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A B S T R A C T

Background and Objective: Electrophysiological studies based on high-density catheter mapping have be-
come a cornerstone in ablation procedures for managing atrial fibrillation. Since their introduction, extensive
efforts have been devoted to analyzing intracardiac atrial electrograms (EGMs) to identify potential arrhyth-
mogenic regions, often employing machine learning techniques. The aim is to investigate the potential of
deep anomaly detection algorithms as either complements or replacements for established electrophysiological
indicators used to characterize EGMs associated with arrhythmic substrate.
Methods: We investigated three deep anomaly detection algorithms. Model outputs were used to generate
consistent and robust scores for each signal in a completely unsupervised manner. We applied these techniques
to 8 patients with a leave-one-out strategy.
Results: Our numerical experiments show that: (i) higher anomaly scores are correlated with higher EGM
fractionation and duration and lower voltage, (ii) thresholding anomaly score percentiles and standard
indicator values produce consistent classifications, and (iii) morphology analysis is more robust compared to
a stratification provided by single standard indicator, without the need for determining arbitrary thresholds.
Conclusions: Our results demonstrate the effectiveness and robustness of deep anomaly detection algorithms
in the characterization of anomalous cardiac EGMs. By providing an all-in-one method to assess pathological
features, these NN models eliminate the limitations that arise from manually combining and visually
comparing traditional indicators. Our electro-anatomical maps displaying anomaly scores could have significant
implications for improving the accuracy and efficiency of ablation procedures aimed at managing cardiac
arrhythmias, such as atrial fibrillation.
1. Introduction

Atrial fibrillation (AF) is the most common arrhythmia worldwide,
with an estimated prevalence in adults between 2% and 4% [1] and
an increasing incidence with age. Catheter ablation (CA) represents a
cornerstone strategy for symptom improvement and rhythm control.
CA aims to electrically isolate arrhythmogenic areas and is typically
recommended for symptomatic patients as first option or when pharma-
cological therapy fails or has adverse effects. Since the abnormal elec-
trical activity is frequently initiated within the pulmonary veins [2],
the standard for first ablation procedure consists of pulmonary vein
isolation (PVI). In patients with paroxysmal atrial fibrillation (PAF),
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PVI resulted to be effective and superior to antiarrhythmic drugs, but
in persistent AF (PsAF), success rates are lower [3–5].

In the attempt to improve success rate in PsAF, several researchers
have supported the ablation of additional patient-specific drivers be-
yond PVI for PsAF, but results are mixed and there is currently no
consensus on the most successful ablation strategy for these patients [6]
and the identification of arrhythmogenic regions (which may guide CA)
is still an open challenge.

The three main approaches being pursued to spot those regions are:

1. processing and interpretation of electro-anatomical (EA) data
acquired during sinus rhythm, e.g., [7–11],
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2. processing and interpretation of EA data acquired during fibril-
lation, e.g., [12–16],

3. non-invasive imaging-based numerical simulations providing in
silico prediction of the induction and maintenance of re-entrant
drivers, e.g., [17–19].

For ease of implementation, robustness and reproducibility in clin-
cal routine the first option remains the preferred approach by electro-
hysiologists. However, the optimal processing and interpretation of
lectrograms (EGMs) signals is still controversial.

In Sinus Rhythm, various indicators of arrhythmic substrate have
een suggested and studied, including signal amplitude (voltage), num-
er of spikes (fractionation), and duration of the fractionated compo-
ent [11,20,21]. Despite attempts to define more specific indicators,
uch as EGM amplitude-normalized area [22], there is still a lack of
ffective quantitative tools capable of characterizing EGM morphology
n a synthetic manner.

In this paper, we aim to fill this gap through the application of deep
earning techniques for the identification of anomalous signals.

We propose to explore unsupervised learning, particularly deep
nomaly detection algorithms, as an all-in-one solution to the character-
zation of the arrhythmic substrate in SR, hypothesizing that anomaly
etection can more effectively characterize the pathological features of
lectrograms than traditional signal biomarkers.

Anomaly detection is the problem of identifying the support (i.e., the
ypically low-dimensional region of the data space where most of the
robability mass is concentrated) of some unknown distribution based
n a training set of samples [23–26]. An anomaly detection algorithm
utput for each new data point an anomaly score that is high when
he point has low probability of being in distribution according to
he model. Unlike density estimation techniques, anomaly detection
lgorithms do not suffer from the curse of dimensionality problem and
ave been effectively applied in several industrial [27,28] and medical
pplications [29–33].

In this work, the use of anomaly detection is justified by the reason-
ble assumption that most of the collected EGMs are taken from healthy
issue and thus lie in the support of the distribution of EGM signals,
hile anomalous signals (i.e., with a high anomaly score), may be
xpected to be associated with unhealthy tissue. Unlike the supervised
pproach, which relies on hand-labeled training examples [34], unsu-
ervised learning can discover classes of electrical anomalies without
xtensive human supervision. Compared to previous works here we
im, for the first time, to bring state-of-the-art deep anomaly detec-
ors [35–37] as an innovative tool to automatically identify electrical
nomalies. This approach has the potential to improve clinical practice
nd the success rate of CA procedures by providing a new class of
blation targets.

Our results indicate that there is a strong agreement between
nomalous EGMs and previously known EGM target candidates con-
irms that anomaly detection is a plausible direction for further study,
hile discovered anomalous signals that do not belong to already
nown categories may provide useful insights and may reveal poten-
ially useful targets to be clinically validated.

. Background

Electroanatomical mapping allows electrophysiologists to visualize
oth a high-density reconstruction of the anatomical shape of the
ndocardium, and a detailed representation of its electrical activity in
erms of thousands of spatially localized EGMs. In the following, we
escribe three common EGM indicators used in clinical practice, along
ith their respective implementations based on published algorithms

rom OpenEP library [38]. In Section 4 we will correlate each of them
ith anomaly detection scores.
2 
2.1. Peak-to-peak voltage

This indicator measures the EGM amplitude and is usually binned to
classify EGMs into categories: healthy, border zone, and low-voltage/
scar. Typical ranges for bipolar EGMs are > 1.0 mV for healthy tissue,
[0.5, 1.0] for the border zone, < 0.5 mV for low-voltage, and < 0.1 mV
or dense scar, but a gold standard to assess scar criteria is missing
nd the specificity of this biomarker is low [39,40]. Specifically, this
ndicator is influenced by a large number of confounding factors such
s electrodes position with respect to the wavefront, electrodes spacing,
ize and contact and stimulation rate [41].

In patients with early-stage AF, the vast majority of voltage val-
es are usually greater than the healthy cut-off, whereas, in some
atients with a progression of the disease, reduced potentials are the
ost frequent. In addition, conduction anomalies, like pivot points or

low conduction corridors, can be found in high-voltage areas [42].
hese characteristics hinder voltage’s stratification of the different
issue areas.

.2. Fractionation index

The previous indicator does not encode the information contained in
he morphology of the signal. In this direction, signal fractionation has
een employed to identify EGMs with complex morphologies. While a
hysiological EGM consists of one peak followed by a single deflection
see Fig. 1(a)), in a fractionated EGM there are multiple deflections (see
ig. 1(b)).

Fractionated EGMs have been the subject of numerous studies in the
ontext of cardiac arrhythmias in the last decades, starting from the re-
ults of Konings et al. [12,43], complex fractionated atrial electrograms
CFAE), recorded during AF, have became a target of ablation [44].
owever, CFAEs are highly dependent on the specific episode recorded
y the catheter, and given the high functional characteristics of AF
close to chaotic behavior), clinical trials have shown that they do not
onstitute effective ablation targets [45–49]. During SR, fractionation
ypically results from functional phenomena in the form of wavefront
ollisions and conduction delay in proximity of slow conducting areas,
ausing dyssyncrony between the two electrodes [11,42,50]. While
he former may mask local information, the latter may identify areas
ontributing to AF maintenance (this assumption is usually supported
y correlating this indicator with low peak-to-peak voltage).

As detailed in a recent meta analysis [51], there is no exact univer-
ally recognized definition of fractionation and defining a numerical
ndex requires choosing the values of several parameters. One simple
ormula for computing the fractionation index 𝐹 of bipolar EGMs
ecorded in sinus rhythm can be derived as follows [38]:

= max
𝑡

𝑠2(𝑡) (1)

𝐹 =
|

|

|

|

{

𝑡 ∈  ∶ 𝑠2(𝑡) > 𝑀
3

}

|

|

|

|

(2)

where  is the set of peak positions in the signal. Based on this
efinition, we expect 𝑃 ≤ 3 in healthy tissue.

2.3. Duration index

EGM duration is a surrogate indicator of conduction properties:
low amplitude-long duration signals are usually associated with slow
conduction corridors [8,52], that facilitate the formation, depending
on their severity, of stable or unstable localized re-entrant drivers [53].
This indicator is also investigated in the context of ventricular tachycar-
dia [54,55] as a possible target of ablation. One formula for calculating
the duration, following the OpenEP library implementation [38], can
be derived as follows:

𝐷 =
|

|

|

|

{

𝑡 ∶ 𝑠2(𝑡) > 𝑀
10

}

|

|

|

|

(3)
where 𝑀 is defined in (1).
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Fig. 1. Comparison between physiological and fractionated EGMs.
Table 1
Baseline characteristics of the study population.

Variables Population (N = 8)

Age, y 65.5 ±7.7
Male, n (%) 5 (62.5%)
Paroxysmal AF, n (%) 3 (37.5%)
Persistent AF, n (%) 5 (62.5%)
LVEF, (%) 55.6 ±6.8
LA area (cm2) 25.6 ±3.7
Dyslipidemia, n (%) 7 (87.5%)
Hypertension, n (%) 5 (62.5%)
Diabetes, n (%) 1 (12.5%)
Mild mitral regurgitation, n (%) 6 (75%)

Data are presented as: Mean ±Standard deviation or n (percentage). AF, atrial
fibrillation; LVEF, left ventricular ejection fraction; LA left atria.

3. Methods

3.1. Study design and enrollment

Eight patients scheduled for catheter ablation due to symptomatic
paroxysmal or persistent atrial fibrillation (AF), were included in the
study. The definitions of paroxysmal (PAF) or persistent (PsAF) and
the clinical indications to proceed to ablation were given according to
latest ESC Guidelines [1]. Exclusion criteria were a contraindication for
catheter ablation or a previous ablation attempt, a known structural
heart disease, and the presence of a thrombus in left auricula. This
study complies with the Declaration of Helsinki and all participants
provided written informed consent. The main baseline data patients’
characteristics, AF type and cardiovascular risk factors, are shown in
Table 1.

3.2. Electroanatomical mapping and EGMs acquisition

In order to allow EGMs acquisition, all patients enrolled under-
went left atrium (LA) electro-anatomical mapping with the support
of CARTO3 mapping system (Biosense Webster, Diamond Bar, CA).
For each patient, a sinus rhythm electroanatomical map were cre-
ated with PentaRay mapping catheter (Biosense Webster, Inc, Illinois,
USA), a multipolar navigational diagnostic catheter provided with 20
acquisition electrodes. High-density maps were created with at least
3000 acquired EGMs homogeneously distributed over the entire LA
surface. Electrodes contact with the endocardial surface was ensured
with the CARTO3 Tissue Proximity Index (TPI™) feature, in order to
avoid misleading bipolar voltage values. At the end of each procedure,
sinus rhythm EGMs were exported from the mapping system, where
they were filtered in a frequency range of 30 Hz–300 Hz.
3 
Fig. 2. EGM region of interest.

3.3. Preprocessing

The bipolar EGM signals described in Section 3.2 were centered with
respect to the timing corresponding to the minimum of the derivative
(estimated with finite differences) of the corresponding unipolar signal
as in the standard CARTO annotation

argmin𝑡
𝑢(𝑡 + 1) − 𝑢(𝑡 − 1)

2𝛥𝑡
where 𝑢(𝑡) is the corresponding unipolar signal sampled at time 𝑡 and
𝛥𝑡 is the length of the time discretization (𝛥𝑡 = 1 ms in our dataset).
With the central point as a reference, we considered a window of 64 ms,
which is adequate to illustrate the dynamics of the EGM (Fig. 2).

The signals were subsequently smoothed to reduce fluctuations due
to signal acquisition system using a Gaussian convolutional kernel with
𝜎 = 0.8, and they were normalized between 0 and 1 in order to
disregard the different scaling factor between different atrial zones
and/or patients and thus consider only the morphology of the signal
itself.

3.4. Deep anomaly detection models

Several approaches based on deep learning have been studied for
anomaly detection [56]. All these methods learn a representation of
the raw data and aim to identify the support of the data distribution so
that anomalous (low probability) points can be subsequently identified.

We considered several deep neural network models with the objec-
tive of assigning a score to each signal (anomaly score). This score
corresponds to the reconstruction error of the signal in autoencoder
like architectures, even memory augmented, or to other metric as in
the Deep SVDD architecture of Ruff et al. [37].
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An autoencoder (AE) is a composite parameterized function 𝑓 (𝑥) =
𝑑(𝑒(𝑥)) where the encoder 𝑒 maps data point, 𝑥, into a lower-dimensional
representation 𝑧 = 𝑒(𝑥), and the decoder 𝑑 is trained to reconstruct
the original signal as closely as possible. Using a low-dimensional 𝑧
produces a bottleneck and the reconstruction error for points that
are far from the support of the data distribution will be higher.
Because of this property and their simplicity, autoencoders have been
widely studied in the context of anomaly detection [26,56], using the
reconstruction error as the anomaly score. An and Cho [35] showed
that better anomaly detection rates can be obtained with variational
autoencoders (VAE) [57], a model where 𝑧 is stochastic, with prior
distribution 𝑝(𝑧) =  (0, 𝐼), likelihood 𝑝(𝑥|𝑧) and posterior 𝑞(𝑧|𝑥) =

(𝜇(𝑥), 𝜎(𝑥)).
Parameters are tuned to maximize the Kullback–Leibler divergence

etween the posterior and the prior of 𝑧, which can be seen as a
egularizer and can be computed as ∑

𝑗 (1 + log 𝜎𝑗 (𝑥)2 − 𝜇𝑗 (𝑥)2 − 𝜎𝑗 (𝑥)2).
In An and Cho [35] a VAE is used to compute an anomaly score

consisting of the following ‘‘reconstruction probability’’: first, sample
𝐿 latents 𝑧(𝑙) from the prior and obtain 𝐿 generated points 𝑥(𝑙) using
he decoder; then feed these generated points to the encoder to obtain
osterior parameters 𝜇(𝑥(𝑙)), 𝜎(𝑥(𝑙)), and finally compute the anomaly

score as

𝑆 = 1
𝐿

𝐿
∑

𝑙=1
𝑝(𝑥(𝑙)|𝜇(𝑥(𝑙)), 𝜎(𝑥(𝑙))).

A memory-augmented autoencoder (MemAE) [36] reconstructs sig-
nals from a learned dictionary of basis vectors that operates as an
external memory 𝑀 = [𝑚1,… , 𝑚𝑁 ] of size 𝑁 . Encoding proceeds in two
steps: first, an embedding vector, 𝑧, is computed with an encoder 𝑓𝑒(𝑥).
Then, 𝑧 is used to query the memory by computing a soft addressing
vector 𝜶 with elements:

𝛼𝑖 =
exp(𝑧⊤𝑚𝑖)

∑𝑁
𝑗=1 exp(𝑧⊤𝑚𝑗 )

, 𝑖 = 1...𝑁,

eing 𝑚𝑗 the 𝑗th memory element. Following Gong et al. [36], sparse
addressing is achieved by hard shrinkage:

𝛼𝑖 =
max(𝛼𝑖 − 𝜆, 0)𝛼𝑖
|𝛼𝑖 − 𝜆| + 𝜖

,

where 𝜆 ∈ [1∕𝑁, 3∕𝑁] controls the amount of shrinkage. The embed-
ing, 𝑧, is computed as a weighted sum of the memory values:

𝑧 = �̂�
‖�̂�‖1

𝑀,

nd it is passed to a decoder 𝑓𝑑 to obtain a reconstruction 𝑥 = 𝑓𝑑 (𝑧).
he anomaly score is

= ‖𝑥 − 𝑥‖2.

Deep Support Vector Data Description (Deep SVDD) [37] aims to
onstruct a discrimination function over the data space that separates
ormal from anomalous points. Like in the original SVDD method [58],
eep SVDD seeks the smallest hypersphere that encloses ‘‘most’’ train-

ng data so that anomalous points fall outside the hypersphere:

min
,𝑐,𝜉1 ,…,𝜉𝑛

𝑅2 + 1
𝜈𝑛

𝑛
∑

𝑖=1
𝜉𝑖

s.t. ‖𝜙(𝑥𝑖) − 𝑐‖2 ≤ 𝑅2 + 𝜉𝑖, 𝜉𝑖 ≥ 0.

owever, 𝜙 is now a representation learned from data through a
eep model instead of a fixed representation induced by a kernel. The
nomaly score for a new data point 𝑥 is computed as the distance from
he hypersphere:

= ‖𝜙(𝑥;𝑤) − 𝑐‖2.

We used VAE, MemAE, and Deep SVDD because they represent
istinct methods for performing deep anomaly detection and obtaining
 b

4 
n anomaly score. Specifically, VAE and MemAE rely on the recon-
truction error to determine the anomaly score, effectively measuring
ow well the model can reconstruct the input signal. In contrast,
eep SVDD uses the distance in the latent space to assign an anomaly

core, focusing on how far a data point deviates from the center of a
earned feature space hypersphere. This diversity in approaches ensures
omprehensive coverage of anomaly detection scenarios, leveraging
ifferent mechanisms to identify anomalies effectively.

.5. Training details

We trained each architecture using Adam as optimizer with a learn-
ng rate of 0.005 for a maximum number of epochs equal to 100,
topping training with an early stopping criterion with patience of 3,
onitoring the corresponding loss on a subset of the train-set (20%)

s the validation set. Autoencoder-like architectures are fully 1D conv-
ets, with convolutional layers (kernel sizes of 3), which reduce the size
f the input and encode it in a latent space of size 16, the encoder has
convolutional layers and the decoder has 6 upsampling layers with

onvolutional layers after each upsampling layer.
We tried different architecture for encoders and decoders by varying

atent space size (8, 16, 32), kernel size of convolutional filters (2, 3,
) and number of convolutional filters (8, 16, 32). All combinations
roduce strongly correlated results (average weighted Kendall’s 𝜏 of

different architectures scores > 0.8) suggesting that the choice of a
particular combination of these hyperparameters does not significantly
affect the model’s behavior.

We are interested in detecting anomalies in a way that can be gen-
eralized to new patients. For this reason, all models were trained and
tested in a leave-one-patient-out fashion. Results reported in Section 4
are aggregates for the left-out data.

3.6. Ranking agreements

In the following, the agreements between rankings are computed
using a weighted version of the Kendall’s statistic, denoted 𝜏𝑤 [59]. The
motivation for a weighted coefficient is that we are not particularly
interested in the ranking differences for normal EGMs (low scores)
but we aim at focusing on the differences when the anomaly scores
or the traditional indicators are high1. An established approach to
define a weighting function that puts more emphasis to high scores was
presented in Vigna [60], and we briefly recall it here for clarity.

Given two vectors of values 𝑅 and 𝑆 assigned by two different
scoring functions to the same set of EGMs, the weighted coefficient is
defined as

𝜏𝑤(𝑅,𝑆) =
⟨𝑅,𝑆⟩𝑤

‖𝑅‖𝑤‖𝑆‖𝑤
, (4)

where the weighted inner product is

⟨𝑅,𝑆⟩𝑤 =
∑

𝑖<𝑗
𝑤(𝑖, 𝑗) sgn(𝑟𝑖 − 𝑟𝑗 ) sgn(𝑠𝑖 − 𝑠𝑗 ),

nd its associated norm is ‖𝐸‖𝑤 =
√

⟨𝑅,𝑅⟩𝑤. Here the weights are
defined as

𝑤(𝑖, 𝑗) = 1
𝜌(𝑟𝑖)

+ 1
𝜌(𝑠𝑗 )

,

being 𝜌 an integer-valued function returning the rank of its argument.

1 Since voltage correlates negatively with normalcy, we changed signs
efore computing the correlation coefficients.
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Fig. 3. Matrix of all 𝜏𝑤 statistics, values refer to all patients combined.

4. Results

In the following, we report comparisons among traditional indi-
cators and anomaly detection scores, providing statistical analyses,
electroanatomical visualizations, and showing, through examples, a
detailed comparison of anomalies detected by anomaly scores and
traditional indicators.

Both the fractionation and the duration indices were calculated
following the OpenEP library [61] implementations as described in
Sections 2.2 2.3. VAE and MemAE scores were calculated with our
own implementations of the algorithms, while for Deep-SVDD we used
the author’s implementation available at https://github.com/lukasruff/
Deep-SVDD-PyTorch.

4.1. Anomaly scores and indicators are all highly correlated

The weighted Kendall coefficients (4) among the three deep anomaly
detection algorithms (see the upper-left triangle of Fig. 3) are all above
0.75. Although significance tests are not available for the weighted
statistic 𝜏𝑤, we computed 𝑝-values using the classic (unweighted)
Kendall statistic 𝜏, obtaining 𝑝 < 10−10 in all cases. This proves that,
in spite of the differences in the architectures and in the algorithmic
strategies used to identify outliers, all deep learning methods tend
to be highly consistent. Agreements were also strong (with weighted
coefficients above 0.74) for traditional indicators (lower-right triangle
in Fig. 3, 𝑝 < 10−10 based on 𝜏), and between traditional indicators and
deep anomaly scores (top-right square in Fig. 3, 𝑝 < 10−10 based on 𝜏).

The agreements between anomaly detectors and indicators were
slightly higher when using deep-SVDD. This is reasonable since deep-
SVDD learns a discriminating function based on global features of the
EGMs, a trait which is certainly shared with the fractionation and the
duration indices.

Algorithms based on reconstruction error, on the other hand, may
just locally fail to reconstruct some short portions of EGMs and still
produce a high score. To further investigate this aspect, we show
in Fig. 4 a profile of the mean RMSE along temporal positions for
signals having low Deep-SVDD anomaly scores (< 50th percentile)
and high reconstruction error (> 90th percentile). Unsurprisingly, the
reconstruction error is higher in the central region of the signal, where
absolute voltage is typically also high.
5 
4.2. Thresholding anomaly percentiles and indicator values produce consis-
tent results

One difficulty when making decisions based on several indicators
is the need to calibrate thresholds on each of them separately, and/or
to decide a strategy to combine their values. For example, we might
deem a certain EGM as non-physiological if at least one indicator takes
on a value exceeding a certain threshold, but other options are available
(e.g. if at least two indicators exceed their thresholds) and there is little
guidance on how to select the proper criterion.

On the other hand, anomaly scores may be analyzed in terms of
percentiles derived from the data. Based on the expected amount of
non-physiological EGMs, we may simply put a threshold 𝑞 on the
percentile and highlight atrial locations whose score is above the 𝑞th
percentile. This means choosing just one single threshold (instead of
several) and there is no need to decide a combination strategy. To
investigate if this procedure can detect outliers in a way that is coherent
with indicators, we compute the average indicator values for EGMs
whose anomaly score was above a certain percentile 𝑞:

𝑣(𝑞) =
∑

𝑖 1
{

𝑠𝑖 > 𝑞
}

𝑣𝑖
∑

𝑖 1
{

𝑠𝑖 > 𝑞
}

where 1{⋅} denotes the indicator function. We expect a monotonic
trend for 𝑣(𝑞) as 𝑞 increases (increasing for the fractionation and the du-
ration indices, decreasing for the voltage indicator). Results estimated
in leave-one-patient-out mode are reported in Fig. 5 and perfectly
match our expectation. To better characterize this relationship, we have
shown in Fig. 6 three histograms with the distribution of different
thresholds of fractionation index, duration, voltage and a combination
of the three indicators as the anomaly score changes. As can be seen,
the percentage of signals with high fractionation index increases as the
anomaly percentile increases, reaching more than 50% of the signals.
These histograms also confirm that voltage is the indicator with the
least specificity compared to fractionation duration and the number
of peaks, and the most complex to interpret. In the next section we
investigate this aspect further.

4.3. Analysis of anomaly scores on low-voltage EGMs

Consistently with the common tenet in the literature that low-
voltage EGMs are often associated with fibrotic tissue [7,62–64], we
found that low-voltage EGMs largely produce high anomaly scores. We
remind here that EGMs were normalized before feeding them into the
anomaly detectors. This means that morphology of normalized signals
alone contains sufficient information to deem anomaly.

In order to visually inspect morphologies, we plot in Fig. 7 the EGMs
of all patients in four voltage ranges, colored by Deep-SVDD anomaly
score percentile. The differentiation between low and high score signals
is particularly evident when the voltage is below 0.1 mV or above
1mV. On the other hand, we observe a fairly large amount of EGMs
with low anomaly in the borderline range 0.5–1mV, and to a lesser
extent in the range 0.1–0.5 mV. It can be seen that the ‘‘consensus’’
morphology of these signals closely resembles the typical morphology
of healthy tissue, confirming our starting assumption that most of the
EGMs are physiological. In these cases, lower voltages might be simply
due to other factors such as the direction of the propagation wave
with respect to the bipolar electrodes, the angle of incidence of the
catheter, or the contact strength with the atrial tissue [20]. These
results show that anomaly detection approaches are more robust with
respect to measurement errors, thanks to the ability to focus on the
entire morphology and not on individual features.

In order to characterize differences with traditional indicators, all
those signals with the anomaly score above 95th percentile colored
by fractionation index can be seen in Fig. 8(a), and signals with
fractionation index < 4 and high voltage are highlighted in Fig. 8(b).

https://github.com/lukasruff/Deep-SVDD-PyTorch
https://github.com/lukasruff/Deep-SVDD-PyTorch
https://github.com/lukasruff/Deep-SVDD-PyTorch
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Fig. 4. RMSE along temporal positions for VAE and MemAE.
Fig. 5. Average values for traditional indicators change monotonically with the anomaly score.
The signature of this group of EGMs might be associated with some
functional phenomena like pivot points.

Similarly, in Fig. 8(c) all signals with anomaly scores below the 50th
percentile can be displayed, highlighting in Fig. 8(d) those with high
fractionation index and low voltage. The signature of these EGMs is
clearly biphasic with short duration, suggesting that the anomaly in
low voltage probably arise from the positioning of the catheter.

4.4. Anatomical visualizations

In order to visualize anomalies in the anatomical context, we show
in Fig. 9 and in Fig. 10 several maps of the left atrium of one of the
patients in our dataset. Colors for the different models are associated
with a normalized anomaly score: if 𝑠 is the anomaly score from one
of the models, color is proportional to 𝑠

𝑞90(𝑆)
where 𝑞𝜂(𝑆) returns the

𝜂-th percentile of the whole set 𝑆 of anomaly scores produced by that
model over all EGMs for the patient being visualized.

In order to obtain a smooth reconstruction on the left atrium, we
interpolated the points acquired during mapping onto a mesh of with a
6 
finer granularity generated directly from CARTO3 system. Interpolation
is performed with a weighted average of closest annotated points based
on a Gaussian kernel with 𝜎 = 1.5.

Electroanatomical maps based on deep anomaly detection models
seem to identify areas of electrical abnormalities with greater speci-
ficity, condensing the information contained in the state-of-the-art
maps into a single map. In the reported case, voltage map characterize
the whole LA as physiological, while duration map tends to overes-
timate the number of areas that are highlighted. Among the various
anomaly detection methods, Deep-SVDD seems to provide the clearest
characterization of the areas.

5. Discussion

The use of deep anomaly detection provides, in a completely un-
supervised manner, a consistent and robust score that correlates with
state-of-the-art biomarkers widely adopted in the medical literature,
but without the need to manually combine them and decide on arbi-
trary thresholds. Our numerical results of Section 4.2 show that, on
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Fig. 6. In Fig. 6(a), the fractionation index was divided into three ranges, <4, 4–6, >6. In Fig. 6(b), duration was divided according to its percentiles into three ranges <75th
percentile, 75th–90th percentile and >90th percentile. In Fig. 6(c), the voltage is divided into the four categories already described in Section 2.1. Fig. 6(d) put together all the
indicators where a fractional index ≥4, >90th percentile of duration and a voltage <0.5 are considered as thresholds. Red (severe dysfunction) represents a signal that has all of
them, orange (dysfunction) one or two and blue (healthy tissue) none of the three.
Fig. 7. EGMs of all patients colored by Deep-SVDD anomaly score percentile.
average, the higher the anomaly score is, the higher the fractionation
(in terms of number of peaks and signal duration) and the lower the
voltage.

The strong correlation (measured by weighted coefficients and un-
weighted Kendall statistics) between the various deep models suggests
good robustness on the ranking of the signals, as well as the strong
correlation and monotonicity with the standard indicators.

A deeper analysis of EGM signatures reveals that voltage provides a
poor subdivision of the signals, being extremely sensitive to measure-
ment errors generated by a non-optimal positioning of the catheter.
This generates false positives that actually correspond to low anomaly
scores, as shown in Section 4.3. High anomaly score, on the other hand,
7 
present pathological signatures, that can be associated to functional
phenomena [65]. These results suggest that an anomaly score could be
an all-in-one indicator replacing the standard ones. It, indeed, captures
and fully exploits the morphology of the signal and is less sensitive to
measurement errors.

As a step towards an effective clinical translation of this method-
ology, we construct electroanatomical maps of LA anomaly scores.
These maps highlight areas characterized by electrical abnormalities
through high anomaly scores. A visual inspection of these maps reveals
that tissue stratification is more specific for deep anomaly detectors,
and a cross-comparison of voltage, fractionation, and duration maps is
required to obtain a similar results. This makes the reading of the deep
anomaly electroanatomical map more immediate, which may enable to
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Fig. 8. Fig. 8(a) shows signals with high anomaly score (>95th percentile) colored by fractionation index. Fig. 8(b) shows only signals with fractionation index <4 and high
voltage (> 1 mV). Fig. 8(c) shows signals with low anomaly score (<50th percentile) colored by fractionation index. Fig. 8(d) on the right shows only signals with fractionation
index ≥4 and low voltage (<0.5 mV).
Fig. 9. Electroanatomical map showing the LA of a single patient colored according to the anomaly score of the Deep-SVDD method. Each signal is ±2 mV range.
speed up the decision-making during ablation procedure and increase
robustness with respect to signal acquisition problems.

Deep learning methods obtain results that correlate strongly with
each other and with traditional indicators, as shown in Section 4.1,
where Deep-SVDD obtains slightly higher correlations. Also, as ex-
plained in Section 4.1, the score produced by Deep-SVDD is based on
global features of the signal unlike the other reconstruction methods
that could have high scores even if they reconstruct poorly in one part
of the signal.

All methods are extremely cost-effective, both in training and pre-
diction, due to relatively small amount of parameters in the deep
learning models (about 150k). Additionally, the average inference time
is around 2 ms per batch (with a batch size of 512) on an NVIDIA RTX
A6000 GPU and 10 ms per batch on an Intel Xeon Gold 6342 CPU. It
is worth noting that variants with configurations of the autoencoder
containing more filters or larger kernel sizes still achieve inference
times in the order of tens of milliseconds.
8 
Looking forward, areas of deep anomaly detection might correspond
to specific pro-arrhythmic mechanisms which might improve the clini-
cal understanding of atrial fibrillation. Moreover their analysis on large
cohorts of patients may provide insights in describing atrial fibrillation
progression and ablation strategies, adapting PVI lines to patient’s char-
acteristics. These aspects might improve patients’ outcome as suggested
by the promising results from the AEDUM study [66,67] based on EGM
duration characterization and the ERASE-AF study [7] based on voltage
characterization. In this direction, future computational and clinical
studies will be addressed to investigate the potential link between
deep anomaly electrical anomalies, electrical substrate and effective
pro-arrhythmic behavior.

Moreover, automatic characterization of electrogram morphology,
as recently shown in [68] for unipolar EGMs, may play a pivotal
role in several electrophysiological studies, even those not finalized in
constructing a complete electroanatomical maps, but only focusing on
specific morphologies, like premature ventricular complexes ablation.
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Fig. 10. Front and back view of the left atrium of a single patient colored according to the different indicators and anomaly scores of deep learning methods.
In conclusion, deep anomaly detection techniques provide novel and
coherent indicators of electrical abnormalities in the EGM signature,
outperforming state-of-the-art indicators.
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Appendix A. Alternative tools

Activation maps are constructed by annotating local activation time
(LAT), the relative (with respect to a given reference) timing at which
the maximum negative EGMs variation is recorded. This map, depicts
the temporal sequence of the times taken by the wavefront to cover the
atrial tissue. It is specific to the repetitive patient’s rhythm (e.g., sinus
or paced) during the acquisition. The LAT spatial distribution highlights
abnormal electrical pathways like slow conduction corridors, whose
severity and ramification characterizes the progression of atrial fibril-
lation [8]. Because they are measured at a specific rate and rhythm,
activation maps provide only a partial view of the phenomenon, with
knowledge gaps in areas with wavefront collisions and along directions
different from the one of principal conduction. Multiple maps in differ-
ent paced rhythms can bridge this gap while increasing the duration of
the electrophysiological study [69]. Together with the activation map,
substrate information derived from signal processing is added.

Appendix B. Enrollment details and ablative procedure

All patients underwent transthoracic echography at the admission
in Hospital; a transesophageal or intracardiac echocardiography was
performed in the procedural setting to exclude left auricular thrombosis
and to guide the transeptal puncture. An electrical cardioversion was
performed in patients who were not in sinus rhythm at the beginning
of the CA procedure. All the ablation were performed under general
anesthesia. Through right and left femoral veins, a deflectable de-
capolar catheter (Decanav, Biosense Webster, Diamond Bar, CA) was
inserted in coronary sinus, a multipolar mapping catheter (Pentaray,
Biosense Webster, Diamond Bar, CA), was used to map the left atria
and a 3.5 mm open irrigated-tip catheter (Thermocool SF, Biosense
Webster, Diamond Bar, CA) was chosen to perform radiofrequency
ablation. To aid ablation catheter manipulation, a steerable long sheath
(Agilis, Abbott, Chicago, IL) was used. After the transeptal puncture to
reach the left atria, heparin (100 IU/kg) was administered to reach an
activated clotting time of >300 s.
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