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Objecftives

» Preprocessing stage "P wave-R peak-R
peak’

* Recognize 5 classes of beats on ECG
signals




Intfroduction

CVDs are the number 1 cause of death globally.
An estimated 17.9 million people died from CVDs in 2016 .

ver three quarters of CVD deaths take place in low and
middle iIncome countries.

Most cardiovascular diseases can be prevented.

People with cardiovascular disease or who are at high
cardiovascular risk need early detection.

*CVDs Cardiovascular diseases
https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-dise ases-(cvds)



Intfroduction

« CVD remains the leading cause of death in the United States,
responsible for 840,768 deaths (635,260 cardiac) in 201 6.

« The annual total cost of CVD In the United States was
estimated at $351.2 billion in 2014-2015.

Approximately every 40 seconds, an American will have a
myocardial infarction.

In the United States in 2019, coronary events are expected 1o
occur in about 1,055,000 individuals, including 720,000 new and
335,000 recurrent coronary events.

\

https://www.acc.org/latest-in-cardiology/ten-points-to-remember/2019/02/15/14/39/aha-2019-heart-dise ase-and-stroke-statistics



Infroduction

Figure 1. Taking an ECG
Credits: WHO/Quinn Mattingly What Is an ECG - Performing an ECG Video

*Video-Source-https.//www.youtube.com/watchev=SNrTbel2h84
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Figure 4. Example of ECG beats waveforms.
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Table 1. Category of beat annotations according 1o ANSI

Category Kind of beats

Normal Beat
Left Bundle Branch Block Beat
Normal beat (N) Right Bundle Branch Block Beat
Atrial Escape Beat
Nodal Escape Beat

Atrial Premature Beat
Aberrated Afrial Premature Beat
Nodal Premature Beat
Supraventricular Premature Beat

Supraventricular beat (§)

Premature Ventricular Contraction

Premature Ventricular Contraction (V) Ventricular Escape Beat

Fusion of Ventricular and Normal beat (F) Fusion of Ventricular and Normal Beat
Paced Beat
Unknown beat (Q) Fusion of Paced and Normal Beat

Unclassifiable beat

*ANSI/AAMI EC57: Testing and Reporting Performance Results of Cardiac Rhythm and ST Segment Measurement Algorithms( AAMI
Recommended Practice/ American National Standard), Order Code: EC57- 293, 1998.




Database

MIT-BIH Arrhythmia Database

« 23 records chosen at random.

25 records include a variety of rare phenomena.

records is 30 minutes.

Sampling frequency is 360Hz, we resampled to 125 Hz.

The database provides annotations in the R peaks.
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\ Figure 5. Block diagram of proposed approach.
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Figure 7. Example of a 10s ECG window.
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Figure 8. Segmentation of beats.
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Figure 10. Examples of segmented Normal beats.
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Input: M
Output : vec
median «— median(M)
for each element of M
veC «— element of M
if median > length of vec do
vec «— Padding the signal with zeroes
if median <= length of M do
vec « Selecting a signal part with the length equal
to the median

\ vec —DWT(vec)

DWT, Discrete Wavelet Transform (DBJ5)
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Figure 13. Diagram of Neural Network




Results

Table 2. Number ECG signals per training, validation, and testing set.

Number of Training Validation Testing .
Category beats 60% 20% 20% Precision
Normal beat (N) 90327 54229 18049 18049 0.98
Supraventricular
beat (S) 2776 1570 603 603 0.94
remature
Ventricular 7230 4406 1412 1412 0.96
Contraction (V)
Fusion of
Venftricular and 803 475 164 164 0.92
Normal beat (F)
s oeat 3893 2337 778 778 0.99

(Q)

The average precision is 97%




Results
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Figure 14. Model loss and Model Accuracy of the model.




Results

Table 3. Comparison to other reported works.

Reference Approach Accuracy %
This Work “P w-R p-R p"+DWT 7%
/[8] 2020 DWT Atomic + SVM 98.9%
/ [9]1 2018 Deep Residual CNN 93.4%
[21] 2017 Augmentation + CNN 93.5%
\\{\ [20] 2016 DWT+Random Forest 94.6%

\




Conclusions

The extracted beats show the differences between each
category of them as shown the Figure 12(a-e).

The preprocessing stage allows extract the information "P wave-R
-R peak™ as shown the Figure 8.

e approach is able to make predictions with better accuracies
to other reported methods in the literature as shown the Table 3.

This proposal should be more robust when the approach will be
applied in a wide database.



Future Work

» The database will be balanced using synthetic signals.
« Other databases will be used to test the system.

Another DWT will be applied.

« DL approach will be used as classifier.
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* A. Hernandez-Matamoros, phd.matamoros@gmail.com
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