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ARTICLE INFO ABSTRACT
Keywords: Background and Objective: Atrial Fibrillation (AF) is a supraventricular tachyarrhythmia that can lead to
Body surface potentials thromboembolism, hearlt failure, ischemic stroke, and a decreased quality of life. Characterizing the locations

Atrial fibrillation
Inverse problem
Recurrent neural network

where the mechanisms of AF are initialized and maintained is key to accomplishing an effective ablation
of the targets, hence restoring sinus rhythm. Many methods have been investigated to locate such targets
in a non-invasive way, such as Electrocardiographic Imaging, which enables an on-invasive and panoramic
characterization of cardiac electrical activity using recording Body Surface Potentials (BSP) and a torso model of
the patient. Nonetheless, this technique entails some major issues stemming from solving the inverse problem,
which is known to be severely ill-posed. In this context, many machine learning and deep learning approaches
aim to tackle the characterization and classification of AF targets to improve AF diagnosis and treatment.
Methods: In this work, we propose a method to locate AF drivers as a supervised classification problem. We
employed a hybrid form of the convolutional-recurrent network which enables feature extraction and sequential
data modeling utilizing labeled realistic computerized AF models. Thus, we used 16 AF electrograms, 1 atrium,
and 10 torso geometries to compute the forward problem. Previously, the AF models were labeled by assigning
each sample of the signals a region from the atria from 0 (no driver) to 7, according to the spatial location of the
AF driver. The resulting 160 BSP signals, which resemble a 64-lead vest recording, are preprocessed and then
introduced into the network following a 4-fold cross-validation in batches of 50 samples.

Results: The results show a mean accuracy of 74.75% among the 4 folds, with a better performance in detecting
sinus rhythm, and drivers near the left superior pulmonary vein (R1), and right superior pulmonary vein (R3)
whose mean sensitivity bounds around 84%-87%. Significantly good results are obtained in mean sensitivity
(87%) and specificity (83%) in R1.

Conclusions: Good results in R1 are highly convenient since AF drivers are commonly found in this area: the left
atrial appendage, as suggested in some previous studies. These promising results indicate that using CNN-LSTM
networks could lead to new strategies exploiting temporal correlations to address this challenge effectively.

1. Introduction ing more than 33 million people in the world, and therefore entailing a
major health problem [8].

Atrial Fibrillation (AF) is known as the most prevalent sustained AF treatments aim to restore sinus rhythm, either pharmacolog-
cardiac rhythm disorder, which is associated with increased morbidity ically or by cardioversion. Nonetheless, the most effective approach
related to thromboembolism, heart failure, ischemic stroke and a de- includes surgery and catheter-based ablation, especially when manag-
creased quality of life [22]. The incidence of AF is sharply increasing ing symptomatic patients with paroxysmal or persistent AF intolerant
in developed countries due to the growing elderly population, affect- to antiarrhythmic drug treatment [28].
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Fig. 1. Types of drivers mechanisms depend on complexity, waveform and prop-
agation. AF drivers may follow one or a combination of the above electrical
mechanisms when propagating along the atria tissue, namely ectopic focus, ro-
tors (with rotational component) or multiple wavelets [30].

The mechanisms of both onset and maintenance of AF remain a
matter of controversy. Several hypotheses have been proposed, namely
atrial wavelets, macroreentries and localized sources (focal or reentrant,
as shown in Fig. 1). Hence, to undertake an ablation procedure it is
essential to characterize and locate these AF drivers (regions of the
atria responsible for the AF), which can be accomplished through in-
vasive electrophysiological (EP) studies or non-invasive methods [15].
During interventional invasive mapping, 8 to 128 simultaneous elec-
trograms (EGM) are recorded simultaneously by introducing a catheter
into the atrial chambers [25]. Nonetheless, the significant distance be-
tween catheter sensors (up to 1-2 cm) added to the complex atrial
anatomy constrains the ability of invasive cardiac mapping to provide
a precise spatial insight of AF substrate [18,27].

To address these limitations of traditional techniques, researchers
have developed non-invasive techniques for mapping the atrial elec-
trical activity, i.e. electrocardiographic imaging (ECGI), providing a
higher spatial resolution. ECGI reconstructs the cardiac activity record-
ing Body Surface Potentials (BSP) and a torso model of the patient [4].
Usually, BSPs are recorded using a vest with 250 electrodes, which in
combination with geometrical information provided by a CT or MRI
scan, allows reconstruction of the electrical potentials and repolariza-
tion patterns from the heart’s surface [33]. However, the ECGI method
faces the challenge of solving an ill-posed inverse problem due, in part,
to the electrical attenuation between the epicardium and the surface
of the torso [32]. Furthermore, the solution is unstable and can os-
cillate notably given small perturbations or noise in the geometrical
models or the electrical input data [14]. As a consequence, we rely on
the addition of constraints to reconstruct reliable and stable epicardial
potentials from BSPs, being the most popular method Tikhonov reg-
ularization [35]. Accordingly, the use of ECGI raises some doubts on
account of its mentioned limitations.

Machine Learning (ML) and Deep Learning (DL) have disrupted
healthcare towards more powerful and effective diagnosis and treat-
ment techniques, including AF characterization and detection. Deep
Neural Networks (DNN), which are the simplest form of Neural Net-
works (NN), have been widely used to tackle many complex problems.
[5] proposed a one-dimensional deep densely connected neural network
classification, yielding promising results for AF diagnosis utilizing ten-
second raw 12-lead ECG signals. Convolutional Neural Networks (CNN)
are yet another popular architecture used for the first time for AF detec-
tion by [36], where Short-term Fourier transform (STFT) and stationary
wavelet transform (SWT) were computed and fed to the network to
solve a classification problem. Recurrent Neural Networks (RNN) were
developed to address temporal correlations, like in [24], where ECG
signals were fed to an attention mechanism of a bidirectional RNN
(BiRNN). In the same line, Long-Short Term Memory Networks (LSTM)
are also employed for AF detection in combination with CNN networks
asin [1].
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Several works address AF detection using ECG, yet few include
the characterization and localization of AF drivers. [21] work used an
encoder-decoder CNN structure to predict phase maps or driver core
positions using images. Furthermore, [2] used autoencoders for heart
surface potentials estimation from BSP and using CT images. A simi-
lar approach can be found in [23], where 12-lead ECG is employed to
locate AF drivers using decision trees.

In this work, we improved previous approaches by proposing an
hybrid architecture of CNN-LSTM which is able to exploit spatial and
temporal correlations in the BSPs recordings to localize AF driver posi-
tions in the atria. [11,7,6].

The development and study of a non-invasive tool for mapping AF
drivers is of great aid to electrophysiologists for electrical character-
ization, therapeutic guidance, and guidance in ablation therapy [16].
In this context, once the deep algorithms are correctly trained, predic-
tions based on torso recordings are instantaneous. Precomputing a map
of the electrical activity of the atria in real-time, fast and applicable to
all patients without any risks is valuable to improve EP studies. These
challenges have been attempted to be addressed by ECGI methods for
years, yet remain insufficient. Nonetheless, deep learning methods have
been demonstrated to have an exceptional capacity to solve complex
problems, superior to the majority of conventional optimization and
regularization techniques. More importantly, in this setup, the geome-
try of the patients is not necessary.

The next section will describe and detail computerized models, input
data for training, and the designed architecture utilized for the exper-
iments. Furthermore, performance metrics to measure the results will
be displayed. Then, the results from the experiments will be shown. Fi-
nally, we extract some key conclusions and discuss the outcome of the
work.

2. Methods

This section describes the materials and methods employed to un-
dertake the experiments. First, computerized models are characterized,
including the geometries of the torso and atria, the EGM signals and the
atrial cell model description. Secondly, input signals, namely BSP sig-
nals, are defined. Then the implemented architecture is described along
with the performance metrics utilized to measure the results and the
experimental set-up is presented.

2.1. Computerized models

Taking into account a simplified endocardium-epicardium layer for
the atrial tissue, a realistic 3D model of the atrial geometry was created
using 284,578 nodes and 1,353,783 tetrahedrons (673.4 = 0,001303 m
between nodes) [10]. A total of 16 AF models were built from multiple
complexity propagation patterns and driver locations. The AF driver can
be found in the following anatomical regions: posterior left atrial wall
(PLAW), left inferior pulmonary vein (LIPV), left superior pulmonary
vein (LSPV), right inferior pulmonary vein (RIPV), right superior pul-
monary vein (RSPV), right atrial appendage (RAA), and right atria free
wall (RAFW). The resulting signals, which ranged from 2 to 5 seconds,
were sampled at fs=500H z.

To achieve these conditions, four different types of propagation pat-
terns were utilized to create the models, which are explained in the
following paragraph. Normal SR, which resembles sinus rhythm, where
atrial tissue is activated at 1.2 Hz. RAA-located driver model, with one
functional re-entry at the RAA with atrial activation of 5 Hz at this
singular point, while the rest of the tissue is activated at 3.1 Hz. Two
stable drivers (Two rotors, TR), where two drivers are located in PLAW
and SRAW regions. Furthermore, two anatomical re-entries are found in
this model near to left PV and the right inferior pulmonary vein (RIPV).
In this model, the activation ranges between 6-7 Hz. Finally, the LSPV-
located driver model, where it can be found a single functional re-entry
close to the LSTPV at a rotation rate of 7.8 Hz, while the rest of the
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atrial tissue is activated at 3-6.5 Hz. In the last model, 50% of atrial
cells are set under fibrotic conditions.

Final computerized models were generated from N= 2048 nodes
for a single atria model, and M ranging from 2206 to 3970 nodes for
each of the 10 torso models. By adding together all effective dipole con-
tributions across the entire model, the models were developed under
the premise of a homogeneous, unbounded, and quasi-static conduct-
ing medium.[12,11,29,31]. Hence, EGMs from the entire model were
obtained as follows:

4GEDY rL3 VYV, @

where V (7) is the EGM at the measuring point, V,, is the transmembrane
potential distribution across the atria given 7, the distance between the
measuring point and a point in the tissue domain, and r the correspond-
ing scalar distance. Since transmembrane potentials were established
in a dispersed 3D mesh, the gradient was produced by interpolating a
quadratic function involving two nearby sites [20].:

V,

m,i

—vaj=c1x+c2y+c3z+c4x2+c5y2+ @
oz + C7zy + cgyz + CoxZ

where V,,; and V,, ; are the transmembrane potentials at points i and

j; x, y,z are the incremental Cartesian coordinates from j to i, and

coefficients ¢, to ¢y were obtained through the least square method in,

at least, nine neighbor points of each location.

Atrial cell model

Following the models proposed by [26] and [19], where the electri-
cal activity of one myocyte is described in terms of its potentials and
ionic currents as follows:

ﬂ - Iion (3)
o1 C,

where V is the transmembrane potential, [;,, in the transmembrane
ionic current and C,, corresponds to the cell membrane capacitance.
Then, by incorporating the transmembrane currents produced by the in-
tercellular Gap junction current (owing to the transmembrane potential
gradient) in the earlier formulation, the electrical propagation across

the atrial tissue was simulated:

aVk Iian < Vk B Vl

- c Z{ Dy~ &)
where V is the transmembrane potential at node k, V; is the trans-
membrane potential at the neighbor node i, D, ; corresponds to the
diffusion coefficient between node k and i, and d;; is the distance
between the mentioned nodes. Given the anisotropic nature of atrial
conduction, where the velocity increments in the longitudinal fiber ori-
entation and decrease at transverse, the diffusion coefficient D, ; which
modulates the intercellular ionic current follows the next expression:

2 2
Dy ;= Djopg - 05" + Dyp gy - sin"a )

where a is the angle between longitudinal and transversal fibers, Dj,,,
and D,,,, are the longitudinal and transverse diffusion coefficients,
respectively for nodes k and i [30]. The modeling of fibrotic and scar
tissue was achieved by setting the diffusion values of the involved nodes
to zero. Regarding fibrotic tissue, a certain percentage of random nodes
were settled to zero depending on the simulated propagation pattern.
The final system of differential equations was solved by Runge-Kutta
integration (using NVIDIA Tesla C2075 6G).

2.2. Input data

We propose to address the characterization of AF driver by locating
its driver as a supervised classification problem. Hence, we divided the
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Fig. 2. Regions from 1 to 7 in which the location of the driver can be allocated
are represented in the atria geometry. Each region is represented by a color and
can be inspected by a front or back perspective of the atria. Regions 3 and 4
belong to the RA (Right Atria) whereas regions 1, 2, 5, and 7 lay within the LA
(Left Atria) and septum area. Interestingly, no drivers were found in region 7
(septum) while labeling the data.

atria geometry into 7 regions, as depicted in Fig. 2, according to the
odds of AF driver being allocated in each area [15]. Each region from
1-7 represents a class to which the AF driver belongs, assigning class
0 when no driver is found. Each time instant of the BSP was assigned
one class from 0-7 following semi-automatic labeling which is visually
inspected.

Simulated BSPs are computed from the 10 torso geometries and 16
AF models. To obtain the BSPs, the forward problem was solved using
the A matrix of size MxN result of employing the boundary element
method [3,9,29] as follows:

Y =Ax, (6)
where y, represents the BSPs for each time step. Reference to the Wilson
Central Terminal (WCT) is then performed since real ECG recordings are
referenced to this point on account of the electrical noise of the ground,
and it can be modeled as:

ECG = ECG - ECGycr @

not ref

where ECG,,; ,.; in the not referenced ECG, ECGy, ¢y i the WCT sig-
nal obtained as the average of the ECG at the WCT points. Thereby,
applying the same reference to BSPs can be mathematically represented
as:

1
Yiref = Ax, — N Ax, — N My, crx, (8
WCT nNewcCT wWCT
thus
1
y{,ref= A-— N MWCT Xy (9)
wWCT

where Ny, cr is the number of WCT points, My, is a null matrix ex-
cept the rows corresponding to WCT leads, which have the same values
as the equivalent rows of the A matrix [29]. Hence, to obtain the BSP
referenced to the WCT, a corrected Ay, -y matrix can be computed as:

1
~——Mwecr 10

wcCT

Awcr=A-

Subsequently, additive Gaussian noise is added to the obtained BSP
with Signal-to-noise (SNR) of 20 dB. Then, signals are filtered using a
fourth-order bandpass Butterworth filter (fcl = 3 Hz and fc2 = 30 Hz)
[11,29]. To obtain a more realistic representation of BPS recordings, 64
out of 192 nodes were selected from the computed BSPs. The selection
was made to resemble the positioning of electrodes on a real chest vest,
ensuring that the selected nodes are as close as possible to the real
positions.
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Fig. 3. LSTM cell unit. Information flows into the cell unit through the input gate, then the forget gate dictates which information from previous hidden states is

passed to the next layers through the cell state [13].
2.3. RNN based NN architecture

RNN architecture

RNN are a family of NN for modeling sequence data [17]. Unlike
multi-layer networks, RNN share parameters across the whole sequence
model to accomplish this task. This approach enables a proper gener-
alization across the different positions in time. In an RNN architecture,
the information flows at time step ¢ from the input layer x<*> to the
output later 0<">, and is stored at the hidden state A<*>, which is the
representation of the previous inputs. The hidden layer ~<"> and the
output 0<"> are modeled as follows:

h<> = (Ux<” + Wh<™> 1 p)), a1
0<"” = 0,(Vh<"” + b,) (12)

where U, V' and W represent the weights between the input and the
hidden layers, the weights between two different time steps and the
weights between the hidden and the output layer, respectively. On the
other hand, b; and b, are the bias, meanwhile, o, and o, represent the
activation functions. The output of a given time step is influenced by
the previous hidden states as shown by equation (12).

However, during backpropagation exploding gradients or vanishing
gradients issues may occur, causing the network to forget information
located far in the past. This can happen on account of the uncontrolled
growth or decrease in gradients as the backpropagation algorithm oper-
ates. To address this problem, LSTM networks were proposed to include
mechanisms to selectively forget or update the information that is prop-
agated across the network through the cell state, namely using forget
gates [17].

Following the scheme shown in Fig. 3, first, the forget gate f, de-
cides which information flowing from the previous hidden state /</~1>
and based on the current input x, is included in the cell state ¢, as fol-
lows:

ftza(Wf-[h,_l,x,]+bf) (13)

where o is the sigmoid activation function, W, are the weights asso-
ciated with the forget gate, h,_, is the previous hidden state, x, is the
current input and b, is the bias.

Next, the input gate layer i, decides which values from the cell state
are updated, and a vector of new candidate values for the cell state
C, using the tanh activation function is generated, following the next
equations:

i, = oW, [h;,x,]+b,), (14)

C, = tanh(W. - [h;, x,] + b¢) (15)

To update the old cell state C_,_,. into the current cell state C_,., the
following expression is followed:

C=f-C +it'ét- 1e6)
The output, which depends on the previous hidden state h,_; and the
current input x, is obtained as follows:

o, =c(W,[h,_i,x;]1+b,) a7

Finally, the new current hidden state A, is computed following the ex-
pression:

h, = o, - tanh(C,) (18)

where the new hidden state is the pointwise multiplication of the up-
dated cell state passed through a tanh activation function and the out-
put.

CNN architecture

CNNs are a popular type of NN, mainly used in computer vision,
which uses convolutional and pooling layers to extract features from
input data. During convolutional layers, the convolution between differ-
ent filters (kernels) and the input tensor is computed, extracting features
from it and obtaining multiple feature maps.

First, the batch tensor is forwarded to the network through a convo-
lutional layer. The convolution operation can be expressed as

N t

a;=f <2 > W X jin + b) 19
m=0 n=0

where g; j is the activation on coordinates (i, j), Wy, 18 the coefficient of

the filter on coordinates (m, n) x; ., jn is the value of the input tensor in

coordinates (i + m, j + n), b corresponds to the bias and f(-) represents

a non-linear activation function.

The following layer, the pooling layer, reduces the spatial size of the
convolutional layer output. These layers are often followed by a dense
layer, hence the output of the convolutional network must be flattened
first. There are many types of pooling layers, among the most popular
ones stands max-pooling, which computes the largest value from each
patch of the feature maps [13].

CNN-LSTM networks

In this work, we propose to use CNN-LSTM models, which are hybrid
architectures that involve using CNN layers for extracting features from
the input sequences combined with LSTM layers for signal classification.
With this aim, the main sequence is split into blocks of smaller size
which are fed to the 1-D convolutional networks, which will extract
features from each of the subsequences. Following, LSTM layers will
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Fig. 4. CNN-LSTM Architecture. First the input BSP sets of size 50 x 64 (in this figure, only one of 64 BSPS is plotted for the sake of clarity) are divided into two
subsequences of size 25 x 64. Then, the tensors are passed through a 1D Convolutional layer followed by pooling layers. Finally, the output of the CNN module is
forwarded to an LSTM layer of 30 units and a softmax layer to perform the classification.

interpret the extracted features from each block and allow the sequence
classification.

Aiming to fit this architecture layout, BSP signals are resampled
from the original fs =500H z to fs = 50H z before being introduced to
the network; given that AF spectral activity is bounded between 2.5 and
25 Hz [34], feeding the network with signals sampled to 500 Hz would
result in redundancy between sequential batches. To facilitate adequate
training and feature extraction from the sequences, we resample BSP to
lower frequencies aiming to target AF phenomenon.

Then, the input BSPM segments of size 50 time steps by 64 features
were split into two blocks of size 25 time steps. As Fig. 4 shows, the
subsequences are passed through two 1-dimensional convolutional lay-
ers of 32 filters as well as max pooling layers of size 5 and 3. The output
is then flattened and passed to a 30-unit LSTM layer. The last layer is
a fully connected layer with a softmax activation function which al-
lows to perform an 8-class classification. Multiple dropouts layers are
introduced with the objective of avoiding overfitting with a probability
between 0.5 and 0.8. Moreover, L2 regularization is applied in the last
layer.

2.4. Performance metrics

Five different metrics are employed during the assessment of the
models:

» Accuracy (Acc). Used as a global metric, it yields the proportion of
correctly predicted driver regions to the total observations:

Acc = M (20)
Total

where TP (true positives) are the count of drivers that are correctly
classified in a given region whereas TN (true negatives) refers to
the number of drivers that do not belong to a certain region and
the machine predicts so.

Sensitivity (or True positive rate, TPR). It represents the percentage
of detected drivers for a given region that are correctly classified:

Sensitivity = _TIP (21)
TP+ FN

where TP (true positives) are the count of drivers that are correctly
classified in a given region whereas FN (false negatives) are the
drivers that are incorrectly classified into another region. A high
sensitivity signifies a good performance of the test identifying true
positives.

Specificity (or True negative rate, TNR). It is the percentage of not
detected drivers for a given region that are correctly classified.

Specificity = % (22)

where TN (true negatives) refers to the number of drivers that do
not belong to a certain region and the machine predicts so, mean-

while, FP (false positives) is the number of drivers classified in
a given region, but actually belonging to another class. A high
specificity denotes a good performance of the test identifying true
negatives.
Precision. It provides insight into all drivers classified in a region,
and how many are actually located in that region:

TP

Precision= ————— (23)
TP+ FP

where TP (true positives) is the count of drivers that are correctly
classified in a given region; FP (false positive) is the number of
drivers classified in a given region, but actually belonging to an-
other class; TN (true negatives) refers to the number of drivers that
do not belong to a certain region and the machine predicts so; FN
(false negatives) are the drivers that are incorrectly classified into
another region.

2.5. Experimental set-up

The resulting dataset is comprised of 160 BSPs sets (derived from
12 AF models and one sinus rhythm model) concatenated sequentially
constituting a matrix of size (29,000 time instants X 64 nodes). Each
time step of the BSP signals is associated with a given position of the
driver in the atria (from O to 7). Given the amount of data available,
regions 2 and 3 were merged on account of their anatomical proximity,
aiming to improve label balance, as shown in Fig. 6.

With the objective of performing a fair validation, a 4-fold cross-
validation scheme was chosen. Each BSP signal vector was split into
train and test batches of size 50 samples, analogous to one second of
the sequence (obtaining blocks of size 50 x 64), considering consec-
utive time steps aiming to preserve temporal correlation. Then, this
process was repeated 4 times with different test subsets with no group
overlapping. The networks are trained following a many-to-one scheme,
denoting that each input batch of 50 samples is assigned only one la-
bel as an output (the mode of the 50 samples). The final performance of
the models is obtained by computing the mean and standard deviation
of the 4 folds as depicted in Fig. 5.

3. Results

In this section, the performance metrics evaluated in the test subset
for each region of the classification are presented.

The mean and standard deviation of the following metrics for the 4
folds are computed: accuracy, precision, sensitivity, and specificity. The
driver is correctly located on average for the 4 fold 74.75% + 6.02 of
the times, suggesting a low variation among folds.

However, considering overall results may not be suitable for this spe-
cific problem, since performance for each region may vary considerably.
Hence each region’s metrics are computed and reported in Fig. 7, show-
ing that the detection of drivers in R1 is, together with sinus rhythm (no
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Fig. 5. Scheme followed during the CV. In each fold, a different segment of each of the 160 BSPS is selected as the test subset. Then, all the segments stemming from
the 160 sets are merged to conform to a final train and test subsets. Algorithms are trained using train and metrics named as ¢ are obtained from the test subset.
Finally, the mean and standard deviation of the 4 folds is computed. The figure depicts an example for 3 different BSPS sets: number 1, 20 and 50.

Label distribution before and after merging

12000

10000

8000

6000 -

Number of samples

4000 1

2000 -

W Label distribution after merging
Label distribution before merging

Label

Fig. 6. Histogram of labels before merging and after merging regions 2 and 3. Underrepresented region 3 is merged with region 2, which is anatomically close to

the former.

driver), the class with the highest number of existing drivers detected
correctly classified (true positives). However, R1 drivers are occasion-
ally mistaken for R2, which can be explained by the proximity of these
regions in the atria geometry. On the other hand, the regions that show
the lowest performance are R2 and R4, exhibiting the highest disper-
sion in the number of existing drivers that are detected and correctly
classified (true positives).

Fig. 8 depicts the performance in terms of sensitivity (percentage of
drivers located in a region being correctly located in the given class),
specificity (percentage of drivers not located in a region being correctly
classified as such) classified in each region and precision (measuring
how many drivers are actually located in a given region from all drivers
classified in that region). The former metric is the highest in class no

driver and R1 with a mean percentage of 84% and 87% respectively,
with little dispersion, unlike R2, R4 and R5 which report a wider in-
terquartile range. Addressing the specificity, better results are obtained
with class no driver, R2, R4 and R5. In this case, the median of the
specificity for R3 and R4 (which have a worse overall performance) is
slightly higher than in R1, this may be due to imbalances found in the
dataset. The percentage of times the machine was correct when predict-
ing a driver in its true region (precision) peaks in class RO and R1, with
little dispersion and medians above 80%, unlike R2, which shows the
lowest mean value (47%).

According to the curves shown in Fig. 9, the overall estimated per-
centage of correctly classified drivers bounds between 71% and 82%.
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Fig. 7. Confusion Matrix for the 4 folds: the mean and standard deviation of each class is averaged for the 4 folds.
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Fig. 8. Box plots representing sensitivity, specificity and precision in each region. The best performance is obtained with RO and R1.

The train curve progresses parallel to the test curve and does not show
drastic signs of overfitting.

4. Discussion

In this section, we discuss the obtained results and some limitations
encountered during the process are presented along with some propos-
als to improve and optimize the experiments and scope.

The proposed CNN-LSTM architecture methodology outperforms
previous works [6] for AF driver detection based on regular CNN ar-
chitectures, demonstrating a positive impact of the inclusion of LSTM
layers to analyze temporal correlations in the signals. This method has
provided very promising results for 6 regions of the atria and 20 dB
noise level in terms of precision, where the mean precision among re-
gions is above 70% in 4 of the 6 regions, providing reliable predictions
for most of the regions. The good results in sensitivity, with a mean

value bounded between 67% and 90%, show a major ability of the tool
to predict correctly the location of the driver if it occurs in the major-
ity of atrial regions, which accounts for a valuable predicting feature in
the clinical environment.

The model is able to almost perfectly detect sinus rhythm, and very
good results are obtained in R1 as well, which is very convenient and
highly remarkable since persistent AF drivers are commonly found in
this area: the left atrial appendage, as previous studies reveal [15]. On
the contrary, detection in R5 and R4 are inferior, caused by a minor
incidence of occurrence of AF drivers in these regions.

Some limitations encountered during the development of the exper-
iments are directly related to data scarcity and data imbalance. Due to
the limited dataset size, acquiring generalization and robustness is a
challenging milestone. Several technical resources have been deployed
aiming to solve this problem, although the robustness and performance
may be highly benefited from the inclusion of more train models in the
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Fig. 9. Accuracy and loss are computed from the train and test subsets for each
fold. The accuracy results for the test set in the different folds range from 71%
to 82%.

dataset. Moreover, class imbalance issues have been also experienced
as well. This imbalance is inherent in this problem: the natural elec-
trophysiological propagation and anatomical conditions have promoted
that the finding of these rotors is naturally more prominent in certain
regions of the atria. Thus, we consider that the intrinsic imbalance of
the classes is a depiction of the actual electrical propagation patterns,
and, although it is not beneficial for the training of the algorithm, may
not be fair to radically correct the phenomena.

From this point, several pathways can be led to improve the results.
Firstly, including more AF models and geometries is essential to ensure
adequate training and generalization. Ideally, in the future, real data
from patients could be employed to train the algorithms. Nonetheless,
the lack of gold-standard or existing labeled databases makes this task
challenging.

Moreover, the inclusion of new AF models would enable the imple-
mentation of more complex architectures, such as autoencoders, which
would be useful to extract important insights from the BSPS signals in
order to predict their behavior.

5. Conclusions

In this section, the conclusions and impact of the results are pre-
sented.

Developing a robust, non-invasive mapping technique for intrac-
ardiac activity could greatly enhance the efficiency of electrophysiol-
ogists’ work, enabling safer, quicker and more precise interventions
in patients with AF. The utilization of deep learning methodologies
presents an interesting approach to tackle this challenge, as they have
proven their capability to handle intricate tasks within analogous clini-
cal scenarios. Notably, their adaptability is a key asset; within the same
architecture, these methodologies can be refined as the dataset expands.
This is true as long as the quality of data is preserved in the new exam-
ples, and the new cases are representative and relevant for the task.

The presented results confirm that deep architectures are feasible
methodologies for addressing this problem, more specifically, the use of
the LSTM layer seems to help the models to capture AF activity, which
appears to be important for locating the AF driver. This is reflected
by the fact that the results outperform previous works based only on
traditional convolutional and fully connected layers. The model can, in
a way, detect if there is fibrillation in addition to locating the region
where the source of the AF is, which is revealing for the design and
development of future deep learning-enhanced tools.
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