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Abstract

In the previous study, the atrial flutter mechanism (i.e.,
Focal or Macroreentrant) was differentiated from the stan-
dard 12-lead ECG by the variability of the cycle length of
visible successive P-waves (between the R-R waves). This
study aims to help researchers reduce imbalances through
two different techniques, especially in atrial flutter. Be-
sides, early detection of the AFL mechanism can increase
the efficacy of invasive elimination. Forty-eight patients
were undergone endoscopic catheter ablation for the iden-
tifications of the AFL mechanism. Accessed data only 5
Focal AFL against 41 Macroreentrant AFL. Two different
techniques, SMOTE and Smoothed-Bootstrap, have been
used to augmented and re-balance the dataset. Further-
more, three different techniques, the Goodness-of-Fit test
(Chi-Square), the Root Mean Square Error between syn-
thetic and original performance (accuracy, specificity, sen-
sitivity), and the descriptive statistical test, have been used
to validate the augmented dataset. The proposed model
has been extracted several features derived from statisti-
cal analysis of the intervals of successive atrial rhythm to
discriminate the AFL mechanism. The performance has
been evaluated by three linear classifiers Linear Discrimi-
nant Analysis (LDA), Logistic Regression (LOG), and Sup-
port Vector Machine (SVM). The synthetic data generated
by Smoothed-Bootstrap has been much closer to the orig-
inal dataset and relatively better than SMOTE technique.
The LOG classifier achieved its average performance with
accuracy, specificity, sensitivity, 71.08%, 77.13%, and
65.12%, respectively. The variability in cycle length of
consecutive P-waves from the surface ECG has differenti-
ated the Focal AFL from Macrorrentrant AFL. Smoothed-
Bootstrap is a suitable technique in AFL cases to minimize
the imbalance issue.

1. Introduction

Atrial flutter (AFL) is a type of Supraventricular tachy-
cardia in which electrical signals frequently transmit
through various physiological pathways other than sinus

rhythm [1]. It is associated with a variety of risks and
complications, such as stroke and heart attacks. The mech-
anism of AFL has been categorized into two groups, Focal
(F-AFL) and Macroreentrant (M-AFL), based on its diam-
eter of activation spreading. Within atria activities, electri-
cal propagation of less than 2 cm in diameter is considered
F-AFL and more than that as an M-AFL mechanism. Dis-
crimination of F-AFL from M-AFL through non-invasive
techniques (i.e., 12-lead surface ECG) can improve the ef-
ficacy of its existing catheter ablation treatment. The AFL
mechanism can be differentiated using machine learning
classifiers in the proposed features to identify variations in
the surface ECG [2]. However, a large number of data is re-
quired for the use of classifiers in machine learning. Unfor-
tunately, the AFL-related data and its labeled mechanism
are not available in the public database [3]. Furthermore,
our database of AFL recordings present high prevalence of
M-AFL as compared to F-AFL. This will inevitably lead
to bias when using machine learning techniques for classi-
fication. These types of issues can be addressed using data
augmentation techniques to minimize imbalances. This
paper has two purposes: the first is to compare two data
augmentation techniques to determine which technique is
best for AFL cases. The second is to improve the F-AFL
discrimination from the M-AFL by extracting the features
from 12-lead surface ECG. In the previous study, It had
been hypothesized that the variation of two visible consec-
utive atrial activities (non-overlap, two and more than two
P-waves) within R-R waves could discriminate the AFL
mechanism [2]. This research aims to improve the perfor-
mance of previous research by minimizing the bias in the
original dataset. The performance of three classifiers LDA,
LOG, and SVM has been evaluated concerning maximum
accuracy, sensitivity, and specificity.

2. Material and Method

2.1. Data Description and Prepossessing

A total of 46 ECG records has been selected after elimi-
nation of un-labeled AFL mechanism and non-consecutive
ECG (which have block ratio less than 3 : 1) out of 61
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Figure 1. Proposed measures of peak-to-peak interval be-
tween consecutive P-waves of extract F-waves in AFL

ECG records. All are 1-minutes long recording and has
been acquired at 2000 Hz sampling rates. In detail, the
ratio of selected data is 41 : 5, M-AFL and F-AFL ratio
respectively. Furthermore, a 50 Hz power line filter and
bandpass (Chebychev-II) filter with 0.5−60 Hz cutoff fre-
quencies have been used for noise elimination.

2.2. Consecutive P-P Interval

It is not the only way to differentiate Focal from
Macroreentrant by observing isoelectric baseline. At
times, F-AFL does not exhibit isoelectric intervals where
the atrial conduction velocity is high-speed, and conduc-
tion times through the atria are slow in comparison to
the tachycardia rate [4, 5]. On the other hand, certain
M-AFL shows isoelectric intervals when conduction hap-
pens through a narrow isthmus that does not produce
enough voltage to induce a surface ECG deflection [6].
Macroreentrant AFL’s loop is usually very stable, which
accounts for the regularity of the ECG patterns. How-
ever, since the propagation direction is not guaranteed to
be identical at each beat in F-AFL, we should expect sub-
stantial variability in the ECG pattern. Therefore, it is hy-
pothesized that the mechanism of AFL can be differenti-
ated from 12-lead surface ECG based on intervals between
two & more than two continuous atrial activities within
R-R intervals, which is shown in Fig-1. These atrial ac-
tivities have been detected by the Generalized Likelihood
Ratio Test (GLRT). There are 444 intervals of 5 F-AFL
ECGs and 2546 intervals of M-AFL ECGs in the original
dataset. These intervals have been used in the data aug-
mentation techniques to balance data in ECG numbers.

2.3. Data-Augmentation Techniques

Numerous strategies for compensating for the imbalance
have been suggested [7], including resampling the dataset.
Either reduce the sample size of the majority class or in-
crease the sample size of the minority class. In this paper,
a comparative study between two data-augmentation tech-
niques, namely Synthetic Minority Oversampling Tech-

niques (SMOTE) [8] and Smoothed Bootstrap [9], has
been proposed and determined which one is the better tech-
nique for data-augmentation in the AFL case. In These
augmentation techniques, the consecutive p-wave intervals
have been used from the original ECG as a input data to
generate synthetic ECG intervals (augmented-dataset).

2.4. Validation of Data-Augmentation Tech-
niques

Three different kinds of methods have been proposed
to validate the augmented data with their original dataset
properties.
1. Statistical Descriptive of Dataset

This method has compared the statistical properties of
both original and synthetic datasets and observed how
much synthetic dataset has a difference in percentage
from their original dataset properties. The difference
should be as low as possible to accept that the aug-
mented data has correctly generated like their original
one. The mean, variance, and skewness have been taken
into account in the comparison method.

2. Goodness-of-Fit Test
A typical test for the goodness-of-fit test is a Chi-square
test. Chi-square determines if a relationship exists be-
tween categorical data. This test has been used to com-
pare the ratio or frequency between the original and
synthetic datasets. With this method’s help, it has been
verified that whether the null hypothesis is accepted
with their original data set or not. The accepted null
hypothesis has further validated that both original and
synthetic datasets are similar to each other. Whereas,
significance level has been used as default as p < 0.05.

3. Root-Mean-Square-Error (RMSE)
In the third and last test for validation of augmented
data has been used RMSE. This method has been used
after evaluating the classifiers’ performance (accuracy,
specificity, and sensitivity). Moreover, synthetic data’s
performance must have the same performance as the
original data to validate it. Two dataset were used at
the classifiers’ input, the original dataset (5 Focal &
41 Macro ECGs) and the synthetic dataset (5 synthetic
Focal & 41 original Macro ECG). However, the previ-
ous two methods have only original and synthetic Focal
ECG as the input dataset. The RMSE has been mea-
sured between the original and synthetic dataset’s per-
formance, as shown in Fig. 3. Moreover, its measure-
ment must be minimum value to validate the dataset.

2.5. Feature Extraction

The features extracted from successive intervals of atrial
activities have been divided into four statistical descriptive



Table 1. Feature List
Statistical Descriptive Variable

Central Tendency
Mean

Median
Mode

Dispersion
Standard
Deviation
Variance

Shape Skewness
Kurtosis

Length (Intervals)
Minimum
Maximum
Sum of all

analysis parts. Their names are Central tendency, disper-
sion, shape, and length of data. Central tendency gives
information about the center of the data such as Mean (av-
erage), Median (middle value), and Mode (most frequent
value). Dispersion of data has two variable names standard
deviation and variance. Further, the shape of data has two
variables: skewness for symmetric and kurtosis for out-
liers of the data. In contrast, the data length has minimum
interval, maximum interval, and total length of all consec-
utive intervals. In short, a total of ten features have been
extracted from the calculated intervals of proposed succes-
sive intervals of atrial activities as shown in Table 1.

2.6. Classification

Classifiers are used to train the data in order to discrimi-
nate against the AFL mechanism. The output of these clas-
sifiers is directly related to the dataset’s attributes. Three
distinct types of classifiers were evaluated for their relia-
bility. The linear discriminant analysis (LDA), the logistic
regression analysis (LOG), and the linear support vector
machine (SVM) are the terms used to describe these classi-
fiers. The previous article described the learning setup. To
summarize, an exhaustive wrapper evaluation of all possi-
ble combinations of features was performed, and classifier
performance indicators were calculated for each combina-
tion. This was done for all three classifiers and all two
datasets [2].

3. Results and Discussion

The accessed data set is highly imbalanced. Its
performance has been obtained from the original data
set is average accuracy, specificity, and sensitivity are
90.48, 16.75, 99.47 LDA, 90.96, 16.87, 100 LOG, and
89.13, 0, 100 SVM in percentage, respectively. The maxi-
mum performance of the LOG classifier at original dataset
has been shown in Fig. 2. It has been observed that the
specificity is poor with less than 17% in all classifiers as
compare to other performances. The main reason is biased

Figure 2. Performance of the LOG classifier at the original
and the 800% SmoothedBootstrap dataset

in the original dataset because the classifiers do not have
adequate ECGs of the minority F-AFL class for proper
training. Therefore, the SMOTE and Smoothed-Bootstrap
techniques have been used for data augmentation in the
minority class only. Initially, five synthetic F-AFL ECGs
were generated based on five original Focal minority ECGs
by two proposed techniques. Then it has been verified
with the available original minority dataset by three dif-
ferent methods. Three main parameters (Mean, Variance,
and Skewness) have been chosen from statistical proper-
ties that reflect the dataset’s behavior. It has been observed
that Smoothed-Bootstrap has minor percentage error in the
Variance and Skewness parameter, whereas SMOTE has
only better in the Mean parameter. The result has been
shown in Table-2. For further validation, the Chi-square
test has also been performed to identify that the data of
Smoothed-Bootstrap has accepted the null hypothesis with
a p-value of 0.1934, which means its data set is similar
to the original minority data set. Whereas SMOTE has re-
jected the null hypothesis with a p-value of less than 0.005,
its data set is not similar to the original minority data set.
This test has been used to compare the ratio or frequency
between the original and synthetic datasets with 6 msec.
Moreover, the minimum RMSE value has also been found
in the Smoothed-Bootstrap, as shown in Fig 3. In detail,
the average RMSE of LOG has of 0.0055 in the accu-
racy performance of the smoothed bootstrap. Whereas the
SMOTE has 0.0060, which is higher, Smoothed-Bootstrap
is selected as better techniques than Smote. The other
specificity and sensitivity performances of the same LOG
classifier have approximately equal to each other with
0.0545 and 0.0001 average RMSE, respectively. In sum-
mary, overall, three tests have been performed for data vali-
dation, and Smoothed-Bootstrap has been found prominent
in two tests; however, in the descriptive statistical compar-



Figure 3. RMSE of augmented techniques (SMOTE,
Smoothed-Bootstrap) between the original dataset for
LOG classifier

Table 2. Statistical Descriptive Analysis of Minority
Dataset

Mean Variance Skewness
Difference from the Original in Percentage

SMOTE Smoothed SMOTE Smoothed SMOTE Smoothed
Synthetic -0.170 0.486 28.191 -2.195 22.1289 3.7883

ison, it is partially prominent. So, it has been concluded
that the Smoothed-Bootstrap is the best technique to uti-
lize for data augmentation to balance the minority class
with their majority class. Finally, the Smoothed-Bootstrap
technique has been preferred to augment the minority F-
AFL dataset with 800% to balance with the majority M-
AFL. The performance of such a balanced dataset from
three classifiers has been shown in Table-3. In the data
validation, comparing the original dataset with its copy
synthetic dataset, the Smoothed-Bootstrap is a good tech-
nique compared to SMOTE. Therefore, the performance
has only focused on the Smoothed-Bootstrap. However,
SMOTE has a high result but has also higher RMSE while
validating, and has more error or variation in the 800%
dataset. Furthermore, it has been observed that the LOG
has maximum performance with 71.08%, 77.13%, 65.12%
accuracy, specificity, and sensitivity, respectively. Accord-

Table 3. Mean values of classifier’s performance after 100
iterations (Balanced dataset 40:41 Focal-Maro ECG ratio)
at 800% Augmentation

Techniques Performance LDA LOG SVM

SMOTE
Accuracy 68.28 73.58 70.28
Specificity 70.61 85.27 73.96
Sensitivity 66.31 62.42 66.67

Smoothed-

Bootstrap

Accuracy 62.93 71.08 67.67
Specificity 59.47 77.13 68.27
Sensitivity 66.23 65.12 67.60

ing to performance, it has been validated that the proposed
hypothesis of consecutive P-P wave intervals is a valuable
method for discriminate the F-AFL from M-AFL.

4. Conclusion

This study draws two conclusions: first, the smoothed-
Bootstrap technique is the most effective technique for bal-
ancing the majority class’s data set. Second, the variability
in the cycle length of consecutive P-waves from the surface
ECG has discriminated the F-AFL from M-AFL, support-
ing the proposed hypothesis. The 12-lead surface ECG has
been utilized to distinguish the mechanism of AFL.
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