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Abstract. The application of Machine Learning, in recent times, has ex-
celled with positive outcome in many fields, including the medical field,
such as handling cardiovascular problems. In this paper, we aim at de-
veloping a machine learning algorithm for detecting Atrial Fibrillation,
as one of the most common and mortal types of heart rhythm prob-
lems - arrhythmias. Especially we address the research question of which
dataset to be used in the learning process to reveal optimal results. The
experiments are conducted using the following algorithms: Support Vec-
tor Machines, Decision Trees and Random Forest training validating and
testing on specific selection of the three most popular publicly available
electrocardiogram databases that contain episodes of Atrial Fibrillation.
The research concluded that the best results are obtained by the Random
Forest algorithm trained on LTAFDB selected by the 80-10-10 rule for
training, validation and testing.

Keywords: Atrial fibrillation · Machine learning · ECG · Physionet

1 Introduction

The most common cardiovascular rhythm characterized with the highest mortal
rates is the irregular arrhythmia Atrial Fibrillation (AFib), developing to heart
attack [17]. The risk of developing AFib is 23.8% for males and 22.2% for females
for patients in age between 55 and 75 years [9]. Recently, a lot of research was
conducted using Machine Learning (ML) methods and revealed promising results
analyzing an electrocardiogram (ECG) [4], [5], [15], [1], [11].

The main goal in this research is choosing the right ECG database and train-
ing method to develop an algorithm for detecting and classifying AFib episodes
in long-term ECG recordings based on binary classification by observing the
anomalies in the RR intervals.

Physionet contains at least three publicly available ECG databases [7] with
AFib episodes, including Long Term AF (LTAFDB) [16], MIT-BIH Arrhythmia
(AFDB) [12], MIT-BIH Atrial Fibrillation (MITDB) [13].



Recently, we have reported a method to choose the best segment labeling
method [6] to be the majority method compared to the pure method for segment
labeling.

The experiments in this research are based on implementation of the following
ML algorithms Support Vector Machines (SVM) [2], Decision Tree (DT) [3],
Random Forest (RF) [10].

The research problem addressed in this paper is selecting the database which
will reveal the best results when the algorithm is being tested with the other
databases. In addition, we address the problem of some irregular heart rhythms
which follow a regular pattern, such as bigeminy, trigeminy, etc., while the AFib
represents a heart rhythm which is irregular and occurs without any predefined
pattern.

Therefore, the problem of selecting a proper training dataset is not so trivial.
Many researchers used the same dataset for training, validation and testing,
which does not cover other types of arrhythmia, and, unfortunately, can not be
confirmed in real-time situations.

This was the main motivation in this paper, selection of a proper testing
dataset that covers different real-time type of arrhythmia, and then selecting
a training dataset. We have selected the MITDB as a testing dataset, since it
covers a lot different types of arrhythmia, and selection of a training dataset was
not coached by better results on a similar database, which mostly contains AFib
episodes.

To evaluate the test results of developed algorithms and different experi-
ments on different ECG databases and training methods, we use the following
performance metrics Sensitivity (SEN), Specificity (SPC), Positive Predictive
Value (PPV) and F1 - score. The Duration Method [8] was used instead of
methods based on beats or number of episodes. In addition, to compare different
approaches, we use an Improvement Factor (IF).

Section 3 presents the basic knowledge in the field of cardiovascular diseases.
In Section 4 we define the feature engineering. Section 2 describes the methods
and ECG databases used in the research, and Section 5 the obtained results,
discussed in Section 6. Finally, the conclusion and future directions are presented
in Section 7.

2 Training Datasets

Publicly available ECG database from Physionet [7] have been implemented
for decades in the medical field, and research for AFib includes the LTAFDB,
AFDB and MITDB databases. Each of the bases contains a different number
of ECG recordings of different patients recorded with modern Holter apparatus
and analyzed and labeled with annotations by certified and qualified medical
professionals.

An annotation file is accompanied for each ECG record in the database with
annotations for each registered heart beat: timestamp, sample id, beat type,



Table 1. Training datasets Physionet ECG databases

ECG DB records avg. length # samples sampling episodes

LTAFDB 83 24h 8.903.169 128 Hz 9

AFDB 25 10h 1.221.532 250 Hz 4

MITDB 48 30min 109.483 360 Hz 11

58.78%

42.55%

10.70%

41.22%

57.45%

89.30%

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

LTAFDB AFDB MITDB

AFIB nAFIB

Fig. 1. Overview of class ratio in each ECG databases

rhythm annotation, and other features. The timestamp of each heart beat in the
recordings is relative to the beginning of the ECG recording.

19 beat annotations and 22 non-beat annotations are recognized according
to the description of Physionet [7]. The type of heart rate will play a role in
determining the features needed to train the algorithms.

Since the goal is to develop a binary classifier, the rhythm annotations are
divided into a positive class AFib and a negative class nAFib where all other
rhythm annotations are, including normal and other abnormal heart rhythm
annotations.

LTAFDB includes 83 recordings from 83 individual patients each 24 hours
long with a total of 8.903.169 annotated beats sampled at 128 Hz with the
following nine rhythm annotations: (AB, (AFib, (B, (IVR, (N, (SBR, (SVTA,
(T and (VT.

AFDB includes 25 recordings from 25 individual patients each 10 hours long
with a total of 1.221.532 annotated beats sampled at 250 Hz. These beat samples
are annotated by four rhythm annotations: (AFib, (AFL, (NOD and (N.

MITDB includes 48 recordings from 48 individual patients each half hours
long with a total of 109.483 annotated beats sampled at 360 Hz. All this beat
samples are annotated by eleven rhythm annotations: (AFib, (AFL, (B, (IVR,
(N, (NOD, (P, (SBR, (SVTA, (T and (VT.

Various rhythm episodes may influence the quality of the AFib classifier, so
the selection of a proper training dataset is very important to avoid problems in
real-time situations.



3 Feature Engineering

Solving a problem related with cardiovascular problems of any kind requires
introduction to the functionality of the heart and how is represented for more
descriptive analysis.

Heartbeats are part of an electrical system (Electrical conduction heart sys-
tem) that regulates the contraction of heart muscles, where they differ from
one another. A heartbeat can be recognized from a standard ECG contains by
identification of a P-wave (a wave with small amplitude), QRS complex (the
most exposed wave succeeding the P-wave) and T-wave (the wave succeeding
the QRS complex, with higher amplitude than P-wave but not exposed as the
QRS complex).

R-peak is the highest amplitude and the central point of the QRS complex.
The rhythm in the ECG is determined by the occurrence of R-peaks, and RR dis-
tances between neighboring R-peaks. Irregularity is then detected by the analysis
of the RR sequence.

Rhythm is determined by the patterns of the RR segments and can be rec-
ognized as normal sinus rhythm (NSR), or one of the following arrhythmia:

– Atrial bigeminy (AB)
– Atrial fibrillation (AFib)
– Atrial flutter (AFL)
– Ventricular bigeminy (B)
– 2◦ heart block (BII)
– Idioventricular rhythm (IVR)
– Nodal (A-V junctional) rhythm (NOD)
– Paced rhythm (P)
– Pre-excitation (WPW) / (PREX)
– Sinus bradycardia (SBR)
– Supraventricular tachyarrhythmia (SVTA)
– Ventricular trigeminy (T)
– Ventricular flutter (VFL)
– Ventricular tachycardia (VT)

AFib is usually diagnosed by the absence of P-waves and irregular rhythm
that does not follow any particular pattern.

The method of feature extracting in our previous research [6] starts with
calculation of RR segments and continues with labeling of the rhythm episode
(arrhythmia). Segments are labeled according to the majority of the assigned
arrhythmia for the majority-based rule, on contrary of the pure-method which
uses only segments with single arrhythmia. The sliding window technique is
used to generate all the segments of consecutive RR segments to be used in the
training, validation and testing phase.

The number of successive RR intervals in the generated segments with the
sliding window are in the odd number range of [5, 7, . . . , 49] in order to apply
the majority rule.



4 Experimental Setup

4.1 Evaluation Metrics

Model performance is calculated using metrics: sensitivity, specificity, positive
predictivity value, F1-score and improvement factor. All of these are defined
using True Positive (TP), True Negative (TN), False Positive (FP) and False
Negative (FN).

Sensitivity (SEN) measures the proportion of correctly identified sequences
of AFib in regards to the all detected positives and is calculated by (1).

SEN =
TP

TP + FN
(1)

Positive Predictivity Value (PPV) or simply a precision - measures the pro-
portion of sequences correctly classified as AFib in regards to the real number
of positive results and is calculated by (2).

PPV =
TN

TN + FP
(2)

The F1 score is calculated by (3) as a harmonic mean of the precision and
sensitivity.

F1 =
2 ∗ PPV ∗ SEN

PPV + SEN
(3)

All of the above mentioned methods are calculated following the duration
method (Gusev et al. [8]), where the evaluation is performed by comparing the
lengths and how much the episodes match the original data with that provided by
the model. In a way, this method standardizes the measuring of the performances
of the models when dealing with this kind of problem.

An Improvement Factor IF (Improvement Factor) of the algorithm A versus
B compares the correpsonding F1-score values and is calculated by (4). If the
ratio is positive then the result is in favor of A.

IF =
F1A − F1B

F1B
(4)

4.2 Training Procedure

After extracting the features, the data of each ECG database is prepared for re-
search using the model by dividing into a train, validation and test dataset. The
training dataset is used exclusively to train the machine learning algorithms. A
validation set checks the performance of training algorithms to see if there is
room for improvement and to serve as an indicator when optimizing algorithms.
The test dataset shows the final performance of the algorithms after being opti-
mized, such a dataset is hidden from the algorithms to the end to see how they
respond to new unseen samples.



In this experiment the data was split by a ratio of 80/10/10, where 80% of
the data is for training, 10% for validation and 10% for testing. This split ratio
is based on the Pareto Principle (80/20 rule) [14], where in most cases 80% of
effects come from 20% of causes, it statistically does come close to explaining
many human, machine, and environmental phenomena. For this reason, and
typically without knowledge of the source, many use the 80/20 split for training
and testing.

Since each of the data in the ECG databases represents individual patients,
actually dividing them with such a ratio does not amount to merging all the
patients and randomly dividing them. Since the ratios of classes in each data
set are different, the data are grouped in such a way that the ratios of classes in
the training, validation and testing dataset are almost the same as the ratios of
classes in the respective ECG database.

In this paper, we decided to use one dataset for training, validation, and
testing using the 80/10/10 rule, but in addition to test the algorithm also with
the other two datasets.

We use notation of L for LTAFDB, A for AFDB and M for MITDB. The con-
ducted experiments include all combinations of tested all combinations (Training-
Validation-Testing) for the ECG datasets, such as, (L-L-L) meaning the LTAFDB
is used with 80/10/10 rule for the LTAFDB, etc.

5 Results

The experiment is performed in order to select the adequate ECG database.
Due to the smaller number of AFib episodes in the MITDB database, we used
only LTAFDB and AFDB for training with RR intervals as features, with both
labeling methods majority and pure trained individually on the three proposed
machine learning algorithms. The testing was conducted on the MITDB ECG
database. Table 5 presents the values of the improvement factor of the validation
process for models trained and validate on LTAFDB (L-L-L) and trained and
validate on AFDB (A-A-A), and Table 6 represents the values of the improve-
ment factor of the testing process on MITDB (L-L-M and A-A-M).

As we can see AFDB has a advantage above LTAFDB in this state of devel-
opment. This is due to the fact that the AFDB (Fig. 3) database has relatively
few different types of arrhythmias than LTAFDB (Fig. 2), where the differences
in arrhythmias occur.

Therefore, we started testing the model with the other database as a more
reliable result. It is noted that when testing with other databases, all the results
are negative, meaning that the LTAFDB was generally generalized, that is, when
AFib was detected in data outside the training dataset it went as a better ECG
database. In the following experiments, the LTAFDB serves as a base for finding
the optimal detection and classification specifications for AFib, more in Section 6.
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Testing, 1 for class 1 (AFib), and 0 for class 0, (non-AFib)

6 Discussion

The results of experiment determine which ECG training database yields better
results. Figure 6 shows the results of testing the trained models on the MITDB,
according to the average of the improvement factor of the trained models, AFDB
shows better validation results (Fig. 5), but worse testing because of the char-
acteristics of the databases themselves, as presented in (Fig. 3), AFDB has few
arrhythmias which are different from AFib and therefore not trained with ex-
amples that have characteristics similar to the ADIB with irregular rhythm and
which can lead to erroneous conclusions. More precisely, LTAFDB is better for
training, encompassing more types of arrhythmias, and on the other hand the
number of segments used for training is larger (Fig. 1).

Table 6 shows the improvement factor values of all developed ML algorithms
on LTAFDB and AFDB tested on MITDB. The average values of these results
lead to a conclusion that the improvement factor is negative for all algorithms



Segment length SVM DT RF SVM DT RF SVM DT RF SVM DT RF

5 63.66% 84.94% 85.28% 69.04% 85.02% 85.32% 5.73% 91.75% 91.99% 78.79% 91.67% 91.99%

7 65.71% 86.11% 86.17% 49.65% 85.96% 86.22% 12.38% 92.75% 92.92% 48.12% 92.76% 92.86%

9 69.60% 86.50% 86.56% 69.57% 86.36% 86.40% 77.94% 93.33% 93.29% 9.20% 93.09% 93.27%

11 61.43% 86.84% 86.74% 65.59% 86.43% 86.72% 18.58% 93.53% 93.45% 4.34% 93.47% 93.33%

13 69.08% 87.04% 86.89% 60.36% 86.47% 86.90% 60.07% 93.58% 93.82% 60.12% 93.69% 93.74%

15 70.64% 87.22% 87.30% 64.13% 86.54% 87.14% 19.54% 93.71% 93.55% 5.84% 93.53% 93.73%

17 62.00% 87.19% 87.53% 60.06% 86.69% 87.54% 27.01% 93.87% 93.72% 78.11% 93.64% 93.71%

19 43.71% 87.08% 87.87% 68.27% 86.85% 87.76% 34.12% 93.89% 93.67% 79.74% 93.66% 93.63%

21 64.63% 87.37% 87.94% 65.53% 86.94% 88.05% 39.22% 93.78% 93.49% 82.42% 93.81% 93.63%

23 61.45% 87.11% 88.26% 64.79% 86.86% 87.78% 65.76% 93.57% 93.36% 63.29% 93.60% 93.51%

25 53.25% 87.47% 88.24% 64.81% 86.87% 88.16% 59.83% 93.49% 93.43% 25.55% 93.73% 93.53%

27 50.64% 87.69% 88.50% 56.87% 86.85% 88.11% 70.09% 93.56% 93.30% 36.02% 93.84% 93.50%

29 66.74% 87.72% 88.43% 57.72% 87.01% 88.05% 57.81% 93.46% 92.70% 46.48% 93.72% 93.06%

31 44.65% 87.71% 88.55% 65.49% 87.16% 88.37% 73.16% 93.36% 92.61% 34.66% 93.34% 92.88%

33 61.66% 87.82% 88.58% 65.68% 87.21% 88.44% 44.55% 93.23% 92.31% 40.17% 93.38% 92.58%

35 65.82% 87.82% 88.86% 65.56% 87.40% 88.57% 42.11% 93.33% 92.04% 77.00% 93.30% 92.34%

37 58.65% 87.95% 88.82% 65.40% 87.36% 88.75% 23.32% 93.20% 91.88% 30.20% 93.08% 92.29%

39 69.54% 88.00% 88.79% 65.55% 87.44% 88.58% 41.93% 93.13% 91.89% 36.48% 93.14% 92.09%

41 65.32% 88.42% 89.05% 65.37% 87.53% 88.68% 74.19% 93.28% 91.57% 56.59% 93.30% 92.06%

43 65.50% 88.49% 89.10% 65.40% 87.52% 88.99% 35.56% 92.69% 91.48% 42.58% 93.15% 91.96%

45 64.19% 88.30% 89.02% 65.32% 87.58% 88.86% 36.98% 93.11% 91.58% 46.66% 93.15% 91.59%

47 65.75% 88.31% 89.13% 65.25% 87.66% 88.82% 72.23% 93.02% 91.33% 45.02% 93.25% 91.50%

49 65.62% 88.40% 89.10% 65.27% 87.84% 88.90% 51.03% 92.95% 91.52% 41.01% 93.22% 91.39%

ltafdb afdb

majority pure majority pure

Fig. 4. F1 score results with majority and pure methods

Segment length SVM DT RF SVM DT RF SVM DT RF SVM DT RF

5 -90.99% 8.02% 7.87% 14.13% 7.82% 7.82% -72.29% 1.65% 1.72% 57.70% 1.60% 1.56%

7 -81.16% 7.72% 7.84% -3.09% 7.91% 7.71% -68.12% 0.99% 3.11% 4.84% -2.58% 3.76%

9 11.97% 7.90% 7.77% -86.78% 7.79% 7.94% 36.13% -2.04% 0.12% -59.54% -1.43% 0.07%

11 -69.76% 7.70% 7.74% -93.38% 8.14% 7.63% -60.93% -2.53% -0.44% -77.93% -6.08% 0.42%

13 -13.04% 7.51% 7.98% -0.40% 8.34% 7.87% -6.83% -6.42% -2.25% -35.73% -5.02% -1.17%

15 -72.33% 7.43% 7.16% -90.89% 8.08% 7.56% -36.34% -9.65% -5.05% -76.42% -4.95% -4.60%

17 -56.45% 7.66% 7.07% 30.06% 8.02% 7.04% -48.59% -8.70% -6.29% 3.72% -11.19% -5.69%

19 -21.94% 7.82% 6.60% 16.80% 7.84% 6.69% 15.20% -9.13% -10.20% 31.26% -9.41% -8.02%

21 -39.31% 7.34% 6.32% 25.77% 7.90% 6.35% -41.05% -9.18% -8.63% 3.49% -10.90% -11.65%

23 7.01% 7.43% 5.78% -2.31% 7.76% 6.52% 0.36% -12.70% -11.16% -6.67% -10.18% -11.61%

25 12.37% 6.89% 5.88% -60.58% 7.90% 6.09% 23.32% -14.02% -13.25% -52.09% -13.62% -13.48%

27 38.40% 6.70% 5.42% -36.66% 8.04% 6.11% 61.07% -13.13% -13.21% -40.08% -16.30% -14.85%

29 -13.38% 6.54% 4.83% -19.47% 7.71% 5.69% 4.05% -15.08% -15.00% -30.21% -13.77% -14.24%

31 63.86% 6.45% 4.59% -47.07% 7.08% 5.11% 101.99% -15.34% -16.77% -46.27% -15.02% -17.89%

33 -27.75% 6.16% 4.21% -38.84% 7.07% 4.68% -30.82% -16.59% -18.56% -40.31% -17.15% -19.78%

35 -36.03% 6.27% 3.59% 17.44% 6.75% 4.25% -34.71% -19.75% -20.89% -6.25% -17.58% -20.51%

37 -60.23% 5.97% 3.45% -53.81% 6.55% 3.99% -53.06% -18.38% -22.77% -49.22% -18.57% -20.48%

39 -39.71% 5.82% 3.49% -44.36% 6.52% 3.97% -13.69% -17.94% -22.17% -44.94% -19.98% -22.34%

41 13.57% 5.50% 2.83% -13.42% 6.59% 3.81% -2.72% -19.12% -22.82% -13.59% -20.68% -20.91%

43 -45.72% 4.75% 2.67% -34.90% 6.43% 3.35% -37.91% -18.24% -22.52% -38.38% -20.12% -23.48%

45 -42.40% 5.45% 2.87% -28.57% 6.36% 3.07% -38.30% -18.52% -23.11% -31.55% -18.18% -23.36%

47 9.86% 5.33% 2.46% -31.00% 6.38% 3.02% 0.30% -18.98% -25.28% -34.57% -20.15% -24.74%

49 -22.24% 5.15% 2.72% -37.17% 6.13% 2.81% -15.13% -19.46% -23.97% -39.05% -22.45% -25.74%

Average -25.02% 6.67% 5.27% -26.89% 7.35% 5.61% -13.83% -12.27% -13.02% -27.03% -12.77% -12.99%

E1.1 Improvement factor - validation E1.2 Improvement factor - testing

majority pure majority pure

Fig. 5. F1 score results with majority and pure methods

and segment labeling methods, which means that LTAFDB is more suitable for
this kind of problem.

Selection of a proper input database was analyzed with accent on combining
two datasets and shuffling the segments into a dataset used for training, valida-



Segment length SVM DT RF SVM DT RF

5 -72.29% 1.65% 1.72% 57.70% 1.60% 1.56%

7 -68.12% 0.99% 3.11% 4.84% -2.58% 3.76%

9 36.13% -2.04% 0.12% -59.54% -1.43% 0.07%

11 -60.93% -2.53% -0.44% -77.93% -6.08% 0.42%

13 -6.83% -6.42% -2.25% -35.73% -5.02% -1.17%

15 -36.34% -9.65% -5.05% -76.42% -4.95% -4.60%

17 -48.59% -8.70% -6.29% 3.72% -11.19% -5.69%

19 15.20% -9.13% -10.20% 31.26% -9.41% -8.02%

21 -41.05% -9.18% -8.63% 3.49% -10.90% -11.65%

23 0.36% -12.70% -11.16% -6.67% -10.18% -11.61%

25 23.32% -14.02% -13.25% -52.09% -13.62% -13.48%

27 61.07% -13.13% -13.21% -40.08% -16.30% -14.85%

29 4.05% -15.08% -15.00% -30.21% -13.77% -14.24%

31 101.99% -15.34% -16.77% -46.27% -15.02% -17.89%

33 -30.82% -16.59% -18.56% -40.31% -17.15% -19.78%

35 -34.71% -19.75% -20.89% -6.25% -17.58% -20.51%

37 -53.06% -18.38% -22.77% -49.22% -18.57% -20.48%

39 -13.69% -17.94% -22.17% -44.94% -19.98% -22.34%

41 -2.72% -19.12% -22.82% -13.59% -20.68% -20.91%

43 -37.91% -18.24% -22.52% -38.38% -20.12% -23.48%

45 -38.30% -18.52% -23.11% -31.55% -18.18% -23.36%

47 0.30% -18.98% -25.28% -34.57% -20.15% -24.74%

49 -15.13% -19.46% -23.97% -39.05% -22.45% -25.74%

Average -13.83% -12.27% -13.02% -27.03% -12.77% -12.99%

majority pure

ratio AFDB/LTAFDB testing

Fig. 6. Improvement factor of testing LTAFDB and AFDB on MITDB

tion and verification. However, this approach showed that this approach provides
higher performance scores than the models trained just on LTAFDB, but they
showed poor performance when tested on data outside of the train domain. For
example, if tested on another ECG database, such as AFDB, it shows poorer
results.

7 Conclusion

In this paper, we experiment in determining the adequate ECG database for
training the models used for detecting and AFib in ECG recordings. LTAFDB
ECG database proves to be adequate for this problem.

Future work aims at developing an optimal model for ML-based AFib de-
tection in ECG recording, and find the optimal ML algorithm, segment length,
features sets, segments labeling method and adequate ECG database.
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