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Abstract

Automatic and fast atrial fibrillation (AF) diagnosis is
still a major concern for the healthcare professional.
Several algorithms based on univariate and multivariate
analysis have been developed to detect AF. Although the
published results do show satisfactory detection accuracy,
computational complexity of such methods is still
questionable. This study proposes an alternative way to
diagnosis AF arrhythmia which is based on the
combination of seven univariate data analysis-based
detectors followed by a majority voting in order to build a
digital fingerprint of AF. Four publicly-accessible sets of
clinical data were used for AF assessment. The time series
were segmented in 10 s RR interval window. The features
of the four databases were merged in order to give rise
huge variability and therefore to better characterize AF
arrhythmia.  Afterwards, a  receiver  operating
characteristic curve analysis has been conducted to fix
optimal thresholds for AF detection. Finally, the seven
obtained detectors have been concatenated and then a
majority rule was applied to yield a final decision on AF
diagnosis. The results showed that this strategy performed
better than some existing algorithms do, with 98.50% for
sensitivity and 95.1 % specificity.

1. Introduction

According to the World Health Organization (WHO),
cardiovascular diseases are among the top 10 causes of
death in older adults [1] and classified as chronic non-
communicable diseases (NCDs) [2]. NCDs are associated
with a slow, long-term, or even lifelong advancement, and
are usually silent, thereby affecting the quality of life [3].
Atrial fibrillation (AF) is the most common cardiac
arrhythmia diagnosed in clinical practice [4]. It is well-
known by a rapid, irregular and heterogeneous electrical
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activity of the heart that is initiated by atrial contractions
disorder [5]. Even though AF is affecting more than 6
million people in Europe and 3 million people in the US
[6], the true prevalence of AF is still unknown as many
patients are asymptomatic and therefore AF remains
undetected [7]. For example, in China, approximately 10
million of people suffer from AF [8], and the estimated AF
prevalence is probably 1% in the general population,
increasing with age, more so in men than in women [9]. In
fact, it is estimated that due to averaging the total number
of AF patients will double by the year 2050 [10].
Inter-beat interval time series analysis coupled with
rapid technological developments have led to many new
commercially available tools intended to automatically
detect arrhythmias, from smartphone smart watches
applications to noncontact detection methods [11-13]. In
this context, a smart phone RR-based application has been
conducted on moderately sized prospective cohort study
regarding 76 patients with AF undergoing cardioversion
[14]. Findings revealed that an algorithm combining
normalized root mean square of successive 64-RR
difference and Shannon entropy yielded 96.2% and 97.5%
for sensitivity and specificity respectively. The authors
assumed that exposure patients with a high burden of
premature beats and/or atrial tachyarrhythmias might
affect the performance characteristics of their iPhone-
based AF detection application. Lahdenoja et al. [15] have
attempted to detect AF via accelerometer and gyroscope
sensors (Inertial Measurement Unit, IMU) of a
Smartphone equipped with Google Android OS. Features
such as approximate entropy, spectral entropy, turning-
point-ratios, heart rate and heart rate variability serve as
input to Kernel support vector machine classifier with
cross-validation and majority voting strategies. An
accuracy of 97.4% in AF vs. healthy classification (a
sensitivity of 93.8% and a specificity of 100%) is reached.
Andersson et al., have designed a real-time detector for AF
episodes as an application specific integrated circuit
(ASIC) [16]. The basis for detection was a set of three
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parameters extracted from RR time series, i.e., turning
point ratio, root mean square of successive differences, and
Shannon entropy. The obtained sensitivity and specificity
were more than 94% and 95% respectively when where
tested on MIT-BIH Atrial Fibrillation Database.
Furthermore, deep learning techniques, as a new
generation of machine learning pipelines, began attracting
interest to AF screening. In this sense, O. Faust et al., [17]
have applied a deep Recurrent Neural Network (RNN)
with Long Short-Term Memory (LSTM) on 100-RR
interval. The sensitivity and specificity reached 98.32%
and 98.67% respectively with 10- fold cross-validation
process. Although the significant values of the sensitivity
and specificity reached throughout the development of
hand-held and/or cumbersome classifiers, their integration
into portable electronic devices is still challenging. Herein,
a very simple strategy coupling multiple univariate data
analysis and voting majority approach is proposed to detect
AF of episode as small as 10 s.

2. Methods

2.1. Databases

The proposed approach was evaluated on four publicly
accessible sets of clinical data: AF Termination Challenge
Database, MIT-BIH AF, Normal Sinus Rhythm RR
Interval Database, and MIT-BIH Normal Sinus Rhythm
Databases. The time series were segmented in 10 s RR
interval windows (total of 493813 and 25169 time series
for NSR and AF respectively after removing outliers).
Usually, authors trained their algorithms on one of these
datasets and tested them on the remaining. We believe that
if the four datasets are merged (and categorized into AF
and NSR groups), this could give rise to huge variability
which results in good AF characterisation as previously
demonstrated by the group research works [18-20].

We have also demonstrated that classifiers accuracy can
significantly enhanced through the investigation of time
series dynamical state. Indeed, most of reported studies
focused on unique sources (i.e., R-peaks). In classical
mechanics, it is well-known that a dynamical state is better
characterized on the basis of its position, displacement,
speed, and acceleration rather than a single position [21].
Thus, the application of time derivatives of RR interval time
series can generate additional information sources and
could result in rapid and efficient approach for clinical
decision support. The forward finite-difference formula, as
defined in equation 1 and 2, was used to compute the time
derivatives of the time series and the absolute derivatives of
the time series:
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2.2.  Feature extraction

The most used features used to characterise NSR and AF
arrhythmia have been calculated. The mean, median,
standard deviation and the features listed in table 1 have
been extracted from the RR times series and its derivatives.

Table 1. Formulas of the extracted features
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3. Results and discussion

The analysis of the area under ROC has permitted to
order the features according to their discriminant power.
Features with an area under the ROC curve between 0.9981
and 0.9985 were considered to be an excellent diagnostic
accuracy test. Figure 1 shows an example of the standard
deviation of the second derivative of 10s RR time series.
The application of these thresholds has resulted in the
selection of seven features:
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As one can see, the selected features belong to the
dynamical state of RR time series which is in line with our
previous studies. Besides, instead of training the data with
well-known machine learning classifiers [22,23], herein,
we opted for voting majority approach using the selected
features in order to reduce the computational complexity
as much as possible. This approach has a rapid execution
time since all univariate based classifiers must be executed
to make the final decision which is well adapted for real
time execution [24] and portable electronic devices.
Although its simplicity, the proposed approach has
attained satisfactory results in terms of sensitivity and
specificity by reaching 98.50% and 95.1 % respectively.
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Figure 1. ROC curve for the standard deviation of the
second derivative of RR time series.
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4, Conclusion

This work aimed at developing AF classifier based on
simple strategy combining univariate date analysis through
ROC curve and majority voting approach. The first two
derivatives of RR time series along with their absolute
values have been subjected to a widely feature extraction
process including linear, geometrical and non-linear
parameters. Seven features from the dynamical space have
been selected according their high discriminant power. The
application of majority voting approach has resulted in
98.50% for sensitivity and 95.1 % specificity.
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