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Abstract can be treated with antiarrhythmic drug therapies. Non-
pharmacological treatments include surgical and catheter-
This study aimed to assess an early classification of based therapies to prevent recurrence of AF in certain in-
paroxysmal and persistent atrial fibrillation (AF) episodes dividuals. Nowadays, it is not possible to differentiate
by means of the surface ECG on a heterogeneous cohort ofhe different subtypes of AF by directly observing the
patients (in terms of antiarrhythmic treatment and state of ECG. Thus, there are many references in the state-of-the-
evolution of the arrhythmia), which is similar to the context art which detect and classify AF episodes by means of
that clinicians find at tertiary centres in their daily work.  the ECG, since the Computers in Cardiology Challenge of
129 consecutive unselected patients suffering from an2004 [2] was set out. Other relevant references are [3], [4]
AF episode conformed the study population (23 paroxys-and [5], [6], which employ different features and analysis
mal and 106 persistent). Modulus and phase features ex-for classification.
tracted from several time-frequency transforms of the ECG  Unfortunately, there is still a lack of a classification
were studied, and it was phase variations which arose as method able to perform well with heterogeneous cohorts of
determinant providing the best classification results us- patients treated with different pharmacological or surgical
ing a Linear Discriminant Analysis classifier trained with therapies [7]. Hence, in this paper we present a study to ad-
20 signals. Obtained performances for the latter feature dress this problem and find a relevant feature for AF clas-
were: Accuracy = 83.5% (total correct classifications), sification. Therefore, our objective is to provide a tool that
Sensitivity = 78.6% (paroxysmal AF episodes correctly could help electrophysiologists to choose the most suitable
classified), Specificity = 84.2% (persistent subjects prop- therapy for each subject, depending whether he presents a
erly classified). This results would aid electrophysiolo- paroxysmal or a persistent AF episode.
gists to choose and prescribe the most suitable treatment
to lower recurrence and stop the natural progression of 2. Materials

the arrhythmia in general scenarios.
129 consecutive unselected patients (23 paroxysmal and

] 106 persistent) suffering from an AF episode and whose
1. Introduction ECG was acquired in a tertiary center conformed the study
population. They included first episodes of AF, and recur-
Atrial fibrillation (AF) is the most common cardiac rent AF with different pharmacological or electrical car-
arrhythmia [1] in clinical practice. It is characterized djoversion treatments, which provide a heterogeneous co-
by rapid, disorganized propagation of electrical signals hort of patients to carry out the study. AF episodes were
through the atria. In AF, the atria and ventricles do not defined according to the current guide"nes [1, 8] Dura-
longer beat in a coordinate way, creating a fast and irregu-tion of ECG segments was 5 seconds, which is a common

lar heart rhythm. duration for6 x 2 printout displays [9].
AF patients can be classified as paroxysmal (who
present self-terminating episodes within 7 days), persistent3, Methods

(recurrent episodes which are unlikely to self-terminate

and require cardioversion), and permanent (patients where3 1, Time-frequency transforms

cardioversion is unsuccessful and sinus rhythm can not be

restored) [1]. Although the Fourier Transform has been extensively
So as to slow the heart rate to normal ranges, AF used for ECG signal analysis, it is not able to provide in-
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formation on the spectral content along time. This way, each segmentin order to conform the time-frequency spec-
time-frequency transforms overcome this drawback, sincetrum.
ECG is a non-stationary signal (i.e. its frequency content Due to the uncertainty principle, it is not possible to pro-
varies with time) and it is also known that AF presents vide good time and frequency resolution simultaneously
time-dependent properties [10]. Below are detailed someusing a fixed size of window. This is the main drawback of
of the most popular time-frequency transforms used for this transform, which will be address in this study by the
biomedical signal analysis studied in this paper. use of the Stockwell transform (able to provide progressive
resolution by an frequency-adaptive size of window).
3.1.1. Wigner-Ville
3.1.4. Stockwell Transform
The Wigner-Ville distribution introduced in [11] is de-
fined as The Stockwell Transform (ST) was presented in 1996
[15] to provide a tool able to combine the desirable prop-
erties of globally referenced phase with progressive reso-

Wi (r,v) = /OO Flr+t/2)F (1 —t/2)e 2™ dt (1) lution. The ST of a signaf is defined as

wherex represents the complex conjugate [12]. In order to
avoid interference between positive and negative regions
of the spectrum, the associated analytic signal

SN = [ aolele =) s ar, (6)

where gy denotes a Gaussian window. It can be seen as
2(1) = f(r) +iH[f (7)) (2) a STFT where the window length varies depending on the
frequency. However, the main disadvantage of this trans-
is used, wheréZ[f(7)] is the Hilbert transform of the sig-  form is related to its very high computational cost and
nal f(7). The benefits of using this transform include memory requirements. Fortunately, an efficient fast and
that it is energy conservative, it gives good time and fre- non-redundant implementation based on a dyadic scheme
quency resolution, and it can be efficiently implemented was described in 2010 [16], which is known as as General
[13]. Nevertheless, unwanted cross-product terms appeafourier-family Transform (GFT). Thus, we have used this
due to the non-linearity. implementation in the results presented in this study.

3.1.2. Choi-Williams 3.2. Feature extraction

Choi and Williams proposed the use of a kernel able to  Once baseline and powerline noise have been removed
minimise cross-terms of the Wigner-Ville transform rather from the ECG signals, we proceed to analyze those signals
than smoothing them [14]. This transform is defined as:  and extract their relevant features. We applied the different

time-frequency transforms to each ECG and extracted, for
those frequencies below 16Hz, variations of modulus and

Cr(r,v) = 2/00 /OO Vo e—vio/(16t%) phase along the time axis.
£ . . .
—oo /oo 4V/T1] For this purpose, we previously normalized each
t, .. . _ionut time-frequency transform to the range [0-1]. If
frtos E)f (r+v- 5)6 dvdt (3) {241, 22, ..., zgn} denote the normalized values of the

transformed ECG leads for frequengwlong theN sam-
ples of the time axis, we considgt. " r; and> 1 ;" |6;]
as modulus and phase variations, respectively, for adja-
cent time samples denoted by the indewherer,e!?: =
Rft+1 = Zf ¢t

Then, we normalized by the mean number of R peaks
which each ECG signal contains, to address the interpa-
tient heartbeat rate variability.

F(T,V):[ fw (t—7)e ™t (4)  3.3. Classification

whereo is a constant named kernel width that controls the
resolution and the cross-product terms diminution.

3.1.3. Short-Time Fourier Transform

The Short-Time Fourier Transform (STFT) of a sigifial
is defined as

wherew is the window centered at time Thus, this trans- In this study we propose to use a Linear Discriminant
form divides the signal into segments and multiplies each Analysis (LDA) classifier due to its low computational re-
one by a window. Then, Fourier transform is applied to quirements. LDAs are based on maximizing the Fisher’s
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linear discriminant (i.e. the ratio of the between-class-vari for Wigner-Ville and Choi-Williams time-frequency trans-

ance to the within-class variance), so as to maximal sepaforms, since they are always real-valued and not phase-

rability between classes is obtained. referenced.

Therefore, dimensionality is reduced by projecting fea-

ture vectors to its most discriminative directions. Fisher Table 1. Classification results for the test data set with fea-

discriminant finally finds the line that best separates thesetures obtained using different time-frequency transforms.

vectors, guaranteeing maximal separation between classedvod. refers to modulusyar. to variationsBothrefers to
modulus and phase variations. STFT has been obtained by

4. Results using a Gaussian window of size 256 samples.

As above-said, our dataset consisted of 129 electrocar-

diograms of AF episodes. Patients corresponded to an het Wi
: igner-

erogeneous group, who has been treated with several an- Ville
tiarrhythmic therapies. There were 23 episodes of parox-
ysmal AF and 106 episodes of persistent AF. Choi-

As there were much more paroxysmal than persistent Williams Mod. var 0596 0571 0.600
patients, the leaving-one-out technique was not appropri- B ' ' '
ate. Therefore, the dataset was divided into two groups, STET
one for training the classifier, and the other one for testing. Mod. var 0.633 0571 0.642
We first trained the LDA classifier using 20 signals, and Phaée va.lr 0 716 0 929 0 684
then test was performed with the rest of the 109 patients Both var. ' 0.%16 0.§29 0.684

Features Acc. Sensitiv. Specific.

Mod. var.  0.532  0.786 0.494

(14 paroxysmal and 95 persistent). GFET
The LDA classifier was trained to maximize the global Mod. var, 0624 0571 0.632
accuracy (i.e. proportion of correctly classified patients): Phasevar 0835 0786 0.842
TP Both var. 0.807 0.643 0.832
ACC = ———— (6)
TP+ FP

whereT P (true positives) is the number of paroxysmal  Best classification percentages (around 83% in accu-
and persistent patients correctly classified, wheré#s racy, with similar sensitivity and specificity measures)
is the number of paroxysmal and persistent patients erro-are obtained when using as features the phase variations,
neously classified. for the efficient and non-redundant implementation of the

We also provide sensitivity and specificity performances Stockwell Transform (this is the GFT, figures emphasized
(proportion of paroxysmal and persistent patients correctly in Table 1). This may be due to the high significance of the

classified, respectively), which are defined as: phase [17], which makes that performances drop signifi-
cantly when only modulus variations are used as features.
Sensitivity = Thya ) Therefore, AF episodes can be mostly correctly classi-
TPy + FPpe fied just using the variations of phase for the different fre-
TP guencies that correspond to the relevant part of the spec-
Specificity = —— L (8) trum in AF (below 16Hz). We obtain good classification
TPpe + Fhpa results despite the drawbacks of the heterogeneous dataset

whereT P,, andT P, are the paroxysmal and persistent of patients and the unbalanced number of episodes of each
segments correctly classified, wheréaB,, are the parox-  clinical AF subtype.
ysmal segments which are classified as persistent, and
FP,. are the persistent segments which are erroneously5, Conclusions
classified as paroxysmal.

Table 1 shows performances and classification results In this paper we have presented a study that points to
for the test dataset (i.e. results obtained by excluding thephase information of time-frequency transforms as rele-
training signals, only taking into account the test signals) vant feature to classify paroxysmal and persistent atrial
for the different time-frequency transforms. fibrillation episodes. A comparison between the most rele-

It can be observed that best performances are obtainedrant time-frequency transforms for biomedical signal pro-
when using the phase variations obtained along the timecessing is presented to evince this fact, and results are pre-
axis for frequencies below 16Hz, whereas results aresented on a cohort of patients with different treatments,
much worse when just the modulus variations are useddifferent state of progression of the arrhythmia, and sev-
as features. Thus, the worst performances are obtaineckral of them with other comorbidities.
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Future work will focus on improving results and enlarge [8]
the duration and number of signals available in the dataset,
even increasing, if possible, the heterogeneity of the sub-
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