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Task 
Electrocardiograms today are manually interpreted and
used as a basis for diagnosis. The use of
electrocardiographs that can be operated by the
patient himself open new possibilities of diagnosing
heart arrhythmia and other conditions. At the same
time they increase the amount of data that needs to be
processed. While the final diagnosis will remain the
task of a doctor for the near future, there is already
now potential for an automated system to prioritize
electrocardiograms.
This work investigates the automatic classification of
heartbeats on modern hardware architectures. We
show that an accuracy of 98.5% is possible with
different types of neural networks.

Results

Heartbeats that have been automatically
recognized should be classified into normal
beats (a), wide beats – like the right bundle
branch block shown in (b), or artifacts that
were recognized as beats (c).

Type Accuracy Precision Recall F1-score
MLP 98.45% 98.54% 98.33% 98.44%
DTW DT 65% 73% 68.4% 70.62%
LSTMN 98.87% 98.86% 98.90% 98.87%

Table 1: Precision, Recall, F1-score are the values in respect to the class of normal beats

able a three way classification into normal, wide heart-
beats as well as artifacts. A QRS complex ”too noisy
to be correctly classified” is called an artifact. In addi-
tion, there are noisy sections that look so similar to a
QRS complex that they are triggered as such and must
therefore also be recognized as artifacts. The review
of two independent physicians is not practical in real
world scenarios, which makes increasing the amount
of training data difficult.

3 Current Status

In the last six month we investigated the use of dif-
ferent types of neural networks, in multiple areas of
interest. We developed a prototype for Generative Ad-
versarial Networks, Dynamic Time Warping (DTW),
Multilayer Perceptrons (MLPs) and Long short-term
Memory Networks (LSTMNs).
In the area of neural networks, we leverage two con-
crete architectures: Deep Neuronal Network (DNN)
and LSTMN. DNNs refers to the concept of having
multiple layers of neurons. The concept of LSTMNs
introduces special neurons, which feature more so-
phisticated input/output logic, as well as memory to
enable stateful behavior.
For the pre-processing of the data, we take advantage
of DTW and Decision Tree Classification (DT) tech-
nologies. Both serve as a filter to separate out ECG
data which is unusable for the analysis (e.g., due to im-
proper placement of measurement electrodes). While
DTW is an approach to quantify the similarity of sam-
ple sequences, DTs are an abstraction to represent de-
cision algorithms (e.g., classification).
We also covered the theoretical work for a Rein-
forcement Learning (RL) solution and a Convolutional
Neural Network (CNN), but these approaches where
not tested in practice so far.

3.1 Approach

The work presented uses Tensorflow [1], Keras[3] and
scikit learn[9] to build and test the machine learning
models. The training data exists in the WFDB data for-
mat. It is accessed and displayed by using the WFDB
package for python[12]. After loading of the data
from the database the electrocardiograms are then cut
into single heartbeats using the annotations for beats
present in the dataset. After splitting the data into
sets for training and testing, the respective models are
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Figure 2: The pipeline used to classify heartbeats

trained and evaluated. Inside this overall approach the
following techniques were evaluated:

3.1.1 Generative Adversarial Network (GAN)

The GAN consists of two networks, the generator and
the discriminator. The generator gets a vector of ran-
dom data and generates a realistic looking ecg. The
discriminator learns to distinguish between the ecg
data generated by the the generator and the actual
training data from BIH-MIT. The generator consists of
a MLP with two hidden layers it scales the 100 dimen-
sional vector to the needed number of samples. The
discriminator is structured the same way but reverses
the process and reduces the ecg beat to a single number
describing if the ecg beat is part of the real dataset.

3.1.2 Dynamic Time Warping (DTW)

DTW [2] is an algorithm to pre-process time-
continuous data. First we cut the beats out of the
record with the wfdb-functions, after that we pre-
process the data of record 200 with DTW. We used
the first beat of record 100 as the template curve. Then
we train a DT over the results. Afterwards we let the
DT classify our test data. Our test data is preprocessed
with the same DTW-algorithm.

3.1.3 Multilayer Perceptron (MLP)

We developed several MLPs to classify our data. Our
best MLP had two hidden layers with 64-32-16 neu-
ron architecture. This approach especially fits in our
use-case, because we want to let the network learn the
abstract concept of an artifact or rather of a wide heart-
beat. This requirement of trying to learn an abstract
concept is often well addressed by MLPs.[10]

The results of both MLP and LSTMN techniques
scored about 98% in all measures. With this result
they are far superior to the results for DTW.
In general the training phase of LSTMNs is slower
than MLPs.

Architecture
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