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a b s t r a c t 

Background and Objective: Paroxysmal Atrial Fibrillation (PAF) is one of the most common major cardiac 

arrhythmia. Unless treated timely, PAF might transform into permanent Atrial Fibrillation leading to a 

high rate of morbidity and mortality. Therefore, increasing attention has been directed towards prediction 

of PAF, to enable early detection and prevent further progression of the disease. Notwithstanding the 

pharmacological and electrical treatments, a validated method to predict the onset of PAF is yet to be 

developed. We aim to address this issue through integrating classical and modern methods. 

Methods: To increase the predictivity, we have made use of a combination of features extracted through 

linear, time-frequency, and nonlinear analyses performed on heart rate variability. We then apply a novel 

approach to local feature selection using meticulous methodologies, developed in our previous works, 

to reduce the dimensionality of the feature space. Subsequently, the Mixture of Experts classification is 

employed to ensure a precise decision-making on the output of different processes. In the current study, 

we analyzed 106 signals from 53 pairs of ECG recordings obtained from the standard database called 

Atrial Fibrillation Prediction Database (AFPDB). Each pair of data contains one 30-min ECG segment that 

ends just before the onset of PAF event and another 30-min ECG segment at least 45 min distant from 

the onset. 

Results: Combining the features that are extracted using both classical and modern analyses was found 

to be significantly more effective in predicting the onset of PAF, compared to using either analyses inde- 

pendently. Also, the Mixture of Experts classification yielded more precise class discrimination than other 

well-known classifiers. The performance of the proposed method was evaluated using the Atrial Fibrilla- 

tion Prediction Database (AFPDB) which led to sensitivity, specificity, and accuracy of 100%, 95.55%, and 

98.21% respectively. 

Conclusion: Prediction of PAF has been a matter of clinical and theoretical importance. We demonstrated 

that utilising an optimized combination of — as opposed to being restricted to — linear, time-frequency, 

and nonlinear features, along with applying the Mixture of Experts, contribute greatly to an early detec- 

tion of PAF, thus, the proposed method is shown to be superior to those mentioned in similar studies in 

the literature. 

© 2018 Elsevier B.V. All rights reserved. 
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. Introduction 

Electrocardiography (ECG) detects, measures, and records the

lectrical activity of the heart. Most of cardiac diseases are known

o have associations with short term, i.e. beat-to-beat, or long term

hanges of the rhythm of cardiac excitation. Therefore, analyzing
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characteristic changes in ECG signals allows for diagnosing differ-

ent heart disorders. 

Among the most common cardiac arrhythmia in the general

population is Atrial fibrillation (AF). Although not immediately life-

threatening itself, secondary complications, especially thromboem-

bolism, can imply dramatic consequences and pose a major risk of

stroke to such an extent where about 15% of strokes occur in peo-

ple with AF [1] . In the United States alone, AF affects an estimated

2.2 million people, with an increased incidence in the elderly pop-

ulation [2] The risk of stroke, resulted from thrombus formation

in the heart’s poorly contracting chambers, is increased fivefold in

patients with AF, and the risk of death is almost doubled [3,4] . As

catastrophic as the end results could be, there is still evidence that

suggests atrial fibrillation remains undetected in up to 40% of pa-

tients [5–7] . Increasing with age, the prevalence of AF is 0.5% for

the group aged 50–59 years, and rises to approximately 10% in the

group aged 80–89 years [8] . 

In general, AF does not present a life threatening condition, can

occur without symptoms or, in many cases, may even stay unno-

ticed for a while. Nevertheless, it is often associated with a high

risk of cardiovascular morbidity and mortality [9] . The aim of ther-

apy is to prevent stroke and regain sinus rhythm [10] , however,

prevention and treatment of AF is still far from satisfactory. 

Clinically, AF presents itself in different forms, commonly start-

ing as paroxysmal, and becoming more persistent with time.

Paroxysmal AF (PAF) refers to attacks of AF which last from 2 min

to less than 7 days and spontaneously revert to normal sinus

rhythm, i.e. is self-terminating. Permanent AF, on the other hand,

lasts more than 7 days while sinus rhythm cannot be restored or

maintained, i.e. is non-terminating. Chronic AF may be the end re-

sult of PAF in about 30% of the group of PAF patients [11,12] . 

About 18% of PAF evolve to permanent AF over a course of 4

years [10] . Since there is rarely an impulse in a PAF patient heart

which is able to depolarize the atria, some distorted small waves

might be observed instead of a normal P-wave. As paroxysmal

atrial fibrillation may finally become a critical disease which re-

sults in heart strokes and thromboembolisms. A major benefit of

automatic detection of patients suffering from PAF is the ability to

develop a preliminary time and cost effective screening procedure

during a short-time visit to clinics [13] . The maintenance of sinus

rhythm can lead to decreased symptoms and possibly a decrease in

the atrial remodeling that causes increased susceptibility to future

episodes of PAF [14] . In addition, there may be a reduction in the

risk of strokes and thromboembolic events. Although Pharmacolog-

ical or electrical treatments are available, there is still a need for

a reliably validated method for predicting the onset of PAF. Older

age is traditionally believed to be the strongest predictor for the

development of AF [15,16] . Over the last decades, several studies

have focused on finding algorithms able to predict PAF through

the analysis of surface electrocardiographic (ECG) records. Such re-

searches can mainly be classified into premature atrial complexes

(PAC) detection, and heart rate variability (HRV) analysis. Since ap-

proximately 93% of PAF episodes are triggered by PACs [17] , several

methods proposed in the literature use the first method, i.e. detec-

tion of PACs, as a means to predict PAF. Zong et al. [18] studied the

number and timing of PACs in the ECG episodes. Having detected

PACs in 30-min ECG segments from Atrial Fibrillation Prediction

Database (AFPDB), they revealed that not only the number of PACs

increases in episodes preceding PAF, but also these complexes oc-

cur mostly towards the end of the episodes. They achieved a sen-

sitivity of 79% for predicting the onset of PAF. Thong et al. [19] de-

veloped an algorithm based on a predictor that used three criteria:

the number of isolated PACs that are not followed by a regular RR

interval, runs of atrial bigeminy and trigeminy, and the length of

any short run of paroxysmal atrial tachycardia. They showed that
t

n increase in activity detected by any of these three criteria is an

ndication of an imminent episode of PAF. 

Alternatively, HRV analysis has been applied as another basis

or prediction-oriented studies. Lynn and Chiang [20] proposed an

lgorithm predicated on non-linear features calculated from return

ap and difference map of HRV signal, which was reported to have

cquired a sensitivity of 64%. Yang and Yin [21] developed a sym-

olic dynamic approach, known as Footprint analysis, to investigate

eart rate dynamics before PAF attacks. Vikman et al. [22] calcu-

ated the approximate entropy (ApEn) and short term scaling ex-

onent α1 of HRV over 20-min periods and concluded that a re-

uced complexity of RR interval dynamics and altered fractal prop-

rties usually precede the onset of PAF, as indicated by decreasing

alue of ApEn and α1 . Chesnokov et al. [13] combined complexity

nd spectral analysis of the 30-min HRV segment from AFPDB and

oticed statistically significant increase in the very low frequency

VLF) band, low frequency (LF) band and high frequency (HF) band

or the records immediately before PAF compared to distant ones,

ut LF/HF ratio did not discriminate these two groups with statis-

ical significance. What also came to their attention was that com-

lexity features like ApEn, sample entropy (SmEn) and their mul-

iscale versions exhibit smaller values in episodes preceding PAF

ompared to distant ones. 

Over the years, several other researches have been conducted

n attempts to increase the prediction time as well as improving

he quality and effectiveness of the prediction procedure with the

id of classifiers and feature extraction methods regarding different

rocessing domains, although the reported results do not necessar-

ly include the interpretation of clinical signs. 

What is more is that the studies in the field of PAF predic-

ion through classification have not yet presented markers that can

lassify the classes in an accurate and a precise manner. In fact,

 major challenge in such studies is that they are mainly focused

n certain features from one or two processing domains in par-

icular. We, however, have come to realize that the combination

f informative features from all processing domains encapsulates

he advantages of each domain, and can therefore be regarded as

 Golden Package, yielding the best possible result. With that in

ind, we aim to present the best combination of features, that

s the optimal combination of suitable markers which are elicited

rom different processing domains and can be compatible with the

roposed classifier. In other words, we seek to achieve the best re-

ults through using the optimized combination of suitable markers

s well as using effectual classifiers. 

It should be noted that the current study does not seek to once

gain define applicable and effective features for detection and

rediction of PAF, as there has already been adequate discussion

ddressing feature extraction in our previous works and other re-

ent studies. What seems to be lacking attention is the need for

n appropriate strategy to manage the extracted features to such

n extent that the best separability is presented. To this end, de-

loying a suitable tactic to select extracted features could bring

bout outstanding results for prediction of the spontaneous onset

f PAF. We have accordingly, applied a novel and automated ap-

roach to Local Feature Subset Selection with the assistance of the

ost rigorous methodologies, which have formerly been developed

n previous works of our team, for extracting features from nonlin-

ar, time-frequency and classical processes. The proposed methods

nable us to select features that differ from one another in each

-min before the PAF through the agency of selecting optimal fea-

ures in each 5-min interval of the signal as an episode. 

Furthermore, as done in previous studies, having extracted the

RV signal from the ECG and divided the signal into 5-min inter-

als, linear features were elicited, and Wigner Ville transform was

pplied to extract Time-Frequency, and thereupon, non-linear fea-

ures [23–27] . 



E. Ebrahimzadeh et al. / Computer Methods and Programs in Biomedicine 165 (2018) 53–67 55 

Fig. 1. Block diagram of the proposed approach for prediction of PAF. 
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In the Material and Methods section, the best combination of

eatures is selected based on their ability to generate the highest

egree of differentiation between the two classes. This is accom-

lished through applying Local Feature Subset Selection for 5-min

ntervals. Employing the Mixture of Experts classification proceeds

o ensure precise decision-making on the output of different pro-

esses. By means of Multilayer Perceptron (MLP), K-Nearest Neigh-

or (KNN), Support Vector Machine (SVM) and Mixture of Expert

lassifiers, the two classes are ultimately separated. In the Result

ection, the outcome of the obtained prediction would be analyzed

nd compared to the results of similar studies. The most informa-

ive and effective f eatures would afterwards be presented accord-

ng to the highest accuracy of classification. Fig. 1 illustrates the

lock diagram of our approach for predicting the onset of PAF. 

. Material and methods 

.1. Dataset used 

In line with previous works in the literature [28–33] , 106 data

rom 53 pairs of ECG recordings (each pair is recorded from differ-

nt PAF patients) are obtained from the standard database called

trial Fibrillation Prediction Database (AFPDB) [34] . Each pair of

ata contains one 30-min ECG segment that ends just before the
nset of PAF event and another 30-min ECG segment at least

5 min distant from the onset. Each ECG segment contains two-

hannel traces from Holter recording with sampling rate of 128 Hz

nd 12-bit resolution. In this paper, the 5-min HRV segment that is

t least 45 min distant from PAF event is assigned a class label of

non-PAF”, while the HRV segment that immediately precedes PAF

vent is given a class label of “PAF”. Fig. 2 shows a sample of ECG

ignal of a person with PAF several seconds before the occurrence

f PAF. 

.2. Preprocessing 

At first, noise reduction is performed to have two major types

f noise removed; i.e. Baseline Wandering caused by the patient’s

espiration, which contains low frequency components and, Power

ine Interference, which contains high frequency components. To

emove the baseline drift, ECG signals of both healthy and patient

ubjects were filtered using a moving average filter. With the mov-

ng average filter, an array of raw (noisy) data [y1, y2, …, yN] can

e converted to a new array of smoothed data. The smoothing pro-

ess is similar to a low-pass filter response: 

y s = 

1 

2 N + 1 

N ∑ 

k = −N 

y ( i + k ) (1) 

In this equation, ys (i) is the smoothed value of the ith data

oint, and N denotes the number of data neighbors on each side of

s (i). The number 2N + 1 is usually used as the window size. We

pply a two-stage moving average filter on each ECG signal. First,

ignals pass through a moving average filter with a window size

f 1/3 signal length. Then, this pre-filtered signal moves through

 moving average filter with a window size of 2/3 signal length.

he drift of the signal will be removed by subtracting the output

f this filter from original data [35] . A median filter with a notch

lter is then used to remove the power line frequency [36] . The

edian filter is a nonlinear digital filter. The mathematical concept

f median is used to describe the middle of the data. The median

lter accordingly uses both past and future values for predicting

he current point. We can describe the operation of the median

lter as follows: 

 p ( n ) = median ( x ( n + M1 ) . . . .x ( n ) . . . x ( n − M2 ) ) (2) 

here: 

ed ian ( x 1 . . . x N ) = 

{
x ( N+1 

2 ) N od d 
1 
2 

x 
(

N 
2 

)
+ x 

(
N 
2 

+ 1 

)
N e v en 

(3) 

nd where x ( n ) is the n th smallest of values x 1 through x N . For

he notch filter, we use the following formula [39] : 

 k ( n ) = 

1 

2 

[ ( 1 + a 2 ) x ( n ) − 2 a 1 x ( n − 1 ) 

+ ( 1 + a 2 ) x ( n − 2 ) + a 1 y ( n − 1 ) − a 2 y ( n − 2 ) , (4) 

here: 

 1 = 

2 cos ( w 0 ) 

1+ tan ( �2 ) 

a 2 = 

1 −tan ( �2 ) 
1+ tan ( �2 ) 

(5) 

In Eqs. (3) and (4) , x(n) is the input signal and y k (n) is the out-

ut of the notch filter. ω0 and Ω are the notch frequency and 3-

B rejection bandwidth, respectively. We used filtered signals in

ll procedures. The Pan–Tompkins [40] algorithm is used for de-

ection of the QRS-complex, and especially the R wave, helping

s determine the RR-intervals and HRV signal (the RR-interval be-

ween two consecutive beats). After these processes, the HRV sig-

al is ready to have features extracted from it. Fig. 3 demonstrates

he extracted HRV signals of 5-min ECG segments from patients,

mmediately before PAF onset and distant ones. 
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Fig. 2. ECG signal of a person with paroxysmal atrial fibrillation. 
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When extracting features, our main focus, according to our re-

cent studies [23–27] , lies on eliciting 5 time, 4 frequency, 11 time-

frequency and 4 nonlinear features. 

2.3. Classical features analysis 

This stage focuses on classic linear features. A total number of 9

features are extracted including 5 features in the time domain and

4 in the frequency domain. 

2.3.1. Time-Domain features 

Statistical time-domain measures are divided into two classes: 

• Direct measurements of RR intervals 
• Measurements from the differences between RR intervals 

2.3.1.1. Direct measurements of RR intervals. These features include

two basic time domain variables that are calculated as: 

MNN : RR m = 

1 

N 

∑ 

RR (i ) (6)

SDNN = 

√ 

1 

N 

∑ 

( RR ( i ) − R R m 

) 
2 (7)

2.3.1.2. Measurements from the differences between RR intervals. 

• The square root of the mean of the squares of differences be-

tween adjacent RR Intervals (RMSSD). 

RMSSD = 

√ 

1 

N 

∑ 

( RR ( i + 1 ) − RR (i)) 
2 

(8)

• The standard deviation of differences between adjacent RR in-

tervals (SDSD). 

SDSD = 

√ 

1 

N 

n ∑ 

i=1 

(R R ( dif ) ( i + 1 ) − R R ( dif ) ) 
2 

(9)

RR = 

1 

N 

∑ 

( RR ( i + 1 ) − RR ( i ) ) (10)

RR ( dif ) = ( RR ( i + 1 ) −RR ( i ) ) (11)

• The proportion derived from dividing the number of interval

differences of RR intervals greater than 50 ms by the total num-

ber of RR intervals (PNN50) 

PNN 50 = 

[ RR ( i + 1 ) − RR ( i ) > 50 ms ] ( ) (12)

total R R ( dif ) b
.3.2. Frequency domain features 

For spectral analysis, we used power spectral density (PSD) es-

imate of the HRV signal. Spectrum features are able to discrimi-

ate between the sympathetic and parasympathetic contents of the

RV signal, which are affected before PAF attacks. It is generally

ccepted that the spectral power in the high frequency (HF) band

0.15–0.4 Hz) of the RR intervals reflects the respiratory sinus ar-

hythmia (RSA) and thus, cardiac vagal activity. On the other hand,

he low frequency (LF) band (0.04–0.15 Hz), is associated with the

aroreceptor control and is mediated by both vagal and sympa-

hetic systems [37] . The LF, HF, and VLF (Very Low Frequency)

ands PSD as well as the ratio of the LF and HF bands power spec-

ral density (LF/HF) are used as the frequency domain features of

he RR interval signal. The power spectral density (PSD), shown in

ig. 4 , was computed by Burg parametric method. 

.4. Time-Frequency domain analysis 

Among the various time-frequency methods, the Smoothed

seudo Winger Ville distribution (SPWVD) is preferred in this pa-

er. It provides better time frequency resolution than nonparamet-

ic linear methods, an independent control of time and frequency

ltering, and power estimates at lower variance with parametric

ethods when rapid changes occur [23–27,38] . 

The SPWVD of the discrete signal x (n) is defined by [53] . 

 ( n , m ) = 2 

N −1 ∑ 

k= −N+1 

| h ( k ) | 2 
M −1 ∑ 

p= −M+1 

g ( p ) r x ( n + p , k ) e −
j2 πkm 

N (13)

here n and m are the discrete time and frequency indexes, re-

pectively, h(k) is the frequency smoothing symmetric normed

indow of length 2 N 

∗1, g(p) is the time smoothing symmetric

ormed window of length 2 M 

∗1 and r x (n, k) is the instantaneous

utocorrelation function, defined as: 

 x ( n , k ) = x ( n + k ) . x ∗( n − k ) (14)

Fig. 5 shows the result of applying Wigner Ville transform to

he HRV signal. Then, according to studies [23–27,38] , 11 features

re extracted as follows: 

.5. Nonlinear analysis 

The complex non-stationary behavior of cardiovascular system

alls for a non-linear analysis to explore dynamic, non-linear fea-

ures as well as time-frequency features in HRV signal. With that in

ind, we have conducted two nonlinear analyses, which resulted

n extracting 8 different parameters of RR intervals, described as

elow [23–27] . 
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Fig. 3. The extracted HRV signal of 5-min ECG segment (a) distant from the onset of PAF (record n01 of AFPDB), and (b) immediately before the onset of PAF (record n04 of 

AFPDB). 
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.5.1. Poincare’ plot 

The Poincaré plot analysis is a geometrical and nonlinear quan-

itative method to assess the dynamics of HRV [54] . It is a two

imensional scatter plot in which RRn is plotted against RRn + 1

n = 1,. . .,N-1 and N : length of RR interval time series). From the

loud of points of this diagram, the following linear indices are cal-

ulated as proposed by Brennan et al. [39] : 

• SD1 [ms]: Standard deviation of the short-term RR interval vari-

ability (10) 
• SD2 [ms]: Standard deviation of the long-term RR interval vari-

ability (11) 
• SD1/SD2: Ratio of SD1 to SD2 [40] . 

SD 1 = 

√ 

variance 

(
N N n − N N n+1 √ 

2 

)
(15) 
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Fig. 4. The power spectral density of 5-min HRV segment (a) distant from the onset of PAF (record n01 of AFPDB), and (b) immediately before the onset of PAF (record t16 

of AFPDB). 
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[  

i  

i  
SD2 = 

√ 

variance 

(
N N n + N N n+1 √ 

2 

)
(16)

Fig. 6 shows the Poincar ́e plot of HRV of a non-PAF subject. 
.5.2. DFA analysis method 

Detrended Fluctuation Analysis (DFA), introduced by Peng et al.

41] , is a commonly employed method to quantify the fractal scal-

ng properties of time series. To conduct such an analysis, the RR

nterval time series is integrated as y(k) (k = 1,…,N with N—length
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Fig. 5. The Wigner Ville transform of the HRV signal (a) distant from the onset of PAF (b) immediately before the onset of PAF . 

MAX w , MIN w , DIF w , STD w , E vlf , E vf , E HF , F vlf , F vf , F HF , W dif . 
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Fig. 6. Poincare plot of the non-PAF subject HRV. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. An instance from different localities and features in tree representation. 
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of time series) and divided into equal and non-overlapping seg-

ments of length n. The local trend y n (k) in each segment is ob-

tained by least-squares fitting and subtracted from y(k). At last,

root-mean-square fluctuation values F(n) are calculated (12) , and

scaling exponents are estimated as the slope of the double-log plot

of F(n) against n [40] . 

F ( n ) = 

√ 

1 

N 

N ∑ 

K=1 

[ y ( k ) − y n ( k ) ] 
2 

(17)

2.5.3. Recurrence plot 

Recently, features like entropy and Lyapunov exponents have

gained increasing attention as they are considered to be appropri-

ate indices of time series. [42] . The RP is a tool for analysis that

was introduced in the late 1980s [43] . RP is a visualization (or a

graph) of a square matrix, in which the matrix elements corre-

spond to those times at which a state of a dynamical system recurs

(columns and rows correspond to a certain pair of times). Techni-

cally, the RP reveals all the times when the phase space trajectory

of the dynamical system roughly visits the same area in the phase

space. The RP is suitable for the analysis of physiological signals,

which are often nonstationary [44] . 

2.6. Local subset feature selection 

To reduce the feature space dimensionality, we have employed

one of the recent and successful feature selection methods called

Bandit [23,24] in which features are selected based on defined re-

gions in the feature space. 

Several methods have been proposed in the literature for fea-

ture selection most of which tend to select global features; i.e.,

they select a single subset of features for classification in the whole

sample space. Nevertheless, there might be cases in which differ-

ent subsets of features are the most informative ones for classifi-

cation in different parts of the sample space [45] . The proposed

method is premised on the idea of formulating the problem of

feature subset selection as a sequential decision-making problem

through the agency of feature trees. As mentioned, we are inter-

ested in partitioning the sample space into a number of localities

and selecting features for each of them. In this regard, in order to

profit from axis-aligned localities, as depicted in Fig. 7 , it is as-

sumed that the partitioning can be represented using a univariate

binary decision tree whose benefit is to ensure that the represen-

tation of the localities will depend only on a limited number of

features. 
A decision tree is typically comprised of two types of nodes;

plitting nodes, and leaf nodes. The former signifies a split in the

ample space and thus, have two children; the latter, on the other

and, is attributed to a single locality. It is worthwhile noting that

he decision boundary in splitting nodes is determined based on

he mean value of the corresponding feature over the training sam-

les corresponding to that sub-tree. 

In pursuance of local feature selection, the notion of decision

ree has been developed to obtain a unified model, known as the

eature tree, to represent both localities and corresponding se-

ected features. In this regard, another type of node is put forward

y the name of Feature Node which signifies a feature that is as-

igned to all of its descendant localities, and may have at most one

hild. Additionally, the concept of a Compound Locality is used to

efer to each sub-tree that corresponds to a set of neighbor locali-

ies. This representation facilitates the selection of similar features

or neighbor localities as they are known to be more likely to share

 number of features. (see Fig. 7 ). 

A feature node is represented by a circle with a single feature

nside, and a splitting node is depicted by a rectangle containing

 feature and a threshold. Localities are shown by leaves. The sub-

ree r i corresponds to the compound locality cl i which consists of

wo single localities. It should be noted that the mutual features of

eighbor localities are factored together in the parent feature node.

Applying a feature tree enables us to assign a training/ test

ample to a unique leaf. This will be achieved through attributing
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Fig. 8. Pseudo code of the function as a description of the foundation of feature 

selection. It demonstrates feature selection during Reinforcement Learning . 
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he sample to one of the descendants in the root repeatedly until

t is assigned to a leaf. Therefore, in each locality we accumulate a

ubset of training samples and a subset of features, i.e. the set of

eature nodes from the leaf to the root. In order to classify a test

ample, we first assign it to a locality based on the feature tree

nd subsequently classify it in the locality using the corresponding

eatures and training samples. 

Selecting suitable local features is, in this context, a matter of

aramount importance which requires us to adopt a criterion in

rder to compare different feature trees. We expect that the se-

ected features make the classification more convenient. In this re-

pect, the samples of different classes should be separable in the

ew space which is constructed by the selected features. One re-

lization of this requirement is a space where each sample and its

eighbors are likely to belong to the same class. Taking this into

onsideration, we assume S and ft to be the training set and the

eature tree respectively. Given ft and an arbitrary sample x, we

an find the subset of S that belongs to the same locality as x. Let

 ⊂ L(x, s, ft, k) be the k-nearest neighbors of x among the mem-

ers of this subset. The score, i.e. fitness, of ft with respect to the

raining set S is calculated as follows 

CORE ( f t ) = 

1 

K. | S | 
∑ 

x ∈ s 

∑ 

yεL ( x,s, f t,k ) 

{
1 l abel ( y ) = l abel ( x ) 

0 otherwise 
(18) 

here label (.) gives the label, i.e. the class, of a sample. 

It is noteworthy that, in this setting, each node of the tree is

quivalent to a state for the Reinforcement Learning (RL) machine.

his state consists of the sequence of nodes from the root to the

urrent node in the tree. The RL agent selects an action at every

tate it arrives at. The decision expands the feature tree at its cur-

ent node. Here, selecting an action for each node means choosing

he node type (a feature node, a splitting node or a leaf) and the

orresponding feature index. Therefore, the set of all possible ac-

ions in each state is 

ctions = { f 1 , f 2 , .. , F f , S 1 , S 2 , . . . , S F , T } 
n which F is the number of features, fi and si correspond to a

eature node and a splitting node respectively, and T is the termi-

ating action. The termination action finishes feature selection in

he current node, leaving it as a leaf. 

Each learning episode starts from the root node of the tree

hich, depending on the type of the node, leads to one of the be-

ow mentioned cases: 

• A feature node f i is selected: the node will be transformed to a

feature node (with i -th feature). As a feature node has only one

child, the next state would be the child node. The procedure

then continues by selecting an action for the child. 
• A splitting node s i is selected: the node will be transformed to

a splitting node (with i-th feature) that has two children. The

procedure then runs independently for each of the two siblings

to construct the corresponding sub-trees. 
• Terminating action T is selected: the node will be transformed

to a leaf with no children. Therefore, feature selection and lo-

cality formation will be terminated in the current branch. 

The learning continues by generating another episode. The

earning process ends when the number of episodes exceeds a pre-

efined threshold. Fig. 8 presents the pseudo-code of one learning

pisode where st is the current state and R is the share of return

orresponding to the action which is selected in st . 

.7. Classification 

In this work, we used four classifiers, the K-Nearest Neigh-

or (KNN), Support Vector Machine (SVM), Multilayer Perceptron
MLP) and Mixture of Expert (ME) to differentiate between signals

efore PAF and distant from PAF. To evaluate the performance of

he classifiers, a ten-fold cross-validation method is employed. The

6 ECG signals are divided into ten parts with the number of sig-

als in each part being equal except for two or three groups. One

art was used to test the classifier and the other nine parts were

sed to train the classifier. This process was repeated ten times for

ach different test set, and the average performance for accuracy,

ensitivity, and specificity was calculated. In order to increase the

ccuracy, we repeated each of the ten processes fifteen times. 

.7.1. Multilayer perceptron (MLP) 

This classifier makes use of a three-layer MLP with the error

ack propagation algorithm and variable learning rate. The input

ayer has the same number of nodes as the input’s vector length

or each interval time [46–48] . The output layer, on the other hand,

ontains one node accounting for a possibility of only 2 classes to

e classified. All the possible combinations of the selected numbers

f neurons in the hidden layer were selected and trained, leading

o the optimized number being 4. It is worth mentioning that the

raining process has solely been conducted on the training data.

nce the training error has dropped to a minimum, we move on

o testing the network using the testing data. In fact, never has the

ata network observed the testing data when selecting the optimal

rchitecture, which brings an improvement on the proper general-

zation of the network. 

The output nodes and the hidden layer use a linear transfer

unction and a sigmoid function, respectively. Network training

roceeds until the mean value is less than 0.01, or the number of

raining iterations reaches 10 0 0. 

.7.2. K-Nearest neighbor 

This classifier stores labeled feature vectors and calculates

he minimum distance between stored and new feature vectors
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Fig. 9. Architecture of a Mixture of Expert Network. 
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[49,50] . The basic steps of the KNN algorithm are: (a) Computing

the distances between all samples that have already been classi-

fied into clusters; (b) finding the k samples with the smallest dis-

tance values; and (c) approving new data. A new sample will be

added (classified) to the largest cluster out of k selected samples.

We tested the values of k from 1 to 15 to make a comparison with

[51] and found that k = 5 gets the best results with this classifier.

We used three k values (5, 10, 15) to reduce the complexity of ta-

bles. 

2.7.3. Support vector machine 

In this work, the SVM classifier is used for classification of

episodes before PAF and distant from PAF. SVM is a machine-

learning technique which has established itself as a powerful tool

in many classification problems. Simply stated, the SVM identifies

the best separating hyperplane (the plane with maximum margins)

between the two classes of the training samples within the feature

space by focusing on the training cases placed at the edge of the

class descriptors. In this way, not only an optimal hyperplane is fit-

ted, but also fewer training samples are effectively used; thus high

classification accuracy is achieved with small training sets. 

This classifier is a well-known supervised learning model that

analyzes data used for classification and regression. The main idea

of SVM is to map the input data from the N-dimensional input

space, through some nonlinear mapping, to the M-dimensional fea-

ture space M > N, where the data classes can be linearly separated

[32] . In other words, the SVM is an extension of nonlinear mod-

els of the generalized portrait algorithm based on statistical learn-

ing theory [52,53] . The goal of regression is to determine the best

model from a set of models (named Estimating Functions) to ap-

proximate future values accurately. The generic support vector re-

gression estimating function is: 

f ( x ) = ( w · �( x ) ) +b (19)

where w ⊂R n , b ⊂R and � is a nonlinear function that maps x into

a higher dimensional space. W and b are the weight vector and

bias, respectively. The weight vector (w) can be written as: 

w = 

∑ L 

i =1 

(
∝ i − ∝ 

∗
i 

)
(20)

By substituting Eq. (19) into Eq. (20) , the generic equation can

be rewritten as: 

f ( x ) = 

L ∑ 

i =1 

( ∝ i − ∝ 

∗
i )(�( x i ) . �( x ) ) + b (21)

f ( x ) = 

l ∑ 

i =1 

(
∝ i − ∝ 

∗
i 

)
k ( xi. x ) + b (22)

In Eq. (21) , the function k (x i . x) = ( �(x i ) . �(x)) is replaced

with the dot product and is known as the kernel function and

∝ = ( ∝ 1, ∝ 2, …, ∝ l ) is the vector of nonnegative Lagrange mul-

tipliers. 

The choice of kernel functions and kernel parameters depends

mainly on the application. Among the useful kernel functions are

radial basis functions (RBFs) and polynomial kernel functions. The

formulas of these kernel functions are shown below respectively:{
− | x − xi | 2 

2 σ 2 

}
(23)

[ ( x ∗x i ) +1 ] 
d (24)

Where “σ ” and “d” are kernel width and order respectively which

were experimentally defined to achieve the best classification re-

sult. In this work, RBFs and polynomial kernel functions were used

with different sigma values ( σ = 0.8, 1, 1.2) and orders (d = 1, 2, 3),

respectively. 
.8. Mixture of expert 

Empirical studies verify that a given learning algorithm can out-

erform all others for a particular problem or for a specific sub-

et of the input data. Be that as it may, finding a single expert

o achieve the best results on the overall problem domain seems

nlikely. To benefit from the different behaviors of the base classi-

ers, and to improve the performance in classification, there have

ecently been widespread interests in the use of model combina-

ion approaches for classification. They raise hopes that if a learner

ails, the overall system is capable of capturing the information

ontained in all the learners and recovering the error. Among the

ombining methods, Mixture of Experts (ME) is a modular archi-

ecture of neural networks that has gained considerable attention

ver the past few years. Based on a Divide and Conquer (D&C)

rinciple, ME typically comprises a gating network that partitions

he input space into smaller problems and several expert networks

hat solve each subproblem [54,55] . 

Fig. 9 shows the architecture of an ME network. The gating net-

ork receives the vector x as input and produces scalar outputs

hat are partition of unity at each point in the input space. Each

xpert network produces an output vector for an input vector. The

ating network provides linear combination coefficients as veridi-

al probabilities for expert networks and, therefore, the final out-

ut of the ME architecture is a convex weighted sum of all the

utput vectors produced by expert networks. Let N be the number

f expert networks in the ME architecture. All the expert networks

re linear with a single output nonlinearity that is also referred to

s “generalized linear”. The i th expert network produces its output

 i (x) as a generalized linear function of input x. 

 i ( x ) = f ( W i x ) (25)

Where W i is a weight matrix and f(.) is a fixed continuous non-

inearity. The gating network is also generalized linear function,

nd its i th output, g(x,v i ), is the multinomial logit or softmax

unction of intermediate variables ξ i : 

 ( x, v i ) = 

e ξ i ∑ N 
K=1 e 

ξ i 
(26)

here ξ i = V i 
T X and v i is a weight vector. The overall output of

(x) of the ME architecture is 

 ( x ) = 

∑ N 

K=1 
g ( x, v k ) o k ( x ) (27)

From a probabilistic standpoint, for an input-output pair (x,y),

he values of g(v,x) are interpreted as the multinomial probabilities
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Table 1 

Results of the ANOVA test. 

Feature P -Value 

Linear features 0.15 

Time-frequency features 0 ≤ 0.0 0 01 

Non-linear features 0 ≤ 0.0 0 01 

Table 2 

Performance of the KNN and SVM classifiers with different pa- 

rameters. 

Classifier Sensitivity Specificity Accuracy 

SVM-Poly (d = 1) 81.38% 97.11% 94.53% 

SVM-Poly (d = 2) 83.25% 97.41% 92.23% 

SVM-Poly (d = 3) 82.64% 97.40% 93.71% 

SVM-RBF ( σ = 0.8) 82.60% 98.78% 95.23% 

SVM-RBF ( σ = 1.0) 81.18% 98.86% 95.18% 

SVM-RBF ( σ = 1.2) 81.45% 97.62% 94.77% 

KNN (K = 5) 77.27% 96.38% 92.38% 

KNN (K = 10) 78.13% 96.22% 89.18% 

KNN (K = 15) 76.45% 94.23% 87.65% 
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ssociated with the decision that terminated in a regressive pro-

ess that maps x to y. Once the decision has been made, resulting

n a choice of regressive process i, the output y is chosen from a

robability density p(y_x, Wi) in which Wi denotes the set of pa-

ameters or weight matrix of the i th expert network in the model.

hus, the total probability of generating y from x is the mixture of

he probabilities of generating y from each component densities,

here the mixing proportions are multinomial probabilities: [56] 

 ( Y | x , �) = 

∑ N 

K=1 
g ( x , v k ) P ( Y | x , W k ) (28) 

Where the � is the set of all the parameters including both

xpert and gating network parameters. The probabilistic model al-

ows for the ME architecture to be treated as maximum likelihood

roblem, therefore, we have applied an expectation maximization

EM) algorithm for adjusting the parameters of the architecture,

hich enables the ME model to be significantly effective in coping

ith complexity issues regarding non-trivial time series and clas-

ification complications [57–63] . In this framework, a number of

elatively small expert networks can be used together with a gat-

ng network designed to divide the global classification task into

impler subtasks [56] . 

In the current study, having considered a number of commonly

sed artificial neural networks, we achieved the best network as

he one with 12-20-1 input network and the expert network of

2-15-1. The applied MLP in the input network was formed in

hree layers using error back propagation algorithm with variable

earning rate. The input layer has a number of nodes equal to

he input vector length (12 nodes). The output layer consists of

ne node with its value being 0 or 1. We tried to optimize the

eural network architecture through changing the number of hid-

en layer neurons which led us to choosing a three-layered neural

etwork with 20 neurons in the hidden layer using the standard

igmoid activation function. Network training continued until the

ean square error became less than 0.01 or the number of train-

ng iterations reached 10 0 0. Accordingly, the 12-15-1 structure was

elected for the expert networks, accounting for the higher power

f the input network, which in fact is the selector. 

.9. Evaluation 

The ability of the proposed method for prediction of PAF is

valuated using Accuracy (AC), Sensitivity (SN), Specificity (SP) and

recision (P). In the following Eqs. 29 –(32) , TP refers to true pos-

tives (correctly predicted PAF), TN refers to true negatives (cor-

ectly predicted non-PAF), FN refers to false negatives (incorrectly

redicted non-PAF) and FP refers to false positives (incorrectly pre-

icted PAF). 

Accuracy (AC): the ratio of correct predictions to the total pre-

ictions 

C = 

TP + TN 

TP + TN + FN + FP 

(29) 

Sensitivity (SN): the ratio of true positives to the total positives.

N = 

TP 

FN + TP 

(30) 

Specificity (SP): the ratio of true negatives to the total negatives

P = 

TN 

TN + FP 

(31) 

Precision (P): the ratio of predicted positive cases that were cor-

ect 

 = 

TP 

(32) 

FP + TP 

S  
. Result 

We extracted 28 features from each episode: nine linear fea-

ures, including 5 features from time domain and 4 from frequency

omain, 11 time-frequency features, which contain time and fre-

uency information simultaneously, and 8 nonlinear features, i.e.

D1, SD2, SD1/SD2, DFA features and sample entropy. Then, by

pplying local subset feature selection, 12 features have been se-

ected. Our studies show that these selected features can be used

s suitable markers for prediction of PAF. Fig. 4 illustrates the

ower spectral density, Wigner-Ville transform plot, and Poincaré

lot of episodes before PAF and distant from PAF. 

Table 1 depicts the power of the 12 selected features in dis-

riminating episodes immediately before PAF and distant from the

nset of PAF, which was evaluated by analysis of variance (ANOVA)

n the learning set. According to this table, all of the time-

requency features and non-linear features had acceptable discrim-

nant power, as was implied by the p-value. The results of ANOVA

est in spectrum features also showed that LF and HF power dif-

er significantly between episodes prior to PAF and distant from

AF onset, however, due to the high p-values of frequency peaks

n LF and HF bands, these features could not distinguish between

he two groups with statistical significance. Therefore, we used 10

eatures with statistically significant discrimination, excluding the

requency peaks in LF and HF bands from the total 12 aforemen-

ioned features to form the feature vector. Eventually, we used 50

CG segments to train the SVM classifier and 56 segments to test

he algorithm. The training and test sets belong to different sub-

ects and there is no overlapping between the two sets. 

To optimize the learning cost and the prediction performance,

he SVM classifier parameters and kernel width σ must be cho-

en with more care and caution. To this end, we compared the

erformance of the networks by evaluating the error function us-

ng an independent validation set, and selected the network which

as the smallest error with respect to the validation set. Since this

rocedure can itself lead to some overfitting to the validation set,

he performance of the selected network was confirmed by test

ata set. In fact, we have divided the training data into train and

alidation sets with the proportions being 70% & 30% for train-

ng and validation. The optimum values of the parameters, chosen

hen the error on the validation dataset reaches a minimum, are

chieved as 0.8 and 3 for σ and order (d), respectively. 

Table 2 summarizes the performance of the two classifiers, i.e.

VM and KNN, having variable parameters. The features are used
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Table 3 

The statistical measures for valida- 

tion by SVM, KNN and MLP classi- 

fiers. 

TP FP FN TN 

SVM 26 2 1 27 

KNN 24 4 2 26 

MLP 25 3 2 26 

ME 27 1 0 28 

Table 4 

Results of the classifier performance in percentage, for 10-fold 

cross validation. 

Classifier Accuracy Specificity Sensitivity Precision 

SVM 94.64 93.10 96.29 92.85 

KNN 89.28 86.66 92.30 85.71 

MLP 91.07 89.65 92.59 89.28 

ME 98.21 96.55 100 96.42 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5 

The accuracy of MLP, SVM, KNN and ME classifiers with the se- 

lected features subsets (individually and in combinational) for 

PAF and non-PAF. 

SVM KNN MLP EM 

Linear 84.92% 76.83% 78.25% 82.43% 

Time- Frequency 91.82% 78.13% 80.66% 95.38% 

Non-Linear 89.23% 81.67% 82.15% 96.12% 

Combinational 93.76% 92.38% 91.90% 98.21% 
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as input of Local Subset Feature Selection algorithm to reduce the

number of original features and to enhance the performance of

the proposed algorithm, then we use SVM and KNN classifiers for

classification. We have evaluated the performance of the classifiers

with different kernels and Ks, such as polynomials with order 1, 2,

and 3 and RBFs with different sigma values ( σ = 0.8, 1, 1.2) for the

SVM classifier and we tested values of k from 1 to 15 and found

that k = 5 gets the best results in the KNN classifier. We show that

three k values (5, 10, 15) reduce the complexity of the tables. It is

highlighted that the input of the classifiers is the HRV features that

are extracted during the Local Feature Subset Selection phase. 

To evaluate the performance of the proposed method, three

measures are used based on Eqs. (29) –(32) . If for example a PAF

episode is correctly classified as the PAF episode, it is said that the

episode is classified TP. On the other hand, if a non-PAF episode is

classified as non-PAF episode, it is said that the episode is classi-

fied TN. Any non-PAF episode which is classified as a PAF episode

by mistake will produce an FP; while any PAF episode which is

mistakenly classified as a non-PAF episode will produce an FN re-

sult. The results of classification of test data for each class are sum-

marized in Table 3 . The obtained accuracy, sensitivity, specificity,

and precision of the proposed method, as shown in Table 4 , were

achieved as 98.21%, 95.55%, 100% and 96.42%, respectively. The pro-

posed methodology presents better results than the other existing

approaches. 

As is well known, the Sensitivity and Specificity of test (the

false positive and false negative rates) alongside the incidence of

the disease with P (PAF) are necessary values to help calculate

other important quantities such as P (PAF ǀ+ ). 

At first, for our data set picking a threshold of 0.75 gives us the

following results: 

Then, the sensitivity and specificity values are computed for

this particular decision rule. Fig. 10 manifests the value of FN, FP,

TN, TP with the value of the threshold being 0.75. These calcula-

tions for MLP classifier are as follows: 

Sensitivity = P ( Test + | Condition+ ) = TP / ( TP + FN ) 

= 25 ( 25 + 2 ) = 0 . 925 

Specificity = P ( Test − | Condition −) = TN / ( FP + TN ) 

= 26 ( 3 + 26 ) = 0 . 896 

After selecting the classifier, in order to evaluate the separabil-

ity of features, the extracted features are compared to each other

in both individual (linear, nonlinear and time-frequency) and op-

timal combinational mode. Table 5 demonstrates the separability
f linear, nonlinear and time-frequency features and also combina-

ional mode for two classes, i.e. PAF and non-PAF. As can be seen

n this table, combinational features are more capable of classifica-

ion of classes which is why they have been used in this study as

nput features vector to predict PAF. 

. Discussion 

In this work, a new approach to predict the onset of PAF is pre-

ented. First, we extracted a number of Linear, Time-Frequency (TF)

nd Nonlinear features. Successively, we reduced the feature space

imensionality by applying an improved machine learning method

nown as Time Local Subset Feature Selection. The Mixture of Ex-

ert is finally used for classification of episodes distant from and

rior to PAF. 

.1. Common approaches in the literature 

Conventionally, spectral analysis of the HRV signal is believed

o be of great use in predicting PAF. This is mainly attributed to

he increased power in LF and HF bands of HRV immediately be-

ore the PAF event [13] . Moreover, Poincaré plot evidently provides

aluable insight into the dynamic of HRV signal, in the sense that

D1, SD2, and SD1/SD2, which quantify this plot, exhibit lower val-

es in non- PAF episodes compared to PAF episodes. 

The Complexity analysis of the HRV signal has also demon-

trated its usefulness in estimating regularity of the signal. Stud-

es have revealed a significant decrease in the complexity of R-R

ntervals and altered fractal properties in short-term R-R interval

ynamics preceding PAF. It is considered to be a marker of both

ltered regulation of sinus node behavior and an increase of atrial

ring from a single ectopic focus, which together can trigger the

pontaneous onset of AF. 

Complexity features such as approximate entropy (ApEn)

nd sample entropy (SmEn) have also exhibited smaller val-

es in episodes preceding PAF in comparison with distant ones.

22,32,31] . 

Accordingly, the current study has elicited a set of these fea-

ures (14 features) and used them for training an ME-based clas-

ifier that is able to identify which episode precedes the onset of

AF. 

From a clinical standpoint, many attempts have been made to

crutinize the role of P wave in the prediction of AF after coro-

ary artery surgery. Dilvaries et al. [64] listed maximum P-wave

uration (P maximum) and the difference between the maximum

nd the minimum P-wave duration (P dispersion) as simple elec-

rocardiographic markers derived from the 12-lead surface electro-

ardiogram that are significantly different between patients with

diopathic PAF and healthy subjects. With a P maximum value of

10 ms and a P dispersion value of 40 ms, they achieved a sensitiv-

ty of 88% and 83% and a specificity of 75% and 85%, respectively. 

In a similar effort, having measured the duration, the ampli-

ude, and the dispersion of P wave from 12-lead ECG of 120 pa-

ients, Chang et al [65] came to realize that the duration of P wave

as far longer in the group with AF, exclusively in leads II, III, aVF
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Fig. 10. The value of FN, FP, TN, TP with the prediction accuracy threshold value being 0.75. 

TP = 25, FP = 3, TN = 26, FN = 2. 
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nd V2. However, they did not find a significant correlation be-

ween the P wave dispersion or amplitude and the occurrence of

ostoperative AF. 

Budeus et al. [66] studied the P wave signal averaged ECG in

01 patients for prediction of atrial fibrillation after coronary artery

ypass grafting (CABG). They found that patients with AF were

lder, had a longer filtered P-wave duration (FPD) and a lower

ean square voltage of the last 20 ms (RMS 20) of the P wave; cor-

espondingly, they suggested that the P-wave signal averaged ECG

s well as an analysis of chemoreflexsensitivity can preoperatively

redict AF after CABG, leading to a sensitivity of 78%, a specificity

f 75% and a positive predictivity value of 64%. 

The authors of [18,20,21] participated in Computers in Cardiol-

gy Challenge 2001 (PAF prediction challenge) among whom Zong

t al. [18] used the number and timing of atrial premature com-

lex (APC) as their main predictor and received the highest score

t the time. Nevertheless, in a further attempt at achieving better

esults in 2004, Thong et al [19] proposed another method, a key

omponent of which was an analysis of isolated PACs not followed

y a regular R-R interval. They reported a sensitivity of 89% and a

pecificity of 91% for prediction the onset of PAF. 

Chesnokov [32] in 2008 used complexity and spectral analysis

f HRV, but they did not yield a promising sensitivity for prediction

f PAF events. 

.2. Comparison with previous studies 

To assess the performance of analytical methods in classifica-

ion, we have compared the classification rates for nonlinear and

F features both separately and combined. The outcomes are then

ompared to the previously reported results which have applied

imilar methods of evaluation. 

When compared to Thong et al. [19] method, a conspicuous ob-

ervation to emerge, aside from a better performance, is that the
lgorithm proposed in the present study does not need the both

ecords of a subject to identify imminent episodes of PAF. 

We also simulated and evaluated Boone et al. [33] method

ith AFPDB database in order to enable a meaningful compar-

son between our algorithm and theirs. Remarkably, the predic-

ive accuracy improved from 87.7% to 98.21%, which provides com-

elling evidence that an optimal combination of nonlinear and

ime-frequency processing methods followed by ME classification

imply excels at genetic algorithm methods. The same logic ac-

ounts for the dramatic improvement of separability in Mohebbi

t al. [31] study. 

Furthermore, the ME classifier is shown to have offered better

erformance in classification of the episodes than other commonly

sed classifiers such as SVM, MLP and k-NN. 

In addition to the mentioned experimental researches, several

ethods have been developed for automatic prediction of PAF us-

ng ECG signal. Table 4 summarizes a number of these methods,

ll of which have made use of AFPDB database, along with their

eported results with reference to the commonly used measures of

ensitivity, and specificity. 

The algorithm proposed in the present study demonstrates out-

tanding performance in terms of both sensitivity and specificity,

utperforming the existing approaches, as shown in Table 4 . 

.3. Major findings 

While there appears to be no distinct difference between ECG

ignals that are leading to PAF and those that are distant from PAF,

RV signal contains critical information within its nonlinear na-

ure. Accordingly, to benefit from time domain and frequency fea-

ures at the same time, we have made use of the time-frequency

nalyses, particularly Wigner-Ville transform, which ensure both

lassic and nonlinear methods are included and applied in a com-

lementary fashion. The results denote that combining the most
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Table 6 

A comparison of the presented methods in other papers and the current method, for predicting the onset of paroxysmal atrial fibrillation. 

Author and year Signal length (Min) Feature extraction Performance evaluation method SEN (%) SPE(%) ACC (%) 

Boon et al. 2016 [29] 15 HRV features 10-fold CV 77.4 81.1 79.3 

Boon et al. 2018 [33] 10 HRV features 10-fold CV 58.5 81.1 68.9 

Yang and Yin, 2001 [21] 10 HRV based footprint 

analysis 

Single Hold _ _ 57.0 

Hickey and Heneghan, 

2002 [28] 

10 Spectral based HRV 

features 

5-fold CV 53.0 80.0 70.0 

Boon et al. 2018 [33] 5 Spectral based HRV 

features 

5-fold CV 51.0 79.0 68.0 

Boon et al. 2018 [33] 5 HRV features 10-fold CV 86.8 88.7 87.7 

Zong et al. 2001 (18) 30 Number and timing of 

PACs 

Single Hold 79 _ 80.0 

Hickey et al. 2002 [28] 30 PACs detection and 

spectral based HRV 

features 

5-fold CV 79.0 72.0 72.0 

Thong et al. 2004 [19] 30 PACs analysis Single Hold 89.0 91.0 90.0 

Costin et al. 2013 [30] 30 HRV features and 

morphological 

variability of QRS 

complexes 

Single Hold 89.3 89.4 89.4 

Mohebbi et al. 2012 

[31] 

30 HRV features Single Hold 96.2 93.1 94.5 

Cheskonov 2008 [32] 30 HRV based spectral 

features 

Single Hold 72.7 88.2 80.0 

Lynn and Chiang [20] 30 HRV based return map 

and Poincare Plot 

features 

Single Hold _ _ 64.0 

The proposed method 5 HRV features 10-fold CV 100 95.5 98.2 

Note: CV: Cross validation 
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informative features extracted from different domains along with

performing the local subset feature selection method and using the

ME classifier lead to a more accurate predictor of PAF onset. 

From a clinical perspective, the achieved results of PAF predic-

tion have further strengthened our confidence in enabling timely

treatment and increasing the survival rate. 

4.4. Study limitations 

It is worthwhile noting that the results presented in this paper,

similar to those of other studies listed in Table 6 , are restricted by

the lack of a prospective head-to-head evaluation with clinically

derived, real world data. 

5. Conclusions 

In this paper, we have proposed an effective machine learning

based methodology to classify ECG with the aim of predicting the

onset of Paroxysmal Atrial Fibrillation. The prediction performance

of this algorithm has been shown to be superior to the previously

developed methods in terms of both sensitivity and specificity,

with their obtained values being 100% and 95.5% respectively. 

We strongly believe that what makes this method particularly

effective is that it uses an optimal combination of — as opposed to

being restricted to — linear, time-frequency, and nonlinear features

which are cautiously chosen to represent the frequency content,

the phase relations between frequency components, and non-linear

dynamics of the HRV signal before the occurrence of PAF, respec-

tively. The results highlight that there are statistically significant

differences related to these features in PAF episodes and non-PAF

episodes, thus confirming that they are in fact potent and reliable

predictors. In addition, Mixture of Experts, having shown to be a

precise classifier, contributes greatly to optimizing the performance

of this method. 

Finally, it is our belief that the presented approach would lend

itself well for use by doctors and clinicians, as it makes possible to

develop an early-detection system for the idiopathic onset of PAF,

which can alert a patient prior to the occurrence of the event. 
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