
Atrial Fibrillation Classification Method for Patients with Different
Pharmacological or Surgical Therapies

Nuria Ortigosa1, Antonio Galbis2, Carmen Fernández2, Guillermo Ayala3, Óscar Cano4, Ana Andrés4
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Abstract

This method aimed to assess electrophysiologists to
choose the most suitable therapy for patients suffering
from atrial fibrillation (AF), depending on whether a
paroxysmal or persistent episode is presented. Since the
surface ECG masks the differentiation between subtypes
of AF, an early detection of paroxysmal episodes allows a
clinically preventive treatment to stop recurrence and the
natural progression towards persistent AF.

Features of the General Fourier-family time-frequency
transform were used as inputs of a Linear Discriminant
Analysis classifier. Accuracy, sensitivity and specificity
were measured to evaluate performance.

AF episodes are mostly correctly classified, having into
account that, from a clinical point of view, it is more impor-
tant to detect almost every paroxysmal episode than vicev-
ersa, in order to stop the progression of these patients to-
wards persistent AF.

1. Introduction
Atrial fibrillation (AF) is the most common cardiac ar-

rhythmia [1]. It is characterized by rapid, disorganized
propagation of electrical signals through the atria. In AF,
the heart’s electrical signals begin in any part of the atria or
nearby pulmonary veins (instead of beginning in the sinoa-
trial node). Thus, the atria and ventricles do not longer
beat in a coordinate way, creating a fast and irregular heart
rhythm. AF patients can be classified as paroxysmal (who
present self-terminating episodes within 7 days), persistent
(recurrent episodes which are unlikely to self-terminate
and require cardioversion), and permanent (patients where
cardioversion is unsuccessful and sinus rhythm can not
be restored) [1]. So as to slow the heart rate to normal
ranges, AF can be treated with antiarrhythmic drug ther-
apies. Non-pharmacological treatments include surgical
and catheter-based therapies to prevent recurrence of AF
in certain individuals. As stated above, it is not possible

to differentiate the different subtypes of AF by directly
observing the surface electrocardiogram. Thus, there are
many references in the state-of-the-art which detect and
classify AF episodes by means of the ECG. For exam-
ple, all participants in Computers in Cardiology Challenge
2004 [2]. Other relevant references are [3], [4] and [5],
which employ different features and analysis for classifi-
cation. However, there is still not a classification method
which can be able to perform well across diverse groups of
patients treated with different pharmacological or surgical
therapies [6]. Thus, in this paper we present a classifica-
tion method which works with an heterogeneous group of
patients, so as to help the electrophysiologist to choose the
most suitable therapy for each subject, depending whether
he presents a paroxysmal or a persistent AF episode.

2. Materials
76 consecutive unselected ECG AF signals of a tertiary

center (15 paroxysmal and 61 persistent) conformed the
study population (including first AF episodes, and recur-
rent AF with pharmacological or electrical cardioversion
treatments). AF episodes were defined according to the
current guidelines [1, 7]. Duration of signals were 5 sec-
onds, which is a common duration of ECGs with 6 × 2
printout display. Pharmacological and surgical therapies to
manage each AF episode were left at the discretion of the
attending cardiologist. In particular, electric cardioversion
has been more frequently applied to persistent AF patients
than to paroxysmal ones.

3. Methods
3.1. Feature extraction

Once powerline and baseline noise has been removed
from the ECG signals, we proceed to analyze those sig-
nals and extract their relevant features. Papers presented
at 2004 Computers in Cardiology Challenge, showed
that analysis of the main components of frequency could
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be used as a differentiating element to distinguish non-
terminating from immediately or soon-terminating AF
episodes [2].

For example, [8] predicts the spontaneous termination
of AF by analyzing the peak frequency of the remainder
signal once QRST has been subtracted to cancel ventricu-
lar activity, whereas [9] calculates the major AF frequency
of atrial activity. However, it is known that atrial fibril-
lation presents time-dependent properties, which point to
time-frequency analysis as a more suitable tool for their
analysis [10].

When choosing a time-frequency transform, it is im-
portant to take into account its accuracy both in time and
frequency. We decided to use the General Fourier-family
Transform [11], since it combines progressive resolution
(i.e. good resolution for low frequencies and good tem-
poral resolution at high frequencies) with high computa-
tional efficiency (which is of paramount importance when
analyzing large segments of signal). We observed that to-
tal variations of the modulus of the General Fourier-family
transform along time could be used as a relevant feature
to distinguish persistent from paroxysmal AF episodes.
Electrocardiogram power spectrum is mostly concentrated
for frequencies that are below 60Hz [12]. Thus, we ex-
tracted features information for each relevant frequency
band along time. We noticed that patients under a parox-
ysmal AF episode presented lower total variation values
for all relevant frequency bands than patients under a per-
sistent episode, regardless of whether they were under any
pharmacological or surgical therapy.

3.2. Classification
Linear Discriminant Analysis (LDA) classifiers seek to

reduce dimensionality of the data and preserve most of
the class discriminatory information. This is done by per-
forming the projections of feature vectors and defining a
measure of separation between the projections. LDA ob-
jective is to maximize the ratio between-class variance to
the within-class variance to guarantee maximal separabil-
ity between classes.

One of the most important LDA advantages is the fact
that it does not require multiple iterations over the data for
optimization. Therefore, it presents a low computational
cost. So, we chose this classifier to perform the presented
first approach.

4. Results
As above-said, our dataset consists of 76 electrocardio-

grams of AF episodes. Patients correspond to an heteroge-
neous group, who has been treated with different pharma-
cological and surgical therapies. There were 15 episodes
of paroxysmal AF and 61 episodes of persistent AF.

This unbalanced data hampers to train using the leaving-
one-out technique (classify each patient when the rest of

the patients have been used as training data). So, the
dataset was divided into two groups. We first trained the
LDA classifier using 15 signals (6 paroxysmal and 9 per-
sistent), and then test was performed with the rest of the 61
patients (9 paroxysmal and 52 persistent).

In our case, as our dataset contains signals from a very
heterogeneous group (in which many patients also present
other cardiac illnesses), a random choice of signals to train
the classifier is not a good option. Thus, for the train-
ing process, we have selected AF episodes that behave as
“clinical models” for each subtype of AF.

The LDA classifier has been trained to maximize the
global accuracy (i.e. proportion of correctly classified pa-
tients):

ACC =
TP

TP + FP
(1)

where TP (true positives) is the number of paroxysmal
and persistent patients correctly classified, whereas FP
is the number of paroxysmal and persistent patients erro-
neously classified.

Classification performance was also measured by speci-
ficity (proportion of persistent patients correctly classified)
and sensitivity (proportion of paroxysmal patients properly
classified, also known as recall). They are defined as:

Specificity =
TPpe

TPpe + FPpa
(2)

Sensitivity =
TPpa

TPpa + FPpe
(3)

where TPpa and TPpe are the paroxysmal and persis-
tent segments correctly classified, respectively. FPpa are
the paroxysmal segments which are classified as persistent,
whereas FPpe are the persistent segments which are erro-
neously classified as paroxysmal.

Table 1 shows performances and classification results
for the whole dataset (i.e. including training and testing
signals) and results only taking into account the test sig-
nals. Of the 61 testing patients (9 paroxysmal and 52 per-
sistent), 43 were correctly classified (7 paroxysmal and 36
persistent). Obtained performances were: accuracy 70%,
specificity 69%, and sensitivity 78%.

According to this results, we can see that AF episodes
are mostly correctly classified. In addition, we have to re-
mark that, in terms of clinical practice, it is more important
to avoid classifying a paroxysmal AF episode as persistent
than viceversa, since being able to detect subjects suffer-
ing from paroxysmal AF can help electrophysiologists to
stop natural progression towards persistent AF by means
of surgical ablation.

Thus, although our data set is unbalanced and this could
have biased the results, similar performances for accuracy
and both Specificity and Sensitivity show that our method
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could be used by physicians as an aid to choose the most
suitable therapy for each patient.

Table 1. Classification results. Whole dataset shows per-
formances for both training and testing signals, whereas
Test set shows performances without taking into account
signals used to train the classifier.

Accuracy Specificity Sensitivity
Whole dataset 0.7237 0.7213 0.7333
Test set 0.7049 0.6923 0.7778

5. Conclusions

In this paper we have presented a method to classify
paroxysmal and persistent atrial fibrillation episodes. It
is based on time-frequency analysis of short segments of
surface electrocardiograms. Extracted features are classi-
fied using a Linear Discriminant Analysis classifier. The
dataset is composed by an heterogeneous group of pa-
tients, including first AF episodes and patients under dif-
ferent pharmacological and surgical therapies. Although
the dataset used for training and testing is unbalanced, test
results show good performances both for Sensitivity and
Specificity parameters.

Future work will focus on improving results and enlarge
signals available in the dataset, but maintaining the hetero-
geneity of the subjects.

Acknowledgments

This work was supported by grants MTM2010-15200
(from the Spanish Ministry of Economy and Competitive-
ness) and UPV-IIS La Fe, 2012/0468.

References

[1] Fuster V, Rydén L, Cannom D, Crijns H, Curtis A, El-
lenbogen K, Halperin J, Heuzey JL, Kay G, Lowe J, Ols-
son S, Prystowsky E, Tamargo J, Wann S, Smith S, Ja-
cobs A, Adams C, Anderson J, Antman E, Halperin J,
Hunt S, Nishimura R, Ornato J, Page R, Riegel B, Priori
S, Blanc J, Budaj A, Camm A, Dean V, Deckers J, Despres
C, Dickstein K, Lekakis J, McGregor K, Metra M, Morais
J, Osterspey A, Tamargo J, Zamorano J. Acc/aha/esc
2006 guidelines for the management of patients with atrial
fibrillation: a report of the american college of cardiol-
ogy/american heart association task force on practice guide-
lines and the european society of cardiology committee for
practice guidelines (writing committee to revise the 2001
guidelines for the management of patients with atrial fibril-
lation): developed in collaboration with the european heart
rhythm association and the heart rhythm society. Circula-
tion August 2006;114(7):e257–e354.

[2] Moody G. Spontaneous termination of atrial fibrillation:
A challenge from physionet and computers in cardiology.
Computers in Cardiology 2004;31:101–104.

[3] Alcaraz R, Sandberg F, Sörnmo L, Rieta J. Classification of
paroxysmal and persistent atrial fibrillation in ambulatory
ecg recordings. IEEE Transactions on Biomedical Engi-
neering May 2011;58(5):1441–1449.

[4] Sandberg F, Stridh M, Sörnmo L. Frequency tracking
of atrial fibrillation using hidden markov models. IEEE
Transactions on Biomedical Engineering February 2008;
55(2):502–511.

[5] Nilsson F, Stridh M, Bollmann A, Sörnmo L. Predict-
ing spontaneous termination of atrial fibrillation using the
surface ecg. Medical Engineering Physics October 2006;
28(8):802–808.

[6] Sahoo S, Lu W, Teddy S, Kim D, Feng M. Detection
of atrial fibrillation from non-episodic ecg data: a review
of methods. International Conference IEEE Engineering
in Medicine and Biology Society, September 2011; 4992–
4995.

[7] Wann L, Curtis A, January C, Ellenbogen K, Lowe J, Estes
N, Ezekowitz M, Slotwiner D, Jackman W, Stevenson W,
C.M Tracy; 2011 Writing Group Members VF, Rydén L,
Cannom D, Heuzey JL, Crijns H, Lowe J, Curtis A, Olsson
S, Ellenbogen K, Prystowsky E, Halperin J, Tamargo J, Kay
G, L. Wann; 2006 Writing Committee Members AJ, Ander-
son J, Albert N, Hochman J, Buller C, Kushner F, Creager
M, Ohman E, Ettinger S, Stevenson W, Guyton R, Tark-
ington L, Halperin J, Yancy C. 2011 accf/aha/hrs focused
update on the management of patients with atrial fibrilla-
tion (updating the 2006 guideline): a report of the ameri-
can college of cardiology foundation/american heart asso-
ciation task force on practice guidelines. Circulation 2011;
123(1):104–123.

[8] Xi Q, Shkurovich S. Prediction of spontaneous termination
of atrial fibrillation in surface ecg by frequency analysis.
Computers in Cardiology 2004;31:113–116.

[9] Hayn D, Edegger K, Scherr D, Lercher P, Rotman B, Klein
W, Schreier G. Automated prediction of spontaneous termi-
nation of atrial fibrillation from electrocardiograms. Com-
puters in Cardiology 2004;31:117–120.

[10] Rieta J, Alcaraz R. Applications of Signal Analysis to Atrial
Fibrillation. Intech, 2013.

[11] Brown R, Lauzon M, Frayne R. A general description
of linear time-frequency transforms and formulation of a
fast, invertible transform that samples the continuous S-
transform spectrum nonredundantly. IEEE Transactions of
Signal Processing January 2010;58(1):281–290.

[12] Sörnmo L, Laguna P. Bioelectrical Signal Processing in
Cardiac and Neurological Applications. Elsevier Academic
Press, 2005.

Address for correspondence:
Nuria Ortigosa
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