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Determining The Optimal Time Interval For AF Classification From ECG Signal
By Machine Learning
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Abstract - Atrial Fibrillation (AF) is the most common cardiac arrhythmia. AF patients should receive urgent treatment to reduce
risk of death. A classification model is needed for helping doctors to diagnose. Then, they can make an effective plan for the treatment
of a patient. Electrocardiogram (ECG) signals display biological signals that are influenced by the autonomic of the heart; it is one
of the effective methods that show abnormality of a patient’s heart. Current classification models from ECG signals activity are
mostly developed by existing databases that may not be suitable for local patients. Therefore, ECG signals of local patients were
used in this research for training and constructing the AF classification model by machine learning, the popular technique for
classification. However, the appropriate time interval for AF classification by machine learning has not been deeply investigated. In
this research, both non-AF and AF signals were divided into segments of 2.5, 2.0, and 1.5 minutes. R peak, RR intervals, F-wave,
HRV, heart rate, and SampEn are significant features that were extracted from lead II-ECG. Then, the machine learning method
was used to find the most suitable time interval and classification model. Finally, the time interval at 2.5 minutes was the most
appropriate length, showing the highest performance by an ensemble (bagged tree) and a tree (fine tree) models at 100% ACC, SE,
SP, TRP, and 0% FPR respectively. The proposed time interval and classification models can be deployed as a decision tool to assist
cardiac physicians in diagnosis of AF patients.
Keywords - Time interval, ECG, Classification, AF, machine learning

I. INTRODUCTION

proposed, there are several practical conditions that make it is
difficult to use the existing AF classification models [12, 13].

Atrial Fibrillation (AF) is an arrhythmia of the heart,
which is often an abnormally fast and irregular heart rate [1,
2]. AF patients are often not detected due to insufficient data
for diagnosis or unclear symptoms. Generally, they go to see
a doctor with related symptoms which include hypertension,
diabetes, dyslipidemia, heart disease, and stroke. In Thailand,
AF patients were found to have a population ratio of 1:
100,000 [3]. If AF patients do not receive urgent treatment or
do not know their condition, their risk of death will be
increased.
Electrocardiogram (ECG) is the most important
physiological device used to display biological signals. ECG
signals influenced by the autonomic activity of the heart can
show normal and abnormal symptoms [4]. A 24-hour ECG
monitoring is clinically accepted for the diagnosis of AF
conditions [5-9]. The normal sinus rhythm (NSR) signals from
ECG are composed of 3 components, which are P wave, QRS
complex wave, and T wave [10] as shown in Figure 1. These
3 components exist once with a similar size in each cycle. If
one cycle of ECG signal contains more than one of each
component or one does not exist, it indicates an abnormality.
Normally, diagnosis of AF can be done by measuring lead
II and V1 of ECG signals because these signals can clearly
show abnormal waves of AF patients as shown in Figure 2 [7,
8] where ECG of AF signal fluctuates and is unpredictable
[11]. Although many AF classification models have been
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Figure 1. Example of ECG decomposition.

Figure 2.
Examples of
ECG
segments for
two types of
signals:

a

(a) non-AF
and

b

(b) AF with
lead II.
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II. LITERLATURE REVIEW

The study and development of an AF classification model
have attracted high attention from many researchers [14].
Most of the classification models use available ECG databases
to develop and test their models. There are a few research
works that use clinical data because datasets are difficult to
obtain. The models from the database showed high accuracy,
but clinical practice rejected them because the signals from the
database were selected and adjusted before use [15]. Using
clinical data is more practical and realistic for local patients.
However, the appropriate collecting time interval of the signal
is still a question; some research works used 24 hrs signals,
while others used a few seconds [16]. Using long time
intervals to predict is more accurate than short time intervals,
but, it is difficult to acquire sufficient data for testing. The
short time interval is easier to obtain and is more practical.
The best time interval for predicting AF and non-AF
classification for clinical data should be investigated
seriously.
Most of existing research works have studied about
detection of ECG signal elements and significant of each
element to AF. Supervised learning techniques have been used
to create classification models for healthcare classification
problems [17], which are machine learning (ML) [18] and
deep learning [19]. ML is a practical simple tool for
classification. However, there are a few works of ML for AF.
This research aims to find the best classification model by
ML for non-AF and AF signals of local patients. The
significant elements of ECG signals are inputs of the
developed model. Moreover, the optimal time interval of ECG
recording is also investigated.

An AF ECG recording is intermittent, nonlinear, and
unpredictable, so it is difficult to use the common medical
device for diagnosing AF patients. The researchers studied the
relationship between the number of abnormal ECG signals in
the atrial chamber and the irregularity of signal recording. AF
ECG signals show irregular RR intervals [20, 21], absence of
P waves or P waves fluctuating (f-waves) [22], inconstant
heart rate, inconsistent heart rate variability (HRV), and high
sample entropy (SampEn) value [23]. However, each ECG
patient is different. Features extracted from ECG signals are a
good choice for supporting the doctor's diagnosis [7, 24, 25].
Machine learning (ML) is a decision-making process
based on experience data, which can be widely applied in
many applications [26]. The health care industry has applied
ML for diagnosis of cancer, cardiovascular disease, risk
assessment for hypertension disease, atherosclerosis level,
and predicted symptoms of patients. ML requires significant
variables and learning techniques to create a model. It is
applied in this research by use of significant features from
ECG signals.
The related literature reviews of AF classification are
shown in Table I. Most AF classification models collected
data from MIT-BIH Atrial Fibrillation Database. These
models applied feature extraction to get significant features
for training/test AF classification models for both timedomain [6, 9, 15, 27, 28] and frequency-domain [29, 30].

TABLE I. RELATED LITERATURE REVIEW OF AF CLASSIFICATION
Authors

Total data
(segment of time)

Feature extraction
(Time,T/ Frequency,F / Entropy,E)

Classification
Method

Results

Faust, et al. (2018)

23 (24 hrs.) from database

(T): R peak and RR intervals

RNN + LSTM

98.51%ACC

Singh, et al. (2018)

48 (60 sec.)
from database

(F): DWT

BPN, FFN,
RBFNN

100%SE, 100%TPR, 100%SP,
and 100%ACC.

Kumar et al., (2018)

515 (4 sec.)
from database

(E): LEE and Pen

WEKA toolbox

96.84%ACC., 95.8%SE and
97.6%SP

Ladavich and
Ghoraani, (2015)

25 (5 min.)
from database

(T): P-wave and P-wave absence

PWA with
majority voter

98.09%SE, 91.66%SP and
79.17%TRP.

Sannino & De Pietro,
(2018)

47 (24 hrs.)
from database

(T): RR intervals and QRS complex

7-layer DNN

99.68%ACC., 99.48%SE,
99.83%SP.

Babaeizadeh, et al.
(2009)

23 (24 hrs.)
from database

(T): RR intervals and PR intervals

Hidden Markov
model

99.26%ACC.

Selected features from ECG signals were R peak, RR
interval, PQRST wave, P wave, QRS complex, heart rate,
HRV, and entropy. Most of them use 2-3 features to classify
AF signal with complex classification methods. This research
uses lead II ECG signals from Thai patients in clinical
environments and unbiased early diagnosis [31]. ML is
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applied to classify non-AF and AF signal, which is more
simple than existing algorithms. It can use with limited data
and execution time with high performance [32]. Moreover,
the optimal time interval of ECG recording is also
investigated, which have not been deeply considered before.

16.2

ISSN: 1473-804x online, 1473-8031 print

SUTTIRAK DUANGBURONG et al: DETERMINING THE OPTIMAL TIME INTERVAL FOR AF CLASSIFICATION .
.
This study measured lead II of 40 patients, which included
20 non-AF and 20 AF at 1000 Hz sampling rate. All patients
had consented to participate in the study approved by the local
ethics committee. Characteristics of patient data were female
(non-AF: 25%, AF: 55%), heart failure (non-AF: 0%, AF:
10%), hypertension (non-AF: 15%, AF: 65%), diabetes (nonAF: 0%, AF: 25%), and vascular disease (non-AF: 0%, AF:
10%). All recordings were made in a state equivalent to rest
and in a comfortable position, measured in 5 minutes by a
cardiologist. ECG recording data were segmented according
to studied time intervals.

II. EXPERIMENTAL METHODOLOGY
The flow diagram of the study is shown in Figure 3. After
inputting the ECG signals, noise removal and decomposition
were done by the constructed program using a bandpass filter
and continuous wavelet transform (CWT), respectively. Then,
the variables, which were R peak, RR intervals, F-wave,
HRV, heart rate, and SampEn were extracted from signal
recordings to fit ML. The classification models were trained
and tested with 10-cross validations. Then, performances were
checked and the best model could be found.

B. Noise Removal and ECG Decomposition
This research aims to find the best classification model and
the most suitable time interval for AF and non-AF
classification by machine learning. Both AF and non-AF
signals were divided into segments of time intervals, which
were 2.5, 2.0, and 1.5 minutes. 80 recorded signals were used
to compare the performance of classification. Each segment
was adjusted for baseline wander. The noise was removed
with a bandpass filter (high-pass and low-pass filter with 0.5
Hz and 50 Hz cut-off frequency, respectively). Each recording
was uncertain and complex. The developed function was used
to separate the ECG components, which were P, QRS, and T
waves by the continuous wavelet transform (CWT) method.
CWT formulation shows in (1) where a and b are signal
magnitude values at positions a and b of the ECG signal, t is
the duration, and V is the voltage of ECG signal.


C a ,b (V ECG (t ),  (t )) 

V



ECG

(t )

1
t b

 dt
a  a 

(1)

C. Extraction of Features
After the noise removal and the decomposition process,
significant variables were extracted. Previous researches have
shown that R wave, RR interval [6, 15, 33], QRS complex
[9], P wave [27], entropy [8, 34, 35], and HRV [36] correlated
to AF symptoms. So, in this research 6 features from ECG
recording were studied.
R Peak, RR Intervals, Heart Rate, and F Wave
After ECG signals were decomposed by the CWT method,
the positions of the P, QRS, and T waves were found. The
maximum amplitude of the wave is called the R wave and that
shows the R peak value. Rhythm-to-beat or RR interval is the
time elapsed between two consecutive R waves of an ECG
cycle. RR interval can be used to determine the heart rate in
beats per minute (BPM). P wave is normally shown once a
cycle. If it happens more than once or is not found, it is a sign
of abnormality of ECG signals, which is called F wave. This
occurrence is difficult to detect because it only happens
occasionally.

Figure 3. Research flow diagram

A. Population and ECG Measurements
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incoming data. It is used to construct the best fit model for
predicting and classification from suitable rules or mathematic
functions. The classification learner toolbox of Matlab was
used to find the most suitable model for AF and non-AF
signals. Decision trees, discriminant analysis, logistic
regression, naive bayes, support vector machines (SVM), K
nearest neighbor (KNN), and ensembles model were
evaluated. The training and testing ratio of this study was 2:1.

Sample Entropy
Autonomic activity of the heart needs a trigger for
initiation and maintenance. AF ECG signal is a complex
arrhythmia with multiple possible mechanisms [37]. ECG
signals of AF patients have both repetitiveness and disorder of
signals. Repeating wave indicates higher levels of risk for AF
patients as well as a high value of SampEn [23]. The SampEn
equation is the negative logarithm of conditional probability
(c) that two sequences of similar-order range m and the
tolerance window r match the next position. This study used
m =2 and r = 0.25 for the classification between non-AF and
AF signals. N is the length of data [8, 23].

SampEn (m, r, N) = -ln

cm1(r)
cm (r)

F. Performance testing
The classification models used 10-fold cross-validation.
They were evaluated by accuracy (ACC), sensitivity (SE),
specificity (SP), true positive rate (TPR), false-positive rate
(FPR) for the time intervals of 2.5, 2.0, and 1.5 minutes as
shown in (5)-(8). TP is a true positive, TN is a true negative,
FP is a false positive, and FN is a false negative. TP is the
result of the positive class that the model can correctly predict.
On the other hand, TN is the result of the model that can
predict the negative class correctly. FP is a result of incorrect
prediction of the positive class. Conversely, FN is a result of
incorrect prediction of the negative class.

(2)

Heart Rate Variability
Heart rate variability (HRV) is a characteristic of
autonomic heart activity, and analysis of it provides useful
information about autonomic nervous system disorders of
many heart diseases including AF symptoms. The simple
variables from HRV are the standard deviation of normal-tonormal intervals (SDNN), the root mean square of successive
differences between normal-to-normal intervals (rMSSD), and
the proportion of successive normal-to-normal intervals that
are greater than 50 ms (pNN50). SDNN represents beat-tobeat changes during RR intervals and it reflects vagal outﬂow
such as abnormality or fluctuations [36]. Most HRV studies
use 24-hour ECG recording of signals (Holter), which is often
not practical. This study uses rMSSD to classify the model
because rMSSD is the non-linear metric that reflects shortterm HRV. The formulation is shown in (3). N is the number
of R to R interval.
∑

TP  TN
TP  FP  TN  FN
TP
SE 
TP  FN
TN
SP 
FP  TN

ACC 

TPR  SE and
FPR 1SP

(7)

(8)

The ECG signals of non-AF and AF were divided into 3
types of time intervals, which were 2.5, 2.0, and 1.5 minutes.
Each component signal of ECG was detected by CWT. After
ECG decomposition, significant features were extracted and
input variables for the classification model for each group of
the time interval were collected. Then, the classification
learner toolbox was used to find the most suitable model.
These six input variables studied are heart rate, R peak, RR
intervals, F wave, SampEn, and HRV. Non-AF at time
intervals of 2.5, 2.0 and 1.0 minutes had beat rates 182.36 ±
31.39, 74.92 ± 18.41, and 75.06 ± 18.55 times (beats),
respectively, and the AF at the time intervals of 2.5, 2.0 and
1.0 minutes had beat rates 293.15 ± 154.45, 121.51 ± 58.28,
128.11 ± 69.76 beats, respectively.

The Z-Test was used to check the difference between two
sample means of selected features to ensure the discrimination
of the features. Its formulation is shown in (4) , where is a
sample average, s is a standard deviation, and n is a sample
size.

X1  X 2

(6)

IV. RESULTS AND DISCUSSION

(3)

D. Discriminant Check by Z-Test

Z

(5)

(4)

s12 s22

n1 n2

E. Fitting and Classification by Machine Learning
Machine learning (ML) is the method of learning from
previous sample data or user experience for predicting the new
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Figure 4 shows box plots of non-AF and AF signals for each variable. R peak, RR intervals, and HRV of non-AF were higher
than those of AF, whereas heart rate, F wave, and SampEn of AF were higher than non-AF.
Boxplot of NSR, AF

Boxplot of NSR, AF

(a) Heart rate

(b) R-Peak

Boxplot of NSR, AF

Boxplot of NSR, AF

(c) RR intervals

(d) F-wave

Boxplot of NSR, AF

Boxplot of NSR, AF

(e) SampEn

(f) HRV
Figure 4. Box plot of variables
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TABLE III. PERFORMANCE TEST OF THE CLASSIFICATION MODELS
Testing
Training
Model
(10 crossSE
SP
TPR
FPR
validation) ACC

Table II shows mean ± standard deviation (SD) of both
groups, having heart rate (non-AF:AF = 72.94±12.56 :
117.26±61.78 BPM), R peak (non-AF:AF = 20.08±2.08 :
13.69±3.20 µV), RR intervals (non-AF:AF = 1.54 ±0.28 :
1.09±0.39 second), F wave (non-AF:AF = 10.63±17.34 :
48.08±67.82 times), SampEn (non-AF:AF = 0.08±0.03 :
0.15±0.03), and HRV (non-AF:AF = 1.04±0.62 : 0.77±0.71).
Then, the data subjected to Z-tests at a significance level of
0.05. P-values of all variables showed that all of the studied
variables of non-AF and AF signals were different as
illustrated in Table II.

A. 2.5 min (non-AF = 182.36 ± 31.39 Beats, AF = 293.15 ± 154.45 Beats)

Ensemble
(Bagged
Tree)
Tree (Fine
Tree)
SVM
(Cubic
SVM)

Heart rate
(BPM)

R peak RR intervals F wave
(µV)
(Second) (Times)

100.00 100.00

100.00

100.00

0.00

87.20%

100.00 100.00

100.00

100.00

0.00

85.90%

84.62

88.46

76.92

11.54

76.92

B. 2.0 min (non-AF = 74.92 ± 18.41 Beats, AF = 121.51 ± 58.28 Beats)

TABLE II. SUMMARY OF THE Z-TEST AT 2.5 MINUTES
Type

87.50%

Ensemble
(Subspace
KNN)
KNN (Fine
KNN)
KNN
(Weighted
KNN)

SampEn HRV

Non-AF
(n=40)

72.94±
12.56

20.08 ±
2.08

1.54 ±
0.28

10.63±
17.34

0.08±
0.03

1.04±
0.62

AF
(n=40)

117.26±
61.78

13.69 ±
3.20

1.09±
0.39

48.08±
67.82

0.15±
0.03

0.77±
0.71

Z-test
(P-value)

0.00

0.00

0.00

0.00

0.01

0.04

100.00%

69.23

52.94

81.82

52.94

18.18

94.40%

74.36

57.89

90.00

57.89

10.00

94.40%

74.36

57.89

90.00

57.89

10.00

C. 1.5 min (non-AF = 75.06 ± 18.55 Beats, AF = 128.11 ± 69.76 Beats)

Ensemble
(Subspace
KNN)
KNN (Fine
KNN)
SVM
(Quadratic
SVM)

Table III illustrates the performance comparison of the
classification models for several time intervals by ML. The
performances of an ensemble (bagged tree) and a tree (fine
tree) with 2.5 minutes time intervals have 100% accuracy
(ACC), sensitivity (SE), specificity (SP), true positive rate
(TPR), and 0% false-positive rate (FPR). So, 2.5 minutes is
the most appropriate time interval for classification by ML, by
indicating the highest performance.
ACC of the best classification models for AF and non-AF
for time intervals: 2.5, 2.0, and 1.5 minutes were at 100%,
74.36%, and 71.79%, respectively.

100.00%

69.23

52.63

85.00

52.63

15.00

96.30%

71.79

56.25

82.61

56.25

17.39

94.40%

71.79

56.25

82.61

56.25

17.39

Tree models present a high flexibility to classify AF
patients. Ensemble (bagged tree) is the best model, which
constructed many trees and combine the predictions. Due to
the complex of the classification problem, fine tree also
performs very well in classification AF patients.
Fig. 5 below shows the area under ROC curves (AUC) for
ensemble (bagged tree) and tree (fine tree) models, which
have the highest AUC values among the other models. A high
AUC value indicates high sensitivity and specificity.

Figure 5. AUC of the ensemble (Bagged Tree) (left) and the tree (Fine Tree) (right) models for all variables.
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Confusion matrixes of these two models are shown in Fig.6 below, True Class (vertical axis) against Predicted Class
(horizontal axis). The number of FP and FN are small, which means high performance in AF classification.

Predicted Class

Predicted Class

Figure 6. The confusion matrix of the ensemble (Bagged Tree) (left) and the tree (Fine Tree) (right) models for all variables.
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