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Abstract

Almost 40% of paroxysmal atrial fibrillation (AF) pa-
tients experience arrhythmia recurrence within a year af-
ter initial ablation success. The rich spatiotemporal infor-
mation provided by body surface potential maps (BSPMs)
can reveal AF dynamics. We hypothesised that the dipole
direction of the heart during AF can be traced by the
centroid trajectory of the principal “activated” electrode
patch from the BSPM, where an electrode is defined as
“activated” when its signal exhibits a local peak. This
hypothesis was first verified using simulated and patient
data, indicating that the trajectory has a high correlation
with atrial electrical activity. The trajectory was then used
as a spatiotemporal feature to predict one-year AF recur-
rence (22 negative and 23 positive) after ablation among
45 paroxysmal AF patients. The trajectories were seg-
mented according to AF cycles for prediction in a mul-
tiple instance classification framework, using a Gaussian
mixture regression (GMR) and a linear support vector ma-
chine (SVM) with L1 penalty for classification. A leave-
one-out test showed 0.73 accuracy, 0.70 sensitivity and
0.77 specificity, and the area under the curve (AUC) of
the receiver operating characteristic (ROC) as 0.84. The
work suggests that with the proposed trajectory extracted
from the BSPM, the prediction for paroxysmal AF ablation
follow-up could be improved.

1. Introduction

AF is the most common cardiac arrhythmia. For parox-
ysmal AF, pulmonary vein (PV) isolation performed by
radio-frequency catheter ablation (CA) can offer perma-
nent relief. However, the paroxysmal AF has suboptimal
midterm and long-term success rates, with almost 40% of
patients experiencing recurrence of AF within one year [1].

BSPMs refer to electrocardiography signals acquired by
multiple leads on the torso. Usually, these leads are ar-

ranged to maximally cover the front and the back of the
torso, from which rich spatiotemporal information can be
extracted. It was sought to determine whether the analy-
sis of these signals could predict whether or not patients
remain AF-free after CA at a one-year horizon. Existing
markers to predict immediate CA success include AF cy-
cle length (CL); nondipolar component index (NDI), a pre-
dictor for termination on persistent AF using BSPM [2];
and spatial variability (SPV), a predictor for short-term ab-
lation outcome on persistent AF using 12-lead ECG [3].
However, none of these methods explicitly takes into ac-
count the spatial-temporal movement of the electrical acti-
vated region of atria.

This paper presents a method for characterising the
spatiotemporal evolution of the heart dipole from pre-
operative BSPM, and using pattern analysis to classify
whether or not the patient remains AF-free one year after
CA. Data acquired preoperatively from patients who had
undergone CA therapy was used throughout this study.

2. Methods

2.1. Data acquisition and signal processing

45 paroxysmal AF patients, with one-year recurrence
positive (23, with AF recurrence) or negative (22, remains
sinus rhythm (SR) or with only atrial tachycardia (AT))
at 3M, 6M, and 12M follow-ups were obtained from the
Bordeaux Cardiology Hospital. Written consent was ob-
tained from all patients. Anti-arrhythmic medications were
stopped 48 hours prior to CA. For BSPM acquisition, pa-
tients were given diltiazem to slow atrioventricular con-
duction, and AF was induced with burst pacing. Pre-
operative BSPMs were obtained through a 252-lead vest
(CardioInsight, Medtronic, MN). Vest signals were ac-
quired at a sampling rate of 1024 Hz. 14±3 signals were
analysed for each patient, with duration 1020±236 ms after
QRS-T removal. The CA procedure included PV isolation,
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Figure 1: The overall pipeline starting from f waves to the final recurrence prediction.

and if atria did not convert to SR or AT, sites of phase sin-
gularity mapped by catheter, as well as the ECGI solution
by CardioInsight, were ablated. For all patients, AF was
terminated at the end of procedure.

The QRS segment of the signal was extracted by the
Pan-Tompkins algorithm, and the T wave was extracted au-
tomatically by a custom method based on the variance of
the multi-channel signals. The QRST segments were dis-
carded. The Wilson Central Terminal reference was sub-
tracted from the recorded potentials. A second-order But-
terworth filter with a passband of 0.5 to 30 Hz was applied
to remove high-frequency noise and baseline wandering.

2.2. Trajectory as spatio-temporal feature

The heart electrical field can be described by a dipole,
the orientation of which varies with time. Since the sig-
nal of a channel increases when the dipole points at the
electrode, the dipole direction can be traced over time by
following the path of electrodes exhibiting peaks.

An electrode is defined as activated at the time that its
signal is a peak (the first box in Fig 1). To guarantee con-
tinuity of the trajectory, all values above 40% of the height
of the local maximum were marked as activated.

Figure 2: Cylindrical coordinate system of the atria (grey)
and vest leads (blue dots) in front (left) and top-down (mid-
dle) views. Right: first nine ToCs obtained from the patient
signal in Fig 4 in polar plots with radius z and angle φ.

The mean coordinates of the connected activated patch
of electrodes at each time step were connected to form a
trajectory Ttorso = (φ(t), z(t)), where t is the time vec-
tor. For arrhythmia with multiple simultaneous dipoles,

only the largest continuous patch of activated electrodes
was traced to identify the most significant dipole. The po-
sitions of the vest electrodes and the atrial nodes were de-
scribed by φ and z axes of a cylindrical coordinate system
with (ρ, φ, z), taking the upper right PV (URPV) as origin,
and the principal direction of the left atrium on the hori-
zontal plane as φ = 0 (Fig 2). Computer simulation and
patient data were used to determine the suitability of the
torso trajectory to represent the AF activity.

850 ms 900 ms 950 ms 1000 ms

1050 ms 1100 ms 1150 ms 1200 ms

1250 ms 1300 ms 1350 ms 1400 ms

Figure 3: Four induced AF re-entries after 850 ms in the
simulated AF. Only the left atrium is shown.

AF reentry was simulated on a biatrial mesh. Vest leads
and their relative positions to the atria were derived from
a patient scan. Monodomain simulations were performed
with the CARPentry simulator [4]. Sinus activation was
applied in the model with a 700 ms cycle length. 220 ms
after the fifth sinus stimulus, five rapid pacing pulses were
applied to the URPV with a cycle length 144 ms, mod-
elling PV ectopy to trigger AF. After the last PV stim-
ulus at 796 ms, four reentry cores were seen just under
the URPV on the left atrium until 1400 ms, as shown in
Fig 3. The extracellular potentials and the local activa-
tion time (LAT) of all atrial mesh nodes and 252-channel
BSPM were computed, assuming homogeneous torso con-
ductivity. Similar to the previous definition, an atrial node
was defined as “activated” under its LATs, and the atrial
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trajectories Tatria were computed by tracing the mean of
all activated nodes, and used for comparison with Ttorso.

For both cases, since the V1 lead of the ECG best re-
veals atrial depolarisation, its signal was selected to repre-
sent the atrial activities. The correlation was assessed by
the Pearson correlation coefficient on the frequency spec-
trum of the standardised data. Over 45 patients, the corre-
lations between Ttorso and V1 were 0.75±0.09 for z and
0.78±0.11 for φ. The high synchronisation can be seen in
simulated and real patient examples in Fig 4.

Figure 4: Comparison of Tatrial, Ttorso and the V1 signal,
with segmentation shown as red dash lines. Top: from sim-
ulation, with high correlations between Ttorso and Tatrial
(z: 0.90, φ: 0.81), and between Ttorso and V1 (z: 0.90,
φ: 0.89). Bottom: from a patient, with high correlations
between Ttorso and V1 (z: 0.72, φ: 0.79).

2.3. Trajectory classification

As one signal contains multiple cycles of atrial activ-
ity (see Fig 4), segmentation into AF cycles is essential
for cycle-to-cycle comparison. Since the activated patch
size reflects the strength of the source, its local minimum
was used as a marker to segment the trajectory into AF
cycles and obtain trajectories of cycles (ToCs), with the
constraint that the peak-to-peak interval was ≥ 90ms [2]
and ≤ 350ms. A resulting segmentation is shown in Fig 2
and Fig 4. Predicting AF recurrence based on patient ToCs
forms a multiple-instance classification problem [5], in
which a varying number of ToCs was recorded for each pa-
tient were used to predict their one-year clinical outcome.

Each ToC was down-sampled to 20 points, preserving
the principal shape while reducing noise. Each re-sampled
ToC was defined as an instance xi = (p1, p2, ..., p20),

and pt = (sinφ(t), cosφ(t), z(t), t), where we used
(cosφ, sinφ) for continuity near the branch cut of φ. 4
instances were randomly resampled four times with place-
ment for each patient, which were selected to be fitted by
GMR [6], i.e., all pt of all selected instances were fitted by
Gaussian Mixture Model (GMM), to obtain the posterior
of xi:

π(xi|wj) =
1

Z1

∑
pt∈xi

π(pt|wj) (1)

with π(pt|wj) being the posterior of pt given the jth GMM
component wj, and Z1 being a normalisation factor s.t.∑

j p(xi|wj) = 1. The number of GMM components
and the covariance type were selected to have the mini-
mal Bayesian information criterion (BIC), which favoured
a high likelihood model while penalising high complexity.

To resolve the problem of imbalanced ToC numbers
between patients (Fig 1) and augment training examples,
M bags were gathered for each patient for classification,
where each bag contained N instances of adjacent indices
X = (xk+1,xk+2, . . . ,xk+N) with M increasing offsets
k = 0, 1, . . . , M-1. The instance indices wrapped around
to 1 when they exceeded the number of instances of that
patient (Fig 1). Similar to Eq (1), each bag was represented
by a feature vector, of which the jth element was:

vj = π(X|wj) =
1

Z2

∑
xi∈X

π(xi|wj) (2)

with Z2 being a normalisation factor s.t.
∑

j vj = 1.
Finally, to classify the scarce high-dimensional bag fea-

ture vectors resulting from a high number of GMM compo-
nents, after feature standardisation, a linear SVM classifier
with L1 penalty was used to predict the bag results. The
percentage of positive bag predictions for each patient was
then used as their predictions.

3. Classification results

A leave-one-out training-test split was adopted: in each
split, 44 out of 45 patients were used for training, and the
remaining patient for testing. We compared the effects of
varying M and N in Fig 5: (a) increased N and kept M =
20, AUC-ROC scores were similar, and the optimal results
were achieved when N = 4 and 5; and (b) increased M and
kept N = 4, the AUC-ROC score increased, reached the
maximum when M = 20, and decreased afterwards, as M<
20 did not make use of all available instances, and M > 20
entailed oversampling from patients with <M instances.
Comparison with other predictors is shown in Fig 5 (c).
Table 1 shows the confusion matrix when M = 20, N = 4,
and the decision boundary ≥ 0.5.
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Figure 5: ROC for prediction with (a)(b) varying N and M, and (c) comparison with NDI, mean CL of V1, SPV, and the
maximum of f wave amplitude of V1 (Max Amp). The values in brackets are the corresponding AUC-ROC scores.

Table 1: Confusion matrix of patient CA outcome predic-
tion (accuracy: 0.73, sensitivity: 0.70, specificity: 0.77).

Predicted AF-free Predicted AF
Actual AF-free 17 5
Actual AF 7 16

4. Discussion and conclusion

In this paper, we hypothesised that the trajectory of ac-
tivation constructed from the BSPM could characterise the
movement of the dipole. The high correlation between pro-
posed trajectories and atrial activities was validated using
data both from patients and from computer simulations.
Simulations of defined AF dynamics enabled comparing
trajectories and the atrial activity, whereas the patient data
was used to access the correlation over the population.

Our trajectory-based classification showed high accu-
racy, sensitivity and specificity in predicting one-year AF
recurrence. Our classifier captured the cycle-to-cyle non-
stationary dynamics by using ToCs as a spatio-termporal
feature and grouping several ToCs for prediction, which
explained a better classification result (higher AUC-ROC)
compared to other markers, all of which produced only
global statistics across many AF cycles. GMR as a gener-
ative model for the ToCs, together with BIC for model se-
lection, did not require hyperparameters. Sensitivity anal-
ysis of the parameters of the bagging method was studied
to reduce the overfitting due to paramter optimization. The
best testing score used 20 instances per patient, indicating
that 20 AF cycles may be enough for CA outcome predic-
tion for paroxysmal AF.

In conclusion, the hypothesis that the proposed trajec-
tory of activation represents AF dynamics was not rejected,
and the trajectory was successfully applied as a spatiotem-
poral feature to predict one-year CA outcome for paroxys-
mal AF patients, with a superior result to clinical markers.
Future work will focus on translating the findings into clin-
ical practice, such as more aggressive ablation patterns.
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