J., Deo, M., Zlochiver, S., Millet, J., and Berenfeld, O. (2014). Attraction of rotors to the pulmonary veins in paroxysmal atrial fibrillation: a modeling study. Biophys. J. 106, 1811–1821. doi: 10.1016/j.bpj.2014.02.030

 Camm, A. J., Lip, G. Y., De Caterina, R., Savelieva, I., Atar, D., Hohnloser, S. H., et al. (2012). 2012 focused update of the esc guidelines for the management of atrial fibrillation. Euro. Heart J. 33, 2719–2747. doi: 10.1093/eurheartj/ehs253

 Chen, S.-A., Hsieh, M.-H., Tai, C.-T., Tsai, C.-F., Prakash, V., Yu, W.-C., et al. (1999). Initiation of atrial fibrillation by ectopic beats originating from the pulmonary veins electrophysiological characteristics, pharmacological responses, and effects of radiofrequency ablation. Circulation 100, 1879–1886. doi: 10.1161/01.CIR.100.18.1879

 Chrispin, J., Ipek, E. G., Zahid, S., Prakosa, A., Habibi, M., Spragg, D., et al. (2016). Lack of regional association between atrial late gadolinium enhancement on cardiac magnetic resonance and atrial fibrillation rotors. Heart Rhythm 13, 654–660. doi: 10.1016/j.hrthm.2015.11.011

 Clayton, R., Bernus, O., Cherry, E., Dierckx, H., Fenton, F., Mirabella, L., et al. (2011). Models of cardiac tissue electrophysiology: progress, challenges and open questions. Prog. Biophys. Mol. Biol. 104, 22–48. doi: 10.1016/j.pbiomolbio.2010.05.008

 Colilla, S., Crow, A., Petkun, W., Singer, D. E., Simon, T., and Liu, X. (2013). Estimates of current and future incidence and prevalence of atrial fibrillation in the us adult population. Am. J. Cardiol. 112, 1142–1147. doi: 10.1016/j.amjcard.2013.05.063

 Courtemanche, M., Ramirez, R. J., and Nattel, S. (1998). Ionic mechanisms underlying human atrial action potential properties: insights from a mathematical model. Am. J. Physiol. Heart Circ. Physiol. 275, H301–H321.

 Courtemanche, M., Ramirez, R. J., and Nattel, S. (1999). Ionic targets for drug therapy and atrial fibrillation-induced electrical remodeling: insights from a mathematical model. Cardiovas. Res. 42, 477–489. doi: 10.1016/S0008-6363(99)00034-6

 Cronin, P., Kelly, A. M., Desjardins, B., Patel, S., Gross, B. H., Kazerooni, E. A., et al. (2007). Normative analysis of pulmonary vein drainage patterns on multidetector ct with measurements of pulmonary vein ostial diameter and distance to first bifurcation. Acad. Radiol. 14, 178–188. doi: 10.1016/j.acra.2006.11.004

 Dang, L., Virag, N., Ihara, Z., Jacquemet, V., Vesin, J.-M., Schlaepfer, J., et al. (2005). Evaluation of ablation patterns using a biophysical model of atrial fibrillation. Ann. Biomed. Eng. 33, 465–474. doi: 10.1007/s10439-005-2502-7

 Fenton, F. H., and Cherry, E. M. (2008). Models of cardiac cell. Scholarpedia 3:1868. doi: 10.4249/scholarpedia.1868

 Gima, K., and Rudy, Y. (2002). Ionic current basis of electrocardiographic waveforms a model study. Circ. Res. 90, 889–896. doi: 10.1161/01.RES.0000016960.61087.86

 Haissaguerre, M., Jaïs, P., Shah, D. C., Takahashi, A., Hocini, M., Quiniou, G., et al. (1998). Spontaneous initiation of atrial fibrillation by ectopic beats originating in the pulmonary veins. New Engl. J. Med. 339, 659–666. doi: 10.1056/NEJM199809033391003

 Haïssaguerre, M., Shah, D. C., Jaïs, P., Hocini, M., Yamane, T., Deisenhofer, I., et al. (2000). Electrophysiological breakthroughs from the left atrium to the pulmonary veins. Circulation 102, 2463–2465. doi: 10.1161/01.CIR.102.20.2463

 Hwang, M., Kwon, S.-S., Wi, J., Park, M., Lee, H.-S., Park, J.-S., et al. (2014). Virtual ablation for atrial fibrillation in personalized in-silico three-dimensional left atrial modeling: comparison with clinical catheter ablation. Prog. Biophys. Mole. Biol. 116, 40–47. doi: 10.1016/j.pbiomolbio.2014.09.006

 Imaniastuti, R., Lee, H. S., Kim, N., Youm, J. B., Shim, E. B., and Lim, K. M. (2014). Computational prediction of proarrhythmogenic effect of the v241f kcnq1 mutation in human atrium. Prog. Biophys. Mole. Biol. 116, 70–75. doi: 10.1016/j.pbiomolbio.2014.09.001

 Iyer, V., Mazhari, R., and Winslow, R. L. (2004). A computational model of the human left-ventricular epicardial myocyte. Biophys. J. 87, 1507–1525. doi: 10.1529/biophysj.104.043299

 Jalife, J. (2003). Rotors and spiral waves in atrial fibrillation. J. Cardiovas. Electrophysiol. 14, 776–780. doi: 10.1046/j.1540-8167.2003.03136.x

 Kannel, W. B., Wolf, P. A., Benjamin, E. J., and Levy, D. (1998). Prevalence, incidence, prognosis, and predisposing conditions for atrial fibrillation: population-based estimates. Am. J. Cardiol. 82, 2N–9N. doi: 10.1016/S0002-9149(98)00583-9

 Kim, Y.-H., Marom, E. M., Herndon, J. E., and McAdams, H. P. (2005). Pulmonary vein diameter, cross-sectional area, and shape: Ct analysis 1. Radiology 235, 43–49. doi: 10.1148/radiol.2351032106

 Koura, T., Hara, M., Takeuchi, S., Ota, K., Okada, Y., Miyoshi, S., et al. (2002). Anisotropic conduction properties in canine atria analyzed by high-resolution optical mapping. Circulation 105, 2092–2098. doi: 10.1161/01.CIR.0000015506.36371.0D

 Labarthe, S. (2013). Modélisation de l'activité électrique des Oreillettes et des Veines Pulmonaires. Ph.D. thesis, Université Victor Segalen-Bordeaux II.

 Labarthe, S., Bayer, J., Coudière, Y., Henry, J., Cochet, H., Jaïs, P., et al. (2014). A bilayer model of human atria: mathematical background, construction, and assessment. Europace 16(Suppl. 4), iv21–iv29. doi: 10.1093/europace/euu256

 Lloyd-Jones, D. M., Wang, T. J., Leip, E. P., Larson, M. G., Levy, D., Vasan, R. S., et al. (2004). Lifetime risk for development of atrial fibrillation the framingham heart study. Circulation 110, 1042–1046. doi: 10.1161/01.CIR.0000140263.20897.42

 Mahida, S., Sacher, F., Derval, N., Berte, B., Yamashita, S., Hooks, D., et al. (2015). Science linking pulmonary veins and atrial fibrillation. Arrhyth. Electrophysiol. Rev. 4:40. doi: 10.15420/aer.2015.4.1.40

 McDowell, K. S., Vadakkumpadan, F., Blake, R., Blauer, J., Plank, G., MacLeod, R. S., et al. (2012). Methodology for patient-specific modeling of atrial fibrosis as a substrate for atrial fibrillation. J. Electrocardiol. 45, 640–645. doi: 10.1016/j.jelectrocard.2012.08.005

 McDowell, K. S., Vadakkumpadan, F., Blake, R., Blauer, J., Plank, G., MacLeod, R. S., et al. (2013). Mechanistic inquiry into the role of tissue remodeling in fibrotic lesions in human atrial fibrillation. Biophys. J. 104, 2764–2773. doi: 10.1016/j.bpj.2013.05.025

 Mitchell, C. C., and Schaeffer, D. G. (2003). A two-current model for the dynamics of cardiac membrane. Bull. Math. Biol. 65, 767–793. doi: 10.1016/S0092-8240(03)00041-7

 Miyamoto, K., Tsuchiya, T., Yamaguchi, T., Nagamoto, Y., Ando, S.-i., Sadamatsu, K., et al. (2011). A new method of a pulmonary vein map to identify a conduction gap on the pulmonary vein antrum ablation line. Circ. J. 75, 2363–2371. doi: 10.1253/circj.CJ-11-0198

 Murray, C. J., and Lopez, A. D. (1997). Mortality by cause for eight regions of the world: global burden of disease study. Lancet 349, 1269–1276. doi: 10.1016/S0140-6736(96)07493-4

 Nattel, S., Burstein, B., and Dobrev, D. (2008). Atrial remodeling and atrial fibrillation mechanisms and implications. Circ. Arrhyth. Electrophysiol. 1, 62–73. doi: 10.1161/CIRCEP.107.754564

 Nelder, J. A., and Mead, R. (1965). A simplex method for function minimization. Comput. J. 7, 308–313. doi: 10.1093/comjnl/7.4.308

 Noble, D., Garny, A., and Noble, P. J. (2012). How the hodgkin–huxley equations inspired the cardiac physiome project. J. Physiol. 590, 2613–2628. doi: 10.1113/jphysiol.2011.224238

 Nygren, A., Fiset, C., Firek, L., Clark, J., Lindblad, D., Clark, R., et al. (1998). Mathematical model of an adult human atrial cell the role of k+ currents in repolarization. Circ. Res. 82, 63–81. doi: 10.1161/01.RES.82.1.63

 Oral, H., Knight, B. P., Tada, H., Özaydın, M., Chugh, A., Hassan, S., et al. (2002). Pulmonary vein isolation for paroxysmal and persistent atrial fibrillation. Circulation 105, 1077–1081. doi: 10.1161/hc0902.104712

 Priebe, L., and Beuckelmann, D. J. (1998). Simulation study of cellular electric properties in heart failure. Circ. Res. 82, 1206–1223. doi: 10.1161/01.RES.82.11.1206

 Reumann, M., Bohnert, J., Seemann, G., Osswald, B., and Dössel, O. (2008). Preventive ablation strategies in a biophysical model of atrial fibrillation based on realistic anatomical data. Biomed. Eng. IEEE Trans. 55, 399–406. doi: 10.1109/TBME.2007.912672

 Robbins, I. M., Colvin, E. V., Doyle, T. P., Kemp, W. E., Loyd, J. E., McMahon, W. S., et al. (1998). Pulmonary vein stenosis after catheter ablation of atrial fibrillation. Circulation 98, 1769–1775. doi: 10.1161/01.CIR.98.17.1769

 Schmidt, H., Woldman, W., Goodfellow, M., Chowdhury, F. A., Koutroumanidis, M., Jewell, S., et al. (2016). A computational biomarker of idiopathic generalized epilepsy from resting state eeg. Epilepsia 57, e200–e204. doi: 10.1111/epi.13481

 Shim, J., Joung, B., Park, J. H., Uhm, J.-S., Lee, M.-H., and Pak, H.-N. (2013). Long duration of radiofrequency energy delivery is an independent predictor of clinical recurrence after catheter ablation of atrial fibrillation: over 500 cases experience. Int. J. Cardiol. 167, 2667–2672. doi: 10.1016/j.ijcard.2012.06.120

 Stojanovska, J., and Cronin, P. (2008). Computed tomography imaging of left atrium and pulmonary veins for radiofrequency ablation of atrial fibrillation. Sem. Roentgenol. 43, 154–166. doi: 10.1053/j.ro.2008.01.010

 Suárez, A. G., Hornero, F., and Berjano, E. J. (2010). Mathematical modeling of epicardial rf ablation of atrial tissue with overlying epicardial fat. Open Biomed. Eng. J. 4, 47–55. doi: 10.2174/1874120701004020047

 ten Tusscher, K. H. W. J. (2004). Spiral Wave Dynamics and Ventricular Arrhythmias. Ph.D. thesis, University of Utrecht, Utrecht.

 The Office of Health Economics, T. O. (2009). Estimating the Direct Costs of Atrial Fibrillation to the NHS in the Constituent Countries of the UK and at sha Level in England, 2008. London: The Office of Health Economics.

 Tobon, C., Ruiz, C., Rodriguez, J., Hornero, F., Ferrero, J. Jr., and Saiz, J. (2010). “Vulnerability for reentry in a three dimensional model of human atria: a simulation study,” in Engineering in Medicine and Biology Society (EMBC), 2010 Annual International Conference of the IEEE (IEEE) (Buenos Aires).

 van Es, B., Koren, B., and de Blank, H. J. (2014). Finite-difference schemes for anisotropic diffusion. J. Comput. Phys. 272, 526–549. doi: 10.1016/j.jcp.2014.04.046

 Xie, F., and Zemlin, C. W. (2016). Effect of twisted fiber anisotropy in cardiac tissue on ablation with pulsed electric fields. PLoS ONE 11:e0152262. doi: 10.1371/journal.pone.0152262

 Yun, Y., Hwang, M., Park, J. H., Shin, H., Shim, E. B., and Pak, H.-N. (2014). The relationship among complex fractionated electrograms, wavebreak, phase singularity, and local dominant frequency in fibrillation wave-dynamics: a modeling comparison study. J. Korean Med. Sci. 29, 370–377. doi: 10.3346/jkms.2014.29.3.370

 Zahid, S., Cochet, H., Boyle, P. M., Schwarz, E. L., Whyte, K. N., Vigmond, E. J., et al. (2016). Patient-derived models link re-entrant driver localization in atrial fibrillation to fibrosis spatial pattern. Cardiovas. Res. 110, 443–454. doi: 10.1093/cvr/cvw073

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The reviewer NT and handling Editor declared their shared affiliation, and the handling Editor states that the process met the standards of a fair and objective review.

Copyright © 2017 Green, Thomas and Terry. 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) or licensor 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/fphys-08-00496-g005.gif





OPS/images/fphys-08-00496-g006.gif
B o

Nurmber of Reconsiructod Channsls





OPS/images/fphys-08-00496-g003.gif





OPS/images/fphys-08-00496-g004.gif





OPS/images/fphys-08-00496-t002.jpg
Patient Missing Reconstructed Original

1 PV5-6 PV5-6/17-18 PV5-6/15-16
2 PVE-10 PV56 PV56
3 PV3-4 PV 9-10 PV7-8

The channel corresponding to the area the cardologist would ablate given the recording
with channels missing, the original data, and the data with the missing channels
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the model reconstruction has minimized the impact of the information loss on the ciinical
outcome. Recordings from Patient 1 are given in Figure 7.
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