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Abstract

Ablation of persistent atrial fibrillation (persAF)
targets based on signal processing techniques have been
disappointing. Machine learning (ML) tools may be the
solution to improve the catheter ablation responses using
features from three electrogram (EGM) signal domains
(spectral, temporal and statistical). 3206 EGMs were
collected using non-contact technique from 10 patients.
1716 EGMs have a negative catheter ablation response
and 1490 EGMs a positive response. A Logistic
Regression (LR) classifier was used to classify the EGMs
based on responses to catheter ablation. The performance
of LR for each domain features was evaluated using five
different matrices (validation accuracy, sensitivity,
specificity, precision and F1 score). A 5-fold cross
validation (CV) accuracy of 91.64%, 72.68% and 67.31%
was achieved using LR based on spectral, temporal and
statistical features, respectively. The four remaining
evaluation metrics ranged between (90%-93%) for
spectral features, (66%-78%) for temporal features, and
from 64% to 69% for statistical features. The highest
performance was obtained with spectral features,
followed by temporal features, whereas statistical
features achieved the lowest scores. Hence, it can be
concluded that spectral characteristics of EGMs are the
most important to predict the catheter ablation responses.

1. Introduction

Atrial fibrillation is the most common abnormal heart
rate (arrhythmia) and it corresponds to an increased risk
of stroke and death-rate of five and two folds,
respectively [1]. There are several tools that have been
used to treat the AF. Catheter ablation is an efficient tool
for treating AF in the early-stage paroxysmal AF, but it is
less effective for the advanced stages of persistent AF
(persAF). Several signal processing techniques based on
different EGM signal domains have been used to guide a
catheter ablation for AF therapy such as dominant
frequency (DF) and organization index (Ol) as features
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from the EGM spectral domain [2, 3]; mean as a feature
from the statistical domain [4], and entropy [5] as a
feature from the temporal domain. All of the mentioned
features above have failed to produce good treatment
outcomes due to multiple mechanisms that are
responsible for initiation and maintenance of AF such as a
fast discharging automatic ectopic foci activity; single re-
entry activity; multiple wavelets activity; and the
functional re-entries activates resulting from rotors [6].
Machine learning tools have been used in several
biomedical applications and are good tools for finding
patterns from high dimensional data [7]. Therefore, these
tools may be a good approach to treat persAF by
enhancing the catheter ablation to burn sites (nodes) that
give a positive outcome for AF therapy.

In the current work, features from three EGM signal
domains were used to investigate and evaluate the EGM
signal domains for positive ablation. EGMs positive and
negative responses to catheter ablation were used as two
categories to identify the outcomes of ablation procedure
to EGMs sites (nodes in non-contact mapping catheter)
using the features from three EGM signal domains. AF
termination, increasing of AF cycle length (AFCL),
deceasing in AFCL [8] and AFCL not changing were
used as a ground truth for EGMs dataset.

2. Materials and Methods

2.1. Dataset

The dataset was collected from 10 persAF patients
undergoing first time left atrial catheter ablation. The
collection of data was done using non-contact mapping
catheter (Ensite array — St. Jude Medical) system from the
high dominant frequency (HDF) regions in the left
atrium. These regions were identified as described before
[9]. The dataset was collected pre- and post-ablation from
the 10 patients. Four out of ten patients had AF
termination (1 sinus rhythm and 3 flutter) before
pulmonary vein isolation (PVI). Pre-ablation of EGMs
were recorded and exported offline up to 20 seconds
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duration time for training and testing the 10 patients.
AFCL pre- and post-ablation for each of the DF atrial
sites were recorded using “LabsystemTM Pro EP
Recording System”. The data were classified into two
classes as labels: (i) positive response to ablation (AF
termination or AFCL increase (>10ms)), and (ii) negative
response to ablation (AFCL decrease (<10ms) or AFCL
unchange) [8]. The dataset was labelled and approved by
an interventional cardiologist at Leicester Glenfield
Hospital.

2.2. Research Toolkit

Time Series Feature Extraction Library (TSFEL) is one
of the most powerful and efficient available tool libraries
embedded in python environment. This library is used to
compute, extract and evaluate a variety of handcrafted
features and knowledge domain features from biomedical
signals. The library can compute 390 features (Table 1)
based on three processing signal domains [10].

2.3.  Pre-Processing

Twenty seconds-long EGMs were sampled at
2034.5Hz and these were resampled at 512 Hz using
cubic interpolation method to reduce the data storage and
further processing time. QRST subtraction was performed
to remove the ventricular far-field activity from each
EGM [11]. The middle window of Figure 1 shows the
process of QRST subtraction.
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Figure 1. The complete diagram of the proposed method

2.4.  Feature Extraction

TSFEL has been used as a powerful tool to extract
features from biomedical signals. The features that are
extracted by this library from each EGMs are described in
Tablel.

Table 1. Features extracted based on bio signal domain [10]

SPECTRAL TEMPORAL STATISTICAL

DOMAIN DoOMAIN DOMAIN
e FFT Mean Coefficients (#256) e Absolute energy e ECDF (#10)
e Fundamental Frequency e Area Under the e ECDF
o Human Range Energy Curve Percentile (#2)
e LPCC (#13) e Autocorrelation e ECDF
e Maximum Frequency ¢ Centroid Percentile
o Maximum Power Spectrum e Entropy C<.)unt (#2)
e Median Frequency * Ne_gz:tive twrning  * zylsg;gram

points
LT o et
o Power Bandwidth Difference R Kurtgosis
e Spectral Centroid  Mean differences o Maxi
o Spectral Decrease ¢ Median Absolute aximum
e Spectral Distance lefe_rencg * Mean
e Spectral Entropy * Mec_h_an lefe_zrence ¢ II\D/I:\z/iir;tﬁ)kl)qsolute
: e Positive turning
e Spectral Kurtosis points o Median
e Spectral Positive turning points o Peak to Peak o Median
e Spectral Roll-off Distance Absolute
e Spectral Roll-On e Signal Distance Deviation
e Spectral Skewness o Slope e Minimum
e Spectral Slope e Sum Absolute e Root Mean
® Spectral Spread Difference Square
e Spectral Variation o Total energy ® Skewness
o Wavelet Absolute Mean (#9) e Zero Crossing e Standard
o Wavelet Energy (#9) Rate DE\{IatIOH
e Wavelet Entropy e Neighborhood * Variance
e Wavelet Standard Deviation (#9) peaks
e Wavelet Variance (#9)
#Spectral #Temporal #Statistcial

features = 336 features = 18 features = 36

#Total features = 390

2.5. Feature Selection

The role of feature selection in optimizing the
classification using machine learning classifiers is
undeniable. The better performance for machine learning
classifiers for prediction of unseen data can be done by
selecting the best features as inputs for ML classifier [12].

2.5.1 Removal of High Correlated Features

The criteria that have been applied to remove high
correlated features in this approach is based on Pearson’s
correlation. [13]. In this work, features that have a
correlation greater than 0.95 have been removed from the
features list.

2.5.2. Removal of Low Variance Features
Features with less than the specific threshold were

removed from the feature list. A zero has been selected as

a threshold value in the proposed method; this value is

kept all features with non-zero variance [14].

2.5.3. Features Scaling

The scaling method is used to normalize the range of
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independent features of data. It is observed that the value
of features that have large magnitude tend to dominate the
prediction towards a particular class. Standardization
operation was applied to scale the features. It scales
features to have a mean () of 0 and standard deviation
(o) of 1 (unit variance). The standard score (s) to which
the value of feature is to be scaled is given by finding the
value of mean (u) and the standard deviation (o) as in the

following formula:
X—U
s = €y

=g @
)

i=1
N
j%Zm -y @
i=1

Here, x denotes to the selected feature, u stands for
the mean, and o represents the standard deviation.

3. Experimental Results and Discussion

The LR classifier was trained and validated on the
dataset mentioned in section 2.1 above. To evaluate the
performance of LR classifier for three EGM signal
domain features, several evaluation metrics have been
chosen that are recommended by AAMI [15]. Five-fold
cross-validation technique was used for training and
validating, 80% and 20% of dataset were used for training
and validating, respectively. Following the results from
bar chart (Figure 2), it can be seen that the proposed
approach can perform almost 91.64%, 72.68% and
67.31% overall accuracy for spectral, temporal and
statistical domain, respectively. The proposed method
shows a sensitivity of 91.07%, 66.91% and 66.04%);
specificity of 92.13%, 77.68% and 68.47%; precision of
90.95%, 72.25% and 64.52%; F1_score of 91.01%,
69.48% and 65.27% for spectral, temporal and statistical
domain, respectively. The confusion matrices (CMs) for
the three classifiers are shown in Figure 3. The CMs show
the number of TP, TN, FP and FN values of EGMs
classification using three signal domains. Figure 4
illustrates the receiver operating characteristic curve
(ROC) for the positive and negative classes: area under
the curve (AUC) = 0.76, 0.81 and 0.96 for statistical,
temporal and spectral features. Grid Search technique has
been used to optimize the hyperparameters during the
simulation. Hence, the hyperparameters that have been set
using these LR classifiers:
eC =1, 8 and 9 for statistical, temporal and spectral
domain features classifiers, respectively. It is the
inverse of regularization strength, where the smaller
values of C represent a stronger regularization.

o Max_iter = 100 for the 3 classifiers (maximum number
of iterations that makes the classifier solver to coverage)

e Penalty = L2 for the 3 classifiers (it applies the
regularization during the training process).

e Solver = ‘lbfgs’ for statistical and temporal domain
features classifier and ‘liblinear’ for spectral domain
features classifier (An algorithm that used in the
optimization problem).

It can be noticed that the EGM spectral domain features
have more contribution on successful ablation than other
two domains. These results support the findings, the
spectral analysis of EGMs play a significant role to target
the sites of AF driver for successful ablation and in
particular the DF, which has been widely used as a
feature to analyze the atrial EGM [2]. DF is the frequency
with the maximum amplitude in EGM signal, and can be
evaluated using Fast Fourier transform (FFT). FFT mean
coefficients (power spectral density, 256 features)
represented the majority features extracted using this
library. Time domain features have been used to target the
AF drivers such as entropy [16], mean and median of
differences and these features have resulted the mediocre
performance. EGM features from the statistical signal
domain have resulted the lowest performance, due to few
features from this domain have been used as descriptors
to target the AF driver such as a mean voltage [4] of
EGMs and the standard deviation (STD).
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Figure 2. Performance of LR for features from 3 domains

4. Conclusions

The proposed approach has been used to classify and
identify the responses of EGMs to catheter ablation for an
efficient AF treatment. Features from three EGM signal
domains were applied separately as inputs to LR
classifier. Classifier performance was measured for each
feature domain. Experimental simulations show that the
proposed approach can perform with 91.64%, 72.68%
and 67.31% overall accuracy for spectral, temporal and
statistical domain, respectively. The proposed method
shows a sensitivity of 91.07%, 66.91% and 66.04%;
specificity of 92.13%, 77.68% and 68.47%; precision of
90.95%, 72.25% and 64.52%; F1 score of 91.01%,
69.48% and 65.27% for spectral, temporal and statistical
domain, respectively. From the obtained results, it can be
concluded that the highest performance was from the
features that are extracted from spectral domain,
statistical features have achieved the lowest performance,
with temporal features in between those.
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Figure 3. CMs of LR classifiers for the 3 domain features
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Figure 4. ROC and AUC of LR classifiers for the 3
domain features

References

[1] G. F. Michaud, and W. G. Stevenson, “Atrial Fibrillation,”
N Engl J Med, vol. 384, no. 4, pp. 353-361, Jan 28, 2021.

[2] P. Sanders, O. Berenfeld, M. Hocini, P. Jais, R.
Vaidyanathan, L. F. Hsu, S. Garrigue, Y. Takahashi, M.
Rotter, F. Sacher, C. Scavee, R. Ploutz-Snyder, J. Jalife, and
M. Haissaguerre, “Spectral analysis identifies sites of high-
frequency activity maintaining atrial fibrillation in humans,”
Circulation, vol. 112, no. 6, pp. 789-97, Aug 9, 2005.

[3] V. B Traykov, R. Pap, and L. Saghy, “Frequency domain
mapping of atrial fibrillation-methodology, experimental
data and clinical implications,” Current Cardiology
Reviews, vol. 8, no. 3, pp. 231-238, 2012.

[4] J. Merino Llorens, S. Kim, M. Martinez Cossiani, J. Relan,
M. San Roman, S. Castrejon Castrejon, M. Jauregui
Abularach, L. Guido Lopez, D. Merino, and C. Escobar
Cervantes, “Systematic identification of low voltage-high
frequency electrogram zones at sites of left atrial reentrant
tachycardia  termination,” Europace, vol. 25, no.
Supplement_1, pp. euad122. 757, 2023.

[5] W. Chen, J. Zhuang, W. Yu, and Z. Wang, “Measuring
complexity using FuzzyEn, ApEn, and SampEn,” Med Eng
Phys, vol. 31, no. 1, pp. 61-8, Jan, 2009.

[6] T. P. Almeida, D. C. Soriano, M. Mase, F. Ravelli, A. S.
Bezerra, X. Li, G. S. Chu, J. Salinet, P. J. Stafford, G. Andre
Ng, F. S. Schlindwein, and T. Yoneyama, “Unsupervised
classification of atrial electrograms for electroanatomic
mapping of human persistent atrial fibrillation,” IEEE Trans
Biomed Eng, vol. 68, no. 4, pp. 1131-1141, Apr, 2021.

[7] C. Park, C. C. Took, and J. K. Seong, “Machine learning in
biomedical engineering,” Biomed Eng Lett, vol. 8, no. 1, pp.
1-3, Feb, 2018.

[8] T. P. Almeida, X. Li, B. Sidhu, A. S. Bezerra, M. Ehnesh, I.
Anton, I. A. Nasser, G. S. Chu, P. J. Stafford, and T.
Yoneyama, “Dominant Frequency and Organization Index
for Substrate Identification of Persistent Atrial Fibrillation,”
Computing in Cardiology, vol. 48, pp. 1-4, Jan 10, 2021.

[9] J. L. Salinet, J. H. Tuan, A. J. Sandilands, P. J. Stafford, F.
S. Schlindwein, and G. A. Ng, “Distinctive patterns of
dominant frequency trajectory behavior in drug-refractory
persistent atrial fibrillation: preliminary characterization of
spatiotemporal instability,” J Cardiovasc Electrophysiol,
vol. 25, no. 4, pp. 371-379, Apr, 2014.

[10]M. Barandas, D. Folgado, L. Fernandes, S. Santos, M.
Abreu, P. Bota, H. Liu, T. Schultz, and H. Gamboa,
“TSFEL: Time Series Feature Extraction Library,”
SoftwareX, vol. 11, 2020.

[11]J. L. Salinet, Jr., J. P. Madeiro, P. C. Cortez, P. J. Stafford,
G. A. Ng, and F. S. Schlindwein, “Analysis of QRS-T
subtraction in unipolar atrial fibrillation electrograms,” Med
Biol Eng Comput, vol. 51, no. 12, pp. 1381-91, Dec, 2013.

[12]1. Guyon, and A. Elisseeff, “An introduction to variable and
feature selection,” Journal of machine learning research,
vol. 3, no. Mar, pp. 1157-1182, 2003.

[13]D. Nettleton, "Selection of Variables and Factor
Derivation," Commercial Data Mining, pp. 79-104, 2014.
[14]A. Gupta, “Feature Selection Techniques in Machine
Learning,”.https://www.analyticsvidhya.com/blog/2020/10/f
eature-selection-techniques-in-machine-learning/. Accessed

11 November 2023.

[15]“Testing and Reporting Performance Results of Cardiac
Rhythm and ST Segment Measurement Algorithms,”
ANSI/AAMIECS7. Arlington, VA, USA: Assoc. Advancement
Med. Instrum, 2012.

[16]J. Salinet, J. Marques, J. Madeiro, A. Salinet, G. A. Ng, and
F. S. Schlindwein, “Nonlinearity characterization and
entropy analysis of intracardiac atrial electrogram signals,”
XXIV Congresso Brasileiro de Engenharia Biomédica —
CBEB, pp. 1781-1784, 2014.

Address for correspondence:
Noor Qaqos

School of Engineering
University of Leicester, UK
nng2@leicester.ac.uk

Page 4


mailto:nnq2@leicester.ac.uk

