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Insights Into the Spatiotemporal Patterns of Complexity of Ventricular Fibrillation by Multilead Analysis of Body Surface Potential Maps
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Background: Ventricular fibrillation (VF) is the main cause of sudden cardiac death, but its mechanisms are still unclear. We propose a noninvasive approach to describe the progression of VF complexity from body surface potential maps (BSPMs).

Methods: We mapped 252 VF episodes (16 ± 10 s) with a 252-electrode vest in 110 patients (89 male, 47 ± 18 years): 50 terminated spontaneously, otherwise by electrical cardioversion (DCC). Changes in complexity were assessed between the onset (“VF start”) and the end (“VF end”) of VF by the nondipolar component index (NDIBSPM), measuring the fraction of energy nonpreserved by an equivalent 3D dipole from BSPMs. Higher NDI reflected lower VF organization. We also examined other standard body surface markers of VF dynamics, including fibrillatory wave amplitude (ABSPM), surface cycle length (BsCLBSPM) and Shannon entropy (ShEnBSPM). Differences between patients with and without structural heart diseases (SHD, 32 vs. NSHD, 78) were also tested at those stages. Electrocardiographic features were validated with simultaneous endocardium cycle length (CL) in a subset of 30 patients.

Results: All BSPM markers measure an increase in electrical complexity during VF (p < 0.0001), and more significantly in NSHD patients. Complexity is significantly higher at the end of sustained VF episodes requiring DCC. Intraepisode intracardiac CL shortening (VF start 197 ± 24 vs. VF end 169 ± 20 ms; p < 0.0001) correlates with an increase in NDI, and decline in surface CL, f-wave amplitude, and entropy (p < 0.0001). In SHD patients VF is initially more complex than in NSHD patients (NDIBSPM, p = 0.0007; ShEnBSPM, p < 0.0001), with moderately slower (BsCLBSPM, p = 0.06), low-amplitude f-waves (ABSPM, p < 0.0001). In this population, lower NDI (p = 0.004) and slower surface CL (p = 0.008) at early stage of VF predict self-termination. In the NSHD group, a more abrupt increase in VF complexity is quantified by all BSPM parameters during sustained VF (p < 0.0001), whereas arrhythmia evolution is stable during self-terminating episodes, hinting at additional mechanisms driving VF dynamics.

Conclusion: Multilead BSPM analysis underlines distinct degrees of VF complexity based on substrate characteristics.
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INTRODUCTION

Sudden cardiac death is a major health problem worldwide accounting for 8% to 12% of all deaths (Hayashi et al., 2015), with global annual incidence rates between 50 and 100 per 100,000 cases (Fishman et al., 2010).

Ventricular fibrillation is the most serious heart rhythm disturbance and the main cause of SCD (Priori et al., 2015). Early studies interpreted the apparently chaotic and random activation of the myocardium during VF as totally disorganized (Moe et al., 1964). Later, the development of multielectrode (Rogers et al., 1999) and optical mapping (Park and Gray, 2015) techniques for the analysis of the electrical activation of the myocardium has enabled a more detailed evaluation of the electrical substrate of the arrhythmia, and both multiple wavelet and mother rotor hypotheses have been thought to be involved in VF initiation and maintenance (Jalife, 2000; Weiss et al., 2005). However, despite such advances, the mechanisms underlying this electrical disorder are still controversial. Yet, a quantitative assessment of VF organization may help understanding which factors determine the onset, perpetuation, and cessation of this arrhythmia (Such-Miquel et al., 2013), and be clinically relevant in the outline of more effective strategies for defibrillation and resuscitation, and the prediction of shock timings and success.

There is an increasing interest in BSPM technologies to noninvasively measure cardiac potentials with higher spatial resolution compared with standard 12-lead ECG. Indeed, subtle anomalies underlying VF may be missed by current imaging technologies, and rather bring a specific electrical signature, which may be critical in the treatment of patients with structurally normal hearts (Cheniti et al., 2018). However, a few studies have attempted a detailed analysis of the complexity of VF from multiple electrodes on body surface, due to the impossibility to quickly attach large sets of leads to a patient and acquire intraepisode recordings (Fitz-Clarke et al., 2006). Accordingly, most of the metrics currently used to describe VF from ECG are mainly determined from isolated leads, e.g., dominant frequency (Eftestøl et al., 2000) or entropy (Chicote et al., 2016), and a few multilead approaches have been developed (Clayton et al., 1995; Fitz-Clarke et al., 2006). Furthermore, to our knowledge, none of these works has clearly elucidated whether and how surface electrical patterns of VF may reflect underlying mechanisms.

Motivated by all these elements, this study aims put forward a multilead methodology to noninvasively describe spatiotemporal progression of VF and investigate how complexity patterns evolve in the presence/absence of SHDs.



MATERIALS AND METHODS


VF Population

This study included 110 patients (89 male, 47 ± 18 years) enrolled for VF ablation. As in Haïssaguerre et al. (2018), SHDs were screened by echocardiography and delayed gadolinium-enhanced magnetic resonance imaging in 32 patients, whereas the remaining subjects (78) presented no structural alterations (NSHD). Pharmacological testing was performed by injecting ajmaline or catecholamine (adrenaline and isoprenaline) to diagnose patients with Brugada syndrome, long QT, and catecholaminergic polymorphic VT, respectively. This study was carried out in accordance with the recommendations of the protocol CARRY, ID-RCB: 2015-A00401-48, Comité de Protection des Personnes Sud-Ouest et Outre Mer III (ClinicalTrial.gov number: NCT02647749). It was approved by the Institutional Clinical Research and Ethics Committee and all subjects gave written informed consent in accordance with the Declaration of Helsinki. Baseline information for this patients’ cohort are detailed in Table 1.


TABLE 1. Clinical characteristics of the VF population.
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Noninvasive Mapping of VF and BSPM Preprocessing

A mean of 2.3 ± 2.1 spontaneous or induced VF episodes/patient were mapped with a 252-electrode vest (CardioInsight, Medtronic, MN, United States) at a sampling rate of 1 kHz before ablation, with a total of 177 episodes recorded in the NSHD group, and 75 episodes from the SHD group. Mean duration of VF was 18 ± 10 s. In keeping with current guidelines (Al-Khatib et al., 2017), VF was defined as rapid, grossly irregular electrical activity with marked variability in electrocardiographic waveform, and cycle length (CL) < 200 ms. VF rhythms have been reviewed and annotated by expert electrophysiologists. As in Haïssaguerre et al. (2018), the duration of VF episodes was dependent on the time-to-charge of the external defibrillator before shock delivery. The longer this waiting time, the longer the duration of the recorded episode, which was then labeled as “Sustained VF” if shock was delivered. Conversely, episodes with spontaneous reversion of VF to sinus rhythm before the cardioversion (DCC) discharge were referred to as “self-terminating VF.” Baseline wander was suppressed by the median estimation method (Sörnmo and Laguna, 2005). Body surface potentials were arranged as a L×N matrix Y = [y(1)…y(N)] ∈ ℜL×N, where L = 252 is the number of BSPM electrodes, and N the number of time samples. Signal quality was assessed by visual inspection, and too noisy electrode recordings were discarded if required, therefore in some patients we may have L < 252.



Electrophysiological Study and Ablation

Electroanatomical mapping (CARTO system, Biosense Webster, CA, United States) was performed as in Haïssaguerre et al. (2018). Briefly, a transseptal or retroaortic approach was adopted to access the endocardial left ventricle and a subxyphosternal approach to access into the pericardial space. Decapolar and multispline (Pentaray, Biosense Webster, CA, United States) catheters were used for endocardial and epicardial exploration, respectively. Intracardiac electrograms were recorded and stored by a computer-based digital amplifier/recorder system (Labsystem Pro, Bard Electrophysiology). VF was induced by programmed stimulation from one of the ventricles (mainly the right one), if required. Endocardial VF CLs were measured mainly in the right ventricle. After mapping, VF ablation was subsequently performed with an irrigated-tip catheter as in Haïssaguerre et al. (2018) and targeted ventricular sites with abnormal electrograms and driver activities estimated by ECG imaging.



Novel Multilead Methodology to Measure VF Complexity

Previous research has shown that ventricular repolarization could be effectively described in an orthogonal 3D space and that higher-order components reflected T-wave spatial heterogeneities, representing an arrhythmogenic substrate (De Ambroggi et al., 1997; Priori et al., 1997; Malik et al., 2000). Similar approaches have also been applied to the quantification of QRS dispersion and prediction of sudden death (Peters et al., 1999; Turrini et al., 2001). Moving from the theoretical basis in Di Marco et al. (2012), Meo et al. (2017) and Meo et al. (2018), we measured spatiotemporal organization of VF using the nondipolar component index (NDI), namely, the fraction of signal energy that is not captured by a 3D dipolar approximation of body surface cardiac activity. However, unlike those studies, we were more interested in determining the temporal evolution of VF complexity rather than its static characteristics. Accordingly, the input BSPMs were divided in 500-ms windows. Each multilead signal frame was then mean-centered and projected on a 3D subspace estimated by SVD:
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With U and V standing for the left and right singular vectors of Y(s), respectively, and the diagonal matrix S containing the singular values σℓ, ℓ = 1,…,L. In line with the mathematical formulation proposed by Meo et al. (2018), NDI was computed as:
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under the hypothesis that more organized VF patterns could be properly described by a 3D cardiac dipole and yield lower NDI values, whereas more variable and unpredictable waveforms (both in time and across leads) would be less likely to be accurately described by this model, thus they will be associated with higher NDI values. With regard to the choice of the frame duration, the proposed value was selected as a trade-off between the amount of input information and SVD applicability, as we needed to accurately capture spatiotemporal variability properties of signal patterns from least two to three fibrillatory cycles, while preserving data stationarity within the BSPM frame and obtaining reliable measures (Meo et al., 2018). Since endocardial CL in our validation subset ranged between 150 and 250 ms, our choice proved to be suitable. The effect of tuning parameters on SVD-derived features has been more systematically tested in previous works (Meo et al., 2013a).



Other Body Surface Markers of VF Electrical Complexity and Dynamics

Organization of VF and its time evolution have also been assessed by other signal parameters reported in literature and conventionally computed from single-lead ECG.

Fibrillatory wave (f-wave) is known to be predictive of successful defibrillation shocks (Strohmenger et al., 2001) in patients with cardiac arrest, and its decline in time reflects increasing intracellular electrical decoupling with VF progression (Caldwell et al., 2012). Accordingly, this parameter was computed from each electrode using a custom approach based on the interpolation of signal local extrema through polynomial envelopes (Meo et al., 2013b, 2018). The output amplitude index was the median value over all electrodes and denoted ABSPM.

The same method also served as a preliminary step for the assessment of body surface VFCL, as faster activations typically correlate with duration of VF and are less likely to be terminated by defibrillation (Strohmenger et al., 2001). As in Meo et al. (2018), signal local maxima were detected by a derivative-threshold algorithm, and the median of CLs between 90 and 250 ms was computed over all BSPM leads (body surface VFCL, denoted as BsCLBSPM), to reject the influence of false peaks.

Finally, complexity of VF has also been quantified by a nonlinear index, i.e., Shannon entropy, under the hypothesis that less regular and repetitive patterns are characterized higher uncertainty in a statistical sense. We assume that lower values of the index render more predictable times series. Entropy-based indices are widely used to detect VF rhythms (Hajeb-Mohammadalipour et al., 2018) and predict defibrillation outcome (Chicote et al., 2016). The ability of this parameter to identify rotational activities in atrial fibrillation patients has also been demonstrated (Ganesan et al., 2013). To account for contributions from all BSPM recordings, Shannon entropy has been determined with histogram bin width set at 0.01 mV, and the median ShEnBSPM over all electrodes has been assumed as a marker for VF complexity.

We also investigated the scalability of BSPM-derived features to 12-lead ECG for a potential application of VF complexity analysis in a larger clinical scenario. For this purpose, each of the aforementioned parameters has been also computed from an equivalent ECG obtained from a subset of BSPM electrodes at the locations of standard leads and denoted NDIECG12, AECG12, BsCLECG12, and ShEnECG12, respectively. A summary of all body surface descriptors of VF progression is reported in Table 2.


TABLE 2. Summary of all BSPM markers of VF dynamics used in this study.
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Time Analysis of VF Electrical Complexity in Relation to Its Termination Mode and Mechanisms

To explore VF progression over its entire duration in detail and evaluate the ability of signal indices to track intra-episode changes in complexity, each of the presented BSPM- and ECG-metrics has been assessed in consecutive 500-ms frames, so as to obtain only one curve for each index to be straightforwardly compared with the simultaneous time evolution of the multielectrode body surface signals.

On the other hand, to systematically validate the ability of these indices to describe VF complexity in a statistical framework, all body surface parameters have been assessed at specific time frames in all recordings, i.e., at the beginning (“VF start”) and at the end of the VF episode (“VF end”), thus returning one scalar value per VF stage to be then used for subsequent statistical analyses. The selection of the lower bound of the “VF start” window depended on VF initiation mode. Specifically, in case of spontaneous VF, the beginning of the “VF start” frame was taken in correspondence to the onset of the second VF beat. When VF was externally induced, the 4-s signal portion starting at the second VF beat after the last stimulation spike was considered instead. On the contrary, the choice of the “VF end” starting time was related to VF cessation mechanisms, based on the definition of “sustained VF” and “self-terminating VF” from section “Noninvasive Mapping of VF and BSPM Preprocessing.” To examine the dynamics of late VF in the “sustained VF” set, signal features were computed from the “VF end” frame over the last 4 s of the recording with stable isoelectric line before DCC discharge. Conversely, in the “self-terminating VF” group, the terminal “VF end” window covered the last 4 s of VF before rhythm transition. This scheme enabled a rigorous statistical comparison between signal features at different and easily identifiable time points of VF based on the criteria described above, which were the same for all recordings.

As in Meo et al. (2017), each of these episode portions was assumed equal to 4 s, in order to account for a sufficient number of fibrillatory cycles and increase statistical confidence for signal features’ assessment. This choice is also in keeping with previous studies about human VF (Clayton et al., 1995; Haïssaguerre et al., 2018), demonstrating that abrupt changes in VF complexity usually occur within the first 4 to 5 s of arrhythmia, with significant CL acceleration and increased electrogram fragmentation. In the light of this, too short recordings (less than 8 s) were discarded from our analysis. For the same reason, we decided to compare only signal indices from the initial and the terminal 4-s portions of VF, and not to include further intermediate frames between the two of them, as in some recordings it was not possible to extract signal segments with the same duration prior to feature extraction.

At each of the aforementioned VF stages, we investigated whether and how VF termination mode affects body surface complexity. Accordingly, differences between “self-terminating VF” and “sustained VF” were tested at the onset (“VF start”) and at the end (“VF end”) of all episodes. To evaluate the impact of structural alterations on VF electrical patterns, unmatched comparisons were performed between SHD and NSHD patients during early (“VF start”) and late VF (“VF end”). Furthermore, to incorporate the information about VF cessation modality, differences between “self-terminating VF” and “sustained VF” were tested at the onset (“VF start”) and at the end (“VF end”) of the episode in each patients’ population (SHD and NSHD groups).

Finally, to validate the ability of body surface indices to detect temporal changes in VF dynamics, we analyzed a subset of 30 patients, for whom a measure of intracardiac CL was available at the beginning and at the end of VF. In all subjects, an intraepisode acceleration was observed, thus confirming a complexification of the arrhythmia at the level of the tissue. Accordingly, we used this information to investigate whether this transition from early organization (“Organized”) to subsequent disorganization of VF (“Disorganized”) could be captured by the proposed body surface markers, which were therefore computed at both stages of the episode.



Statistical Analysis

Continuous variables in tables were expressed as mean ± standard deviation, while categorical variables were reported as counting and percentages. Lilliefors test was preliminarily applied to all parameters to verify their distribution. If data followed a Gaussian distributed distribution, intergroup differences were checked by an unpaired Student’s t-test with Welch’s correction for unequal group variances and sizes. In the other cases, a Wilcoxon’s rank sum test was performed. Chi-squared test was applied to categorical variables. Specifically, these tests were performed at the onset (“VF start”) and the end (“VF end”) of VF to investigate the link between electrical characteristics and mechanism complexity (i.e., SHD vs. NSHD patients), as well as their relation with VF termination mode (“self-terminating VF” vs. “sustained VF”). Statistical tests were considered significant if p < 0.05. Changes in body surface indices between the onset and the offset of VF (“VF start” vs. “VF end”) were assessed by a paired Student’s t-test from normally distributed parameters or nonparametric Wilcoxon signed-rank test otherwise. Parameters in the boxplots are displayed as median with interquartile range (IQR).

The same analysis was applied to the subset of patients presented in section “Other Body Surface Markers of VF Electrical Complexity and Dynamics” to validate intraepisode changes in VF dynamics (“Organized” vs. “Disorganized”) from body surface markers as matched with intracardiac CL. Furthermore, transitions from “Organized” to “Disorganized” VF were precisely determined from every signal feature by the receiver operating characteristics curve (ROC) analysis. Specifically, numerical thresholds for these transitions were computed as the cutoff values, which simultaneously maximized the sensitivity (Sens: rate of correct predictions of “Disorganized” VF) and the specificity (Spec: rate of correct predictions of “Organized” VF) of the classifier, thus providing the best discrimination between “Organized” and “Disorganized” stages of VF. This approach allowed us to automatically determine a unique threshold optimized over the entire database and cope with interpatient and intrapatient variability of signal indices. Classifiers’ performance was quantified by the values of sensitivity and specificity associated with the optimal cutoff, as well as the area under the ROC curve (AUC).



RESULTS


VF Mapping

Overall, VF was successfully induced in 51 out of 75 episodes in SHD patients (68%), and 130 out of 177 episodes in the NSHD group (74%), with no differences between the two populations (p = 0.38). In the remaining cases, it occurred spontaneously, also with similar rates in both patients’ groups. VF was shorter in NSHD (14 ± 8 s) than SHD patients (19 ± 13 s, p = 0.003), regardless of its termination mode. Spontaneous cessation of VF prior to shock delivery was observed in 37 out of 177 episodes (21%) in patients with structurally normal hearts, and 13 out of 75 (17%) episodes in the other population, with no significant intergroup differences (p = 0.38). Time to self-termination of VF was slightly longer in SHD (14 ± 9 s) than in NSHD patients (9 ± 6 s, p = 0.04). On the other hand, VF was terminated by DCC in 60 out of 75 cases (20 ± 13 s) and 140 out of 177 cases (16 ± 8 s) in SHD and NSHD subjects, respectively, also with similar intragroup proportions (p = 0.88) and duration (p = 0.06). In both groups, sustained VF cases were more numerous than the self-terminating ones (p < 0.0001) and required DCC. Furthermore, shocked episodes were longer than those terminating spontaneously both in the SHD (p = 0.04) and NSHD (p < 0.0001) subjects. At least one episode of VF was mapped in each patient, with comparable proportions between the two groups (SHD 2.3 ± 1.9 vs. NSHD 2.3 ± 2.2 episodes/patient, p = 0.52).



BSPM-Based Analysis of Electrical Complexity Dynamics

An overall increase in VF complexity over time is underlined by all BSPM markers (p < 0.0001). At early stage, organized VF is measured by low NDI (VF start 1.9 ± 1.4% vs. VF end 3.4 ± 2.4%), amplitude voltage ABSPM is high (0.5 ± 0.3 vs. 0.3 ± 0.2 mV), and slow activities are measured by long BsCLBSPM (166 ± 21 vs. 154 ± 22 ms) in the entire dataset. An unexpected, albeit significant, trend of ShEnBSPM is observed in the entire dataset, with a decrease in time from 6.6 ± 0.5 to 6.2 ± 0.6, in contrast with our initial hypothesis.

As shown in Figure 1A, at the onset of VF, none of these indices can significantly distinguish between sustained and self-terminating VF, while at the end of DCC-shocked episodes complexity is significantly higher, and amplitude and entropy appear reduced, with faster oscillations than in case of spontaneous termination (p < 0.0001). Furthermore, time evolution of sustained VF is characterized by more complex and variable waveforms, which are significantly captured by all BSPM markers. By contrast, self-terminating VF results in more regular and simple patterns and a stable trend in signal features. After removing outliers identified by the Grubb’s test (with significance taken for p < 0.05), a modest increasing correlation between the length to self-termination from VF onset and NDIBSPM fold change from “VF start” to “VF end” is observed in our database (Pearson’ correlation coefficient R = 0.56, p = 0.003), while the other BSPM features do not exhibit any significant correlation.
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FIGURE 1. Body surface signal features’ time evolution and VF termination: statistical analysis of intraepisode changes (“VF start” vs. “VF end,” matched p value) in VF organization for a specific VF termination mode, and evaluation of differences between “Sustained VF” and “Self-terminating VF” at each episode phase (unmatched p-value) using body surface signal features. (A) BSPM-derived metrics of VF dynamics (from left to right): NDIBSPM, ABSPM, BsCLBSPM, and ShEnBSPM. (B) ECG-derived metrics of VF dynamics (from left to right): NDIECG12, AECG12, BsCLECG12, and ShEnECG12. Parameters in the boxplots are displayed as median with IQR. +p < 0.05 vs. VF start (matched comparison, dashed line); *p < 0.05 vs. sustained VF (unmatched comparisons, continuous line); a.u., arbitrary units.


Temporal increase in body surface complexity is also corroborated by a decrease in intracardiac CL (Organized 197 ± 24 ms vs. Disorganized 169 ± 20 ms; p < 0.0001) in the validation subset introduced in section “Other Body Surface Markers of VF Electrical Complexity and Dynamics,” as confirmed by the outcome of the paired analysis and ROC assessment in Table 3 (p < 0.0001 for all BSPM parameters, except for ABSPM, p = 0.0003).


TABLE 3. Statistical analysis of intraepisode changes in VF organization from body surface signal analysis of VF episodes with simultaneous invasive measure of VF CL.

[image: Table 3]Late disorganization of VF is accurately assessed according to the statistical tests and ROC analysis of signal indices, although the ratio between sensitivity and specificity is slightly unbalanced for NDIBSPM and ShEnBSPM. Also, BsCLBSPM sensitivity is relatively poor than for other parameters.

To gain deeper insights into the ability of these indices to describe VF dynamics, equivalent ECGs extracted from BSPMs from a representative example for each VF termination mode are shown in Figure 2, as well as the time evolution of all body surface markers and the thresholds returned by the ROC analysis.
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FIGURE 2. Temporal dynamics of sustained and self-terminating VF and body surface metrics of complexity. (A) A representative equivalent 12-lead ECG computed from measured BSPMs during an episode of sustained VF (left side of the panel) and during self-terminating VF (right side). Only signals recorded during VF episodes matching the criteria described in section “Noninvasive Mapping of VF and BSPM Preprocessing” and “Time Analysis of VF Electrical Complexity in Relation to Its Termination Mode and Mechanisms” were exported from the mapping system for subsequent quantitative analysis, i.e., those in the time frame between the first time sample of the “VF start” window (i.e., at the onset of the second VF beat of spontaneous or induced events), and the last time sample of the “VF end” window (i.e., before DCC shock for sustained VF, or before transition to sinus rhythm for self-terminating VF). The “VF start” and “VF end” time frames used for signal feature statistical analysis are indicated on the top of the ECGs for each episode. Each curve value is associated with VF patterns from the previous 500-ms frame on surface signals over the entire duration of the episode. The most abrupt pattern changes during sustained VF are indicated by orange arrows. (B) Time evolution of NDIBSPM and NDIECG12. (C) Time evolution of ABSPM and AECG12. (D) Time evolution of BsCLBSPM and BsCLECG12. (E) Time evolution of ShEnECG12 and ShEnECG12. Continuous and dotted line curves are associated with signal features derived from BSPMs and equivalent ECGs, respectively. Colored lines represent the temporal trend of parameter, with each point describing VF dynamics in the previous 500-ms signal frame. Horizontal continuous (dotted) black lines are the thresholds output by ROC analysis of each BSPM (ECG) index, validated by comparison with the intracardiac CL.


Concerning the sustained VF episode in Figure 2A (left), from the NDI index even short transients of organization/disorganization can be detected using optimized thresholds (Figure 2B). The timing of irreversible disorganization before cardioversion (approximately 6 s from the onset) can be can promptly identified from body surface (in less than 3 s), with more pronounced differences between the beginning and the end of the episode underlined by the BSPM-derived index (a difference of one order of NDI magnitude) rather than the 12-lead counterpart. On the other hand, in case of spontaneous termination of VF as in Figure 2A (right), the range of values covered by the NDI parameter over time is less broad (Figure 2B, right), and always below the ROC thresholds determined from the validation set. Similar dynamics and timings can be retrieved by descriptors of f-wave amplitude in Figure 2C (left) for the shocked episode, and again more marked changes from the onset can be better appreciated from BSPMs rather than ECG. In contrast, both ABSPM and AECG12 parameters are characterized by a stable evolution when VF terminates with no external intervention Figure 2C (right). Similar considerations can be done for body surface CL in Figure 2D regardless of the termination mode, although the trend of indices computed using different lead configurations are slightly different at certain time frames. These differences are more evident during DCC-terminated (Figure 2D, left) rather than nonsustained VF (right). Unlike the other parameters, the timing of disorganization of shocked VF in Figure 2E (left) seems to be better explained by Shannon entropy from ECG rather than BSPM. In contrast, during self-terminating VF (Figure 2E, right), ShEnBSPM curve crosses the ROC cutoff several times, and ShEnECG12 is always below its corresponding threshold, i.e., indicating spurious increased complexity.



Relation Between Electrical Complexity of VF From BSPMs and Structural Alterations of the Myocardium

As underlined by the statistical analysis of BSPM metrics in Figure 3A, according to NDI, in SHD patients VF is initially more complex than in NSHD patients (p = 0.0007). Similarly, f-wave amplitude is slightly lower in patients with structural alterations (p < 0.0001), with moderately slower cycles (p = 0.06). Entropy is also lower at early stage of VF in these patients (p < 0.0001). In both populations, there is a strong increase in electrical complexity with progression of VF (p < 0.0001). At the end of the episode, marked intergroup differences in amplitude and entropy are still preserved (p < 0.0001). In contrast, body surface CL (p = 0.06) and NDI (p = 0.54) are comparable at the end of VF in both datasets.
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FIGURE 3. Body surface electrical complexity and structural abnormalities during VF. Statistical analysis of intraepisode changes (“VF start” vs. “VF end,” matched p-value) in VF organization in SHD and NSHD patients and assessment of intergroup differences at the starting and the offset of the episode (unmatched p-value) using body surface signal features. (A) BSPM-derived metrics of VF dynamics (from left to right): NDIBSPM, ABSPM, BsCLBSPM and ShEnBSPM. (B) ECG-derived metrics of VF dynamics (from left to right): NDIECG12, AECG12, BsCLECG12 and ShEnECG12. Parameters in the boxplots are displayed as median with IQR. +p < 0.05 vs. VF start (matched comparison, dashed line); *p < 0.05 vs. sustained VF (unmatched comparisons, continuous line); a.u., arbitrary units.


In the presence of structural abnormalities, lower complexity at baseline is assessed by lower NDI (p = 0.004, Figure 4A, left) and slower surface CL (p = 0.008, Figure 4C, left) from BSPMs, which are associated with spontaneous cessation of VF and have a stable evolution during the episode. In contrast, amplitude (Figure 4B, left) and entropy-based (Figure 4D, left) indices do not exhibit any significant correlation with VF self-termination (p = 0.98 and p = 0.82, respectively). On the other hand, sustained VF is characterized by a significant increase in electrical disorganization and outlined by all BSPM markers. At the end of the episode, all indices are comparable, regardless of the termination mode, but cycles are still faster in patients undergoing DCC (p = 0.002).
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FIGURE 4. Body surface electrical complexity in relation with mode of termination of VF and structural abnormalities. Statistical analysis of intraepisode changes (“VF start” vs. “VF end,” matched p-value) in VF dynamics in SHD (left side of each panel) and NSHD (right side) patients and differences between sustained and self-terminating VF at the starting and the offset of the episode (unmatched p-value) using BSPM- and ECG-derived parameters: (A) NDIBSPM; (B) ABSPM; (C) BsCLBSPM; (D) ShEnBSPM; (E) NDIECG12; (F) AECG12; (G) BsCLECG12; (H) ShEnECG12. Parameters in the boxplots are displayed as median with IQR. +p < 0.05 vs. VF start (matched comparison, dashed line); *p < 0.05 vs. sustained VF (unmatched comparisons, continuous line); a.u., arbitrary units.


In patients with structurally intact hearts (NSHD, Figures 4A–D, right side of the panels), self-termination of VF cannot be assessed by BSPM markers at the onset of VF, as complexity is comparable in shocked and self-terminating episodes. However, unlike the SHD group, during sustained VF a sharper increase in electrical complexity (Figure 4A, right), with progressive decrease in f-wave amplitude (Figure 4B, right), surface CL (Figure 4C, right) and entropy (Figure 4D, right), is underlined by all parameters (p < 0.0001). Furthermore, VF is more disorganized at the end of episodes requiring DCC than those terminating with no external intervention (NDIBSPM, p = 0.0095), with low-voltage (ABSPM, p = 0.002), fast oscillations (BsCLBSPM p = 0.004).



Comparison With 12-Lead ECG-Derived Metrics

As previously explained, the BSPM descriptors of VF dynamics introduced in section “Materials and Methods” have also been computed from an equivalent standard ECG to verify whether it is possible to derive similar information about VF progression from a reduced number of electrodes.

As for BSPM parameters, all ECG-derived indices highlight increased VF complexity, a decline in f-wave amplitude, and CL shortening between the beginning (VF start, NDIECG12: 1.3 ± 1.0%; AECG12: 0.7 ± 0.3 mV; BsCLECG12: 168 ± 22 ms; ShEnECG12: 7.0 ± 0.5) and the end of the episode (VF end, NDIECG12: 1.9 ± 1.5%; AECG12: 0.5 ± 0.3 mVBsCLECG12: 158 ± 23 ms; ShEnECG12: 6.6 ± 0.6, p < 0.0001).

Similarly, at the beginning of VF, there are no significant differences between sustained and self-terminating episodes (Figures 1A,B). In keeping with BSPM analysis, sustained VF is associated with an intraepisode increase in complexity NDIECG12, a reduction in f-wave amplitude AECG12 and entropy ShEnECG12, and a CL shortening according to BsCLECG12 (p < 0.0001). On the other hand, ECG parameters do not change significantly between the beginning and the end of self-terminating VF. Again, we find a moderate correlation between NDIECG12 fold change and length to episode self-termination (Pearson’s correlation coefficient R = 0.44, p = 0.03), as opposed to other ECG features. In addition, unlike cases of spontaneous termination, late sustained VF is more disorganized, as outlined by higher NDIECG12 (p = 0.0003) and lower ShEnECG12 (p < 0.0001), with faster fibrillatory patterns (BsCLECG12, p < 0.0001) and smaller wave deflections (AECG12, p = 0.009).

Changes in VF dynamics are correctly captured by ECG metrics and validated by simultaneous measure of intracardiac CL (p < 0.0001 for all ECG indices, except for AECG12, p = 0.001). As shown in Table 3, organized and disorganized stages of VF can be accurately identified, and prediction performance still appears satisfactory when a reduced number of leads is considered. A more careful inspection of the temporal evolution of each ECG feature in Figure 2 reveals that ECG-derived metrics overall follow quite well their BSPM counterparts, and they can identify the timing of VF disorganization during shocked episodes, while showing a stable evolution in case of self-termination. However, differences between the onset and the end of VF according to ECG indices are usually less pronounced that those highlighted from BSPMs. Once again, NDIECG12 and AECG12 can capture small changes in VF temporal patterns and their trends are similar to those computed from BSPMs. The CL index BsCLECG12 often exhibits a different evolution compared with BsCLBSPM, but disorganization timing can be still captured within the first seconds of VF. On the contrary, the resolution of ShEnECG12 is overall lower than the other indices and ROC thresholds are not optimal in all patients.

In contrast with BSPM analysis, at the onset of VF differences between populations with different structural characteristics are not captured by all parameters (Figure 3B). Specifically, NDIECG12 is comparable in both sets at baseline (p = 0.07), and fibrillatory activities have similar cycles (p = 0.13). In contrast, in patients with normal hearts higher initial organization is rendered by lower entropy (p = 0.002), and f-wave amplitude is higher (p < 0.0001) than in SHD subjects. Both groups exhibit a significant intraepisode increase in complexity, a reduction in f-wave amplitude, and surface CL shortening, although more modest in patients with structural abnormalities and compared with BSPM-derived trends. When VF terminates, ECG markers enhance similar behaviors to BSPM indices, i.e., low voltage oscillations (p < 0.0001), but slow cycles in SHD patients (p = 0.002). On the contrary, both NDIECG12 and ShEnECG12 do not account for the effect of structural alterations at the end of VF (p = 0.27 and p = 0.09, respectively).

The relation between VF termination mode and structural alterations has also been investigated from ECG, and the results of this analysis are reported in Figures 4E–H. Unlike their BSPM counterpart, ECG-based indices cannot significantly predict self-termination of VF in the SHD population, as there were no differences between nonsustained and sustained VF events at baseline. In SHD patients, episodes of sustained VF are still associated with an increase in electrical complexity (Figure 4E, left) and decline in amplitude of the fibrillatory patterns with time (Figure 4F, left), although with a more blunted dynamics (NDIECG12 and AECG12, p = 0.005). ECG feature trend is again stable in case of spontaneous termination, with no significant changes in all parameters between the onset and the end of VF in the SHD group. Differences between sustained and self-terminating episodes in terms of surface CL (Figure 4F, left, p = 0.0008) are preserved during late VF. In the NSHD group, ECG markers of VF organization highlight similar patterns to those obtained by BSPM analysis. According to all ECG parameters, differences in body surface complexity between sustained and non-sustained episodes clearly appear only later in time (“VF end”), whereas at the onset of VF (“VF start”) ECG features are comparable in both datasets. As for BSPM indices, a strong reduction in electrical organization (i.e., with an increase in NDI, Figure 4E, right), f-wave amplitude (Figure 4F, right), CL (Figure 4G, right) and entropy (Figure 4G, right) can be observed during sustained VF exclusively (p < 0.0001).



DISCUSSION

This study put forward a noninvasive methodology to explore and measure the complexity of VF by analyzing body surface cardiac potentials at multiple locations and finer spatial resolution. To our knowledge, this is the first report that explicitly and noninvasively investigates the link between patterns of electrical complexity of VF and myocardial structural alterations in a large cohort of patients using a multilead signal processing approach.


Temporal Evolution of Electrocardiographic Markers of VF Organization

As in Tovar and Jones (2000), Haïssaguerre et al. (2018), and Robson et al. (2018), overall we observed a sharp transition from early organization to late disorganization of electrical patterns of VF, due to the progressive and rapid metabolic deterioration of myocardial tissue, which drastically reduces the probability of survival to cardiac arrest and defibrillation success (Brown et al., 1989; Winkle et al., 1990). In our database, these changes could be captured from body surface signal analysis within a few seconds after the onset of VF (usually less than four), and they were validated with simultaneous measure of endocardial CL in a subset of patients. Furthermore, the dynamics of VF could be tracked in high detail, and the contribution of signals from multiple electrodes could be effectively summarized into one curve per parameter, thus easing the inspection of the fibrillatory patterns.

When information about VF termination mode was included as a fixed effect into the statistical analysis, distinct dynamic behaviors were underlined by body surface signal processing. All electrocardiographic parameters described stable fibrillatory patterns during self-terminating VF, as confirmed by previous invasive studies (Mäkikallio et al., 2002; Cismaru et al., 2013), whereas a strong increase in electrical complexity characterized episodes requiring DCC, despite comparable degrees of complexity at baseline.

Temporal increase in NDI assessed by SVD significantly correlated with progressive disorganization of VF with time. Several studies have confirmed the prognostic value of SVD-based analysis of body surface cardiac electrical activity. SVD of T-wave from surface ECG has been successfully applied to assess physiological and pathological properties of ventricular repolarization (Priori et al., 1997; Malik et al., 2000), under the hypothesis that increased dispersion of the electrical recovery would have been less accurately modeled by a 3D dipole. The study presented in Meo et al. (2018) moved from similar assumptions to measure the complexity of atrial fibrillation and use this information to guide ablation therapy. Our findings confirm the applicability of this methodology to cardiac signals during VF, and activation patterns can be reliably quantified by NDI from body surface.

In our VF population, f-wave amplitude decreased with progression of VF, in line with (Caldwell et al., 2012). As surface ECG can be regarded as the sum of all of the underlying myocardial electrical fields, the level of organization of the VF waveform relates to the organization of the myocardial elements in relation to each other. Local electrical vectors will increasingly oppose each other, thereby reducing the electrical voltage as measured at a global level (Wltkowskl et al., 1998; Balderston et al., 2018). Nevertheless, amplitude-related measures of VF complexity should be examined with caution, as their values can be affected by other factors not related to the arrhythmia itself, such as body size and cardiac axis (Ng and Goldberger, 2014). Furthermore, not only pairwise comparisons between intraepisode amplitude measures may be hampered by sudden changes in contact quality of the recording electrodes, but also the intrinsic variability of amplitude values from patient to patient may affect the reliability of this metric alone with respect to the interpretation of VF dynamics.

As in Cismaru et al. (2013), surface VFCL prolonged between the onset and the end of self-terminating VF, while it decreased during sustained VF. VFCL from body surface potentials can provide an assessment of temporal changes in the properties of cellular substrate during VF (Patwardhan et al., 2000), and it is used as a predictor of defibrillation outcome (Strohmenger et al., 2001). Unlike previous works, surface CL was computed through a peak detection-based algorithm rather than a frequency domain approach (e.g., dominant frequency from Fourier transform), as stationarity is a fundamental assumption of the Fourier transform, thus spectral analysis may fail to capture the dynamical nature of VF (Cheng et al., 2012).

We expected entropy to increase with VF progression, as in Hajeb-Mohammadalipour et al. (2018). Yet, in some studies low values of several entropy-based metrics have also been measured even from ECG rhythms requiring external DCC (Chicote et al., 2016; Oh et al., 2017), and, more generally, during specific pathological conditions, such as congestive heart failure (Acharya et al., 2017). This apparent contradiction can be potentially explained by two reasons: (1) some entropy indices (e.g., Shannon entropy) are signal amplitude-dependent, thus even in presence of extremely regular patterns (such as sinus rhythm) they may not correctly capture signal regularity, if voltage is too low (Oh et al., 2017); (2) prior to entropy assessment, ECG signals can be preprocessed using different approaches [e.g., wavelet transform (Acharya et al., 2015; Oh et al., 2017)] in order to enhance specific patterns, therefore in some contexts results may differ from those obtained from raw data and make a direct comparison more difficult. Because in our implementation the entropy index suffered from poor temporal resolution, and it was often unable to track subtle intraepisode changes in VF progression, special attention should be paid to the interpretation of quantitative results in our database.



Electrical Complexity and Structural Cardiac Diseases

VF mechanisms are still poorly understood, thus hampering the development of suitable therapeutic strategies and arrhythmia management. Despite the apparent lack of synchrony and coordination of the fibrillatory process, several studies have confirmed that there is indeed a high degree of temporal and spatial organization in the fibrillating tissue (Gray et al., 1998). Nonetheless, we still lack tools to characterize VF electrical activation patterns and capture subtle changes both in time and space across the myocardium. Our research demonstrates that organization of VF can be measured from body surface, and that it accounts not only for the electrical properties of the myocardium, but also for those of the structural substrate.

SHD patients globally exhibited higher complexity than those with normal hearts at early stage of VF. Specifically, in this group lower f-wave amplitude and slower surface CL have been measured from body surface potentials, which is in line with previous research on ischemic VF, although the leading mechanisms have not been clearly elucidated yet (Bradley et al., 2011; Caldwell et al., 2012). The amount of nondipolar components as quantified by NDI was also initially higher in the SHD population, suggesting that structural substrate also contributes to electrical organization and cannot be accurately modeled in a 3D space. Although VF was initially more organized in the NSHD group, in these patients the temporal increase in VF complexity was more pronounced, rapid, and abrupt than in those with structural alterations, whereas in the SHD group structural substrate seems to have a dampening effect on VF electrical perpetuation and make it evolve more gradually. Indeed, during late VF the influence of structure appears less relevant, as BSPM complexity was comparable in both groups. The modalities according to which electrical-related factors may overdrive structural alterations with progression of VF are not clear though, and deeper insights may be provided by phase mapping (Umapathy et al., 2010; Robson et al., 2018).

Importantly, increased baseline complexity of VF as resulting from the combination of structural and non-structural alterations was found to be associated with sustained VF episodes from SHD patients, and it prompted DCC performance to terminate the arrhythmia. More precisely, slow fibrillatory activities at baseline predicted spontaneous termination of VF, as confirmed invasively by Muñoz et al. (2009). Increased electrical disorganization at the beginning of VF was also quantified by a higher amount of nondipolar content (i.e., higher NDI), which is known to be associated with significant arrhythmic complications in a multitude of pathological conditions (Priori et al., 1997; Malik et al., 2000). However, to our knowledge, our research is the first application of NDI as a noninvasive tool to predict VF termination mode in the first seconds of the arrhythmia, thus opening meaningful perspectives into the understanding and management of VF. Similarly, the descriptive accuracy of f-wave amplitude and entropy has not been systematically assessed yet in this framework, and our report demonstrates that both parameters are poor descriptors of VF self-termination at baseline in all SHD patients. The role of amplitude-based metrics from surface ECG in the characterization of ischemic VF has been questioned (Caldwell et al., 2012), therefore any evidence provided by these parameters should be investigated in more detail.

In patients with structurally normal hearts, VF had a similar evolution to the SHD group depending on its termination mode, although intraepisode changes in body surface complexity were characterized by a faster and sharper evolution than in the presence of structural diseases. All electrocardiographic features exhibited similar trends, in keeping with previous research (Cismaru et al., 2013). However, it is worth to note that differences between sustained and self-terminating episodes according to all BSPM parameters arose only during late VF (i.e., approximately 10 s after arrhythmia onset in the NSHD group), hinting at potential additional mechanisms driving VF dynamics beyond structural substrates in this population. Also in this case, a correlation of BSPM-derived indices with the distribution of VF drivers (Haïssaguerre et al., 2018) would be desirable to better characterize the electrophysiological causes of VF in these patients.



What Can Be Inferred From Standard ECG?

As mentioned in section “Other Body Surface Markers of VF Electrical Complexity and Dynamics,” all BSPM features have also been computed from an equivalent standard ECG to investigate the scalability of our findings to the 12-lead configuration, which is more easily available in clinical centers. Overall, our results show that the characterization of VF dynamics is still preserved by the alternative signal features, although transitions in electrical organization appear less exacerbated by ECG indices during sustained VF compared to their BSPM counterparts. The reduced spatial resolution had a significant impact on features’ computation in SHD patients, for whom the ability of certain indices (i.e., surface CL and NDI) to predict self-termination of VF at baseline was lost. This evidence confirms the benefits from a multilead signal processing approach, as the analysis of multiple electrodes may help: (1) increasing the statistical confidence of body surface measures; (2) compensating the lack of information from standard leads in case of electrode displacement, poor signal quality, etc., which would be otherwise impossible to derive and (3) capturing cardiac electrical activity at multiple angles and orientations that are not generally accounted for by standard ECG configurations. With regard to that, the use of posterior leads has proven to be useful in the localization of premature contractions from the outflow tracts in Zhang et al. (2017), and nonstandard systems (e.g., the 15-lead ECG) should be generally considered in patients who also present inferior and suspected posterior myocardial infarction (Steg et al., 2012). Finally, multielectrode potential mapping may be simultaneously used with other techniques (for instance, electrocardiographic imaging) to identify diseased ventricular sites, which may induce threatening arrhythmias, thus combining BSPM timing information with trigger spatial location. This would provide added benefit for patients with apparently normal hearts, but with microstructural alterations that are often misdetected by current imaging techniques (Haïssaguerre et al., 2018).



Limitations and Perspectives

The limited number of noninvasive signal processing approaches to measure VF complexity from literature made the comparison between BSPM parameters more challenging. The studies mentioned in our report have been performed in a large variety of experimental frameworks and using different models, thus evidence from the state of the art appeared sometimes controversial. However, our findings are in line with previous research about human VF, and they have been corroborated by invasive measures, thus increasing the confidence of our conclusions.

To validate surface signal assessment, we used endocardial CL as a reference, since it is conventionally regarded in clinics as a good marker of electrical activation rate at the level of the tissue. However, for ethical reasons, it was not possible to explore the mechanisms of VF maintenance at a higher resolution in this clinical scenario. In Meo et al. (2020), we have tried (at least partially) to address this question, and we have shown that in explanted porcine hearts NDI can identify more heterogeneous repolarization substrates, with uneven spatial distribution of epicardial CL and reentrant drivers from ventricular sites with different repolarization timings. Further investigation is needed to translate these findings from our experimental model to clinical patients, and to test additional hypotheses to explain all the pathologies encountered across our dataset.

No specific gender-related differences in VF dynamics were found in our dataset based on surface signal analysis. Overall, we observed that VF progression was comparable both in male and female patients according to all parameters, independently of the lead configuration. Further investigation is needed to elucidate the mechanisms underlying potential inter-gender differences in subpopulations from our dataset and link them to other risk factors.

Our patients’ cohort has been split into two macro-categories (i.e., SHD vs. NSHD), although each group includes patients with different pathologies and electrocardiographic manifestations. This choice is motivated not only by the will to investigate the impact of structural alterations in a more general framework, but also by the reduced number of VF recordings in certain categories (even one or two for certain diseases), which hampers the generalization of certain findings. The inclusion of additional signal recordings in those categories in a future study may allow for the assessment of more specific patient-related electrical signatures during VF.

Body surface markers of VF complexity were not correlated with defibrillation shock outcome, as it goes beyond the scope of this research. Indeed, while the use of hundreds of electrodes is not considered feasible when prompt defibrillation is required for out-of-hospital cardiac arrest, our analysis of VF in a controlled environment proved the descriptive value of multilead electrocardiographic markers and the possibility to extract valuable information about VF complexity using electrical signals only, with very short duration and no need for other information about the patient (e.g., clinical history, anatomy, etc.). In future, we may potentially try to incorporate other noninvasive markers (e.g., ventricular volumes from echocardiography, scar and fibrosis distribution from magnetic resonance imaging, etc.) to verify whether they can provide any additional information beyond electrical markers.

Importantly, some of our findings could be retrieved from standard ECG as well, thus opening promising perspectives to the analysis of VF from body surface in a larger clinical scenario. Nonetheless, as discussed in section “What Can Be Inferred from Standard ECG?”, some important differences between BSPM and ECG features were observed, in particular at the onset of VF, i.e., the impossibility to predict self-termination of VF in patients with structural anomalies from the standard leads, and using a higher number of electrodes may also offer additional insights in the spatial localization of triggering mechanisms. Therefore, future research may try to compensate them, e.g., by introducing novel signal features, or designing alternative ECG lead placement configurations, and/or with a different number of electrodes at specific locations. With regard to that, alternative multilead setups with an intermediate number of electrodes between BSPM and ECG could not be straightforwardly tested. Indeed, for some of the reasons presented in section “Noninvasive Mapping of VF and BSPM Preprocessing”, in certain patients cardiac potentials could not be recorded over the entire set of electrodes (28% of VF episodes, with between 236 and 251 electrodes used). Most of these electrodes were localized in the lower section of the vest, thus comparison with ECG was still feasible in all patients, but a comparison of signal features from nonstandard electrodes was not implementable in a unified framework. For this purpose, in future the use of computational models may help evaluating the robustness of signal indices to different electrode locations and easily varying the number of recording channels while keeping comparable and controlled testing conditions.

Our investigation merely aimed to globally assess progression of VF from body surface, but driving mechanisms of the arrhythmia and their spatial distribution over the ventricles have not been described. As pointed out in section “Discussion,” correlating BSPM metrics with phase mapping analysis may help addressing some unanswered questions and may be attempted in future. At this stage, we showed that body surface mapping can precociously help identifying patients with abnormal electrical disorganization at the onset of VF, who can be therefore subsequently inspected in more detail through more invasive approaches.



CONCLUSION

We developed a noninvasive multilead signal processing framework to measure VF complexity, track its temporal evolution and assess the relation between myocardial electrical characteristics and structural substrate. The main findings outlined by our investigation can be summarized as follows:

a. Sustained VF is characterized by an early, sharp increase in electrical complexity, with quick deterioration within the first few seconds from the onset. Conversely, self-terminating VF exhibits a stable evolution throughout the duration of the episode, which can be timeously predicted as well. These different dynamic behaviors hint at distinct mechanisms underlying the perpetuation of the arrhythmia with time.

b. While the termination mode similarly affects VF evolution in all patients regardless of the structural substrate properties, in patients with apparently normal hearts VF is more organized at baseline, but electrophysiological degeneration into sustained forms is more rapid and severe than in those with structural diseases, as myocardial alterations contribute to dampen and slow down VF dynamics. These elements suggest that while structural determinants for VF evolution play a more relevant role at early stage of the arrhythmia, late VF is dominated by alternative driving mechanisms accelerating its deterioration.

c. The combination of structural and electrophysiological substrate characteristics influences the timing of the transition from early organization to late disorganization of VF, and this information may help optimizing defibrillation shock timing and waveforms, thus improving current strategies for VF treatment and opening a perspective toward personalized therapy of this arrhythmia.

d. These distinct patterns of VF complexity can be described in detail by our approach using electrical signals only, and the spatial content of multielectrode BSPMs can be condensed into a few parameters, thus easing visualization and interpretation of VF dynamics from surface cardiac potentials.

e. Some of these results can be retrieved by our approach from the 12-lead ECG as well, thus broadening its applicability to a wider clinical scenario, when high-resolution BSPM systems are not available. Nevertheless, particular attention should be paid to patients without apparent structural hearts diseases, as in these subjects the ECG-based assessment of VF complexity from a lower number of electrodes may be less accurate at early stage of VF compared to the full BSPM configuration and lead to potential misinterpretation of the arrhythmic patterns.

Overall, our signal processing methodology provides relevant insights into the understanding and the management of VF patients.
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ABBREVIATIONS

 BSPM, body surface potential mapping; CL, cycle length; DCC, electrical cardioversion; DCM, dilated cardiomyopathy; ECG, electrocardiogram; ERP, early repolarization pattern; ERS, early repolarization syndrome; HCM, hypertrophic cardiomyopathy; IQR, interquartile range; LVD, left ventricular dysfunction; NDI, Nondipolar Component Index; NSHD, no structural heart disease(s); OHCM, obstructive hypertrophic cardiomyopathy; ROC, receiver operating characteristic; SCD, sudden cardiac death; SHDs, structural heart disease(s); SVD, singular value decomposition; VF, ventricular fibrillation; VT, ventricular tachycardia.
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Sex, male (n)
Age, mean =+ std
(years)

Pathology subtype
() (no. male)

SHD (n = 32)

26
58 +18

Ischemic VF
15 (13)
HCM 9 (7)
DCM 3 (2)
VT 32
OHCM 1 (1)
LVD 1 (1)

NSHD (n = 78) p-value

63 <0.0001
41+18 <0.0001

Brugada syndrome 29 (28)

ldiopathic VF 25 (17)

ERS 8 (6)

ERP 6 (6)

Brugada syndrome and ERP 4 (4)
Torsade de pointe 4 (1)

Long QT syndrome 1 (0)
Catecholaminergic VT 1 (1)

DCM, dilated cardiomyopathy; ERP, early repolarization pattern; ERS, early
repolarization syndrome; HCM, hypertrophic cardiomyopathy; LVD, left ventricu-
lar dysfunction; OHCM, obstructive hypertrophic cardiomyopathy; std, standard
deviation; VT, ventricular tachycardia; p-values in boldface are statistically signif-
icant vs. "SHD”. For each pathology subtype, the number of male patients is
reported between brackets.
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BSPM index Signal property Mathematical definition and references Hypothesis

NDlgspy (%] Surface f-wave multielectrode  The ratio of the sum of the fourth-to-last SVD eigenvalues to the sum of More disorganized VF is less accurately
spatial complexity all eigenvalues (Di Marco et al., 2012; Meo et al., 2018) described by a 3D dipole (higher NDIgspu)
Apspy [MV] Surface f-wave amplitude Median of single-lead f-wave amplitudes, computed as the temporal Lower surface f-wave amplitude reflects

average of the difference between upper and lower envelopes, obtained more complex VF (lower Aggpyy)
by polynomial interpolation of signal local extrema (Meo et al., 2013b)

BsCLpspy [ms]  Surface f-wave cycle length Median of single-lead f-wave cycle lengths, computed as the mean Higher VF complexity is associated with
temporal distance between consecutive local signal maxima (Meo et al., faster fibrillatory activities on body surface
2013b, 2018) (lower BsCLgspu)

ShEnggpy [a.u.]  Surface f-wave regularity Expected value of f-wave amplitude self-information (i.e., negative Less regular and repetitive signal patterns
logarithm of f-wave amplitude probability density function) (Chicote describe more disorganized VF (higher
et al., 2016; Hajeb-Mohammadalipour et al., 2018) ShEngspi)

The same definitions apply to parameters derived from the equivalent 12-lead ECG (with subscript “BSPM” replaced by “ECG12”); a.u., arbitrary units.
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NDlgsp (%] 124£0.7 25+19 <0.0001 78 90 57
NDlgcg12 [%] 0.8+0.5 1.8+1.3 <0.0001 79 7 70
Apspy [MV] 0.6+0.2 03+02 0.0003 70 7 60
Aecg1z2 [mV] 0.8+0.3 06+0.3 0.001 71 67 7

BsCLgspn [Ms] 179 £+ 20 162 + 16 <0.0001 77 53 93
BsCLecgiz [ms] 178 £ 16 160 + 18 <0.0001 79 73 80
ShEngspi [a.u.] 6.9+04 6.3+05 <0.0001 79 80 67
ShEngcgiz [au] 7.1 £0.4 6.7+05 <0.0001 76 70 7

All BSPM- and ECG-derived metrics are reported as mean + standard deviation;
p-values in boldface are statistically significant vs. “organized.” AUC, area under
curve; Sens, sensitivity; Spec, specificity; a.u., arbitrary units.
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