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Abstract

Out-of-hospital cardiac arrest (OHCA) is a leading cause of death in the industrialized world,

with an estimated annual incidence that varies by 52.5 (in Asia), 86.4 (in Europe), 98.1 (in North

America), and 111.9 (in Australia) per 100,000 person-years. Lethal ventricular arrhythmias are

the most frequent causes of OHCA. A defibrillation shock is an effective treatment, and early

defibrillation is one of the key factors in survival from OHCA. However, chest compressions,

ventilations, and drug play a key role in the treatment of cardiac arrest. Under resuscitation,

automated external defibrillator (AED) require peri-shock pauses to analyze for a shockable

rhythm. This peri-shock are associated with a decrease in survival to hospital discharge.

The objective of this thesis is to determine if different artificial neural network (ANN) structures

can be used as a classifier, to determine the underlying heart rhythm under chest compressions

to remove peri-shock pauses during cardiac arrest. The analysis is conducted from data obtained

from 394 OHCA patients, where two datasets were used. Both containing 3-second segments

with clinical rhythm annotations resulting in 2446 and 422415 segments.

Results in this thesis suggest that there is no clear best method in the different neural network

methods for ECG data. However, FNN demonstrates the most promising results with an accu-

racy of 52.30%. This result emphasizes the problem regarding classification of ECG data with

compression artifacts.
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Chapter 1

Introduction

Out-of-hospital cardiac arrest (OHCA) is a leading cause of death in the industrialized world,

with an estimated annual incidence that varies with 52.5 (in Asia) 86.4 (in Europe), 98.1 (in

North America), and 111.9 (in Australia) per 100,000 person-years[18]. Lethal ventricular ar-

rhythmias are the most frequent causes of OHCA. A defibrillation shock is an effective treatment,

and early defibrillation is one of the key factors in survival from OHCA[17]. However, chest com-

pressions, ventilations, and drug play a key role in the treatment of cardiac arrest[35, 40].

It has been shown that interruptions of compressions, such as ventilations during Cardiopul-

monary resuscitation (CPR) or rhythm analysis when using an automated external defibrillator

(AED), have a negative effect on survival rate [4]. Coronary perfusion pressure2 requires a

period of ”rebuilding” to obtain the same pressure achieved before the interruption and drops

rapidly when CPR are stopped [30]. The blood flow is inadequate during these interruptions,

and perfusion pressure must be rebuilt after each pause in CPR [24]. When this occurs prior to

defibrillation, the heart of no longer in the best possible state to receive defibrillation[11]. In 2011

a study was conducted to see the effect on peri-shock pauses3 from OHCA events. The article

states: ”In patients with cardiac arrest presenting in a shockable rhythm, longer peri-shock and

pre-shock pauses were independently associated with a decrease in survival to hospital discharge.

The impact of pre-shock pause on survival suggests that refinement of automatic defibrillator

software and paramedic education to minimize pre-shock pause delays may have a significant

impact on survival”[6]. Peri-shock pauses are the motivation for this thesis, to be able to classify

heart beat rhythms with compressions artifact and remove the analytic window using an AED

to improve survival rate in OHCA.

2The pressure gradient that drives coronary blood pressure, it’s a part of normal blood pressure that is
specifically responsible for coronary blood flow[44].

3Pauses in chest compressions before and after defibrillator shock.



2 CHAPTER 1. INTRODUCTION

1.1 Prehospital scenario

Cardiac arrest may be witnessed by a bystander, and a crucial factor for survival is if the by-

stander knows the procedures of basic life support. If no life signs are verified, then CPR are a

crucial factor until paramedics arrive at the scene. They assess the situation and provides neces-

sary life support by clearing airways, continuing CPR, and give drug therapy and defibrillation.

Finally, the patient is transported to a nearby hospital for further intensive care. If the patient

is successfully resuscitated then the patient is admitted to the hospital for further observation

and is finally conscripted from the hospital with a normal life function.

1.2 Thesis outline

Chapter 2 - Background:

This chapter is divided into a physiology and technological part. The physiology part

gives the background for medical aspects of ECG, heart’s function, and rhythms. The

technological part presents the concepts of different neural network methods and how

networks are trained in detail. In addition to a brief presentation how synthetic data

can be generated.

Chapter 3 - Materials and methods:

Discusses the data material and presents the algorithm used to create the datasets. A

description of the implementation of methods and the outline of preliminary testing and

hyperparameters. In addition to the evaluation of the neural networks are presented.

Chapter 4 - Results:

Presents the best results generated from the different neural network models in detail.

Chapter 5 - Discussion:

This chapter contains a discussion of the material, performance of the classifiers and

sources of misclassification.

Chapter 6 - Conclusion and future work:

This chapter contains a conclusion of the analyzed methods and directions for future

research.

Appendix A - Performance metric and contingency tables:

A detailed presentation of the performance metric and contingency tables for the best

results for each method.
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Appendix B - Program files:

Matlab code:

A list of devised scripts and functions and their behavior are presented. All code de-

scribed can be found in the embedded file matlab.zip

Python code:

A list of devised scripts and methods with their behavior are presented. All code

described can be found in the embedded file python.zip. In addition to a list of pre-

requisites to be able to run the implemented code and information about the machine

learning library used.





Chapter 2

Background

This chapter is divided into a physiology and a technological part, where first it describes ECG

signals and the heart function and the rhythms that are evaluated in this thesis. Then, into

the depth of artificial neural networks and the different methods available. There will also

be explained how training a network is conducted with back-propagation. In addition to how

synthetic data can be generated to deal with imbalanced dataset problem.

2.1 Physiology

2.1.1 ECG signals

An electrocardiogram (ECG) is a recording of the electrical activity in the heart. ECG signals

can provide valuable information about abnormalities in the heart function as muscle damage

or dangerous rhythms. ECG is therefore used for surveillance of hospital patients, health checks

and in the stage before the patients arrive at the hospital.

2.1.1.1 The heart’s function

The heart is a muscular organ the size of a large fist whose primary function is to pump oxygen-

rich blood throughout the body. Its anatomy is divided into four chambers, two upper chambers

called the atria, where the blood enters. Two lower chambers called ventricles, where the blood is

forced into further circulation, see figure 2.1(a). A healthy heart contraction occurs in five stages:

The sinoatrial node (SA) located in the wall of the right atria as seen in figure 2.1(b), emits an

electrical impulse that stimulates the closest muscle cells in the atria to undergo depolarization

such that they contract. This propagates through the conduction system, it is then delayed

at the atrioventricular node (AV) which lets the blood in the atriums to be emptied into the

chambers. The impulse is then passed on to the ventricles resulting in a contraction and the

blood is transmitted to the circulatory system of the body and lung[41].
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Figure 2.1: Cross section of the heart, where a) indicates the direction of the blood flow in and
out of the heart and b) its electrical conduction system. (Source: Sørnmo and Laguna, 2005
[41])

2.1.1.2 Normal heart rhythm

In section 2.1.1.1 it was described how the heart function. Further, in this section, it will be

explained how the heart function can be identified in an ECG as illustrated in figure 2.2. The P

wave represents the atrial depolarization which is the sequential contraction of the right and left

atria. The PQ interval corresponds to the time where the impulse is emitted from the sinoatrial

node to the atrioventricular node. The QRS complex represents the simultaneous contraction

of the right and left ventricles. The ST segment consists of the connection of QRS complex

and the T-wave, during this time the ventricles are depolarized. The T wave represents the

repolarization of the ventricles and the QT interval resulting in the time from the QRS complex,

to the end of the T wave[41].

Figure 2.2: Wave definitions of a normal sinus rhythm with the important wave durations and
intervals. (Source: Sørnmo and Laguna, 2005 [41])
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It is important to remember that there are a wide range sinus rhythms depending on how

the leads are placed on the body. In a standard ECG measurement, 10 leads1 are placed in a

standardized position on the body surface and creates 12 measurements that are used to visualize

the electric activity in the heart from different angles. However, this thesis only evaluates data

originating from a two lead measurement, measured from an AED.

2.1.1.3 Abnormal heart rhythms

A normal sinus rhythm originates from the SA node and is typical between 50 and 100 beats

per minute (bpm) at rest. Any deviation of a normal sinus rhythm is called arrhythmia. There

are many different arrhythmias, such as premature beats, atrial and ventricular arrhythmias2.

Any rhythm below 50 bpm is referred as bradycardia and rhythms above 100 bpm is classified

as tachycardia.

Ventricular arrhythmias are the most common arrhythmias and are a result of the reentry3

mechanism. For this type of arrhythmia, we can have ventricular tachycardia and ventricular

fibrillation. Ventricular tachycardia occurs at a rate over 120 bpm and consist of beats with an

increased QRS width and large amplitude. VT is often the initiating rhythm of cardiac arrest,

and the chance of successful resuscitation is very good. Ventricular fibrillation is a totally

disorganized rhythm which the ventricles cease to depolarize in an orderly fashion. There is

no mechanical activity in the heart, the heart is in a fibrillating state. As a result, the heart

undergoing ventricular fibrillation cannot deliver oxygenated blood to the brain.

In this study, five different heart rhythms are evaluated; Ventricular fibrillation (VF), Ventric-

ular tachycardia (VT), Asystole (AS), Pulseless electrical activity (PEA/PE), and Pulse gener-

ating rhythm (PR). With compression artifacts, the heart rhythms may be abbreviated as CVF,

CVT, CAS, CPE, and CPR respectively. In figure 2.4 and 2.3, there is an example of 3-second

segments with the corresponding classes with and without compression artifacts respectively.

Note that the segments in figures 2.3 and 2.4 are taken from the same position at the corre-

sponding episode, i.e. the segments without artifacts are extracted prior to the compression.

One should notice that these segments vary on different episodes, with different amplitudes,

bradycardia- tachycardia rhythms, and artifact noise, this will be explained in further detail in

section 3.1.

1”The difference between a pair of electrodes is referred to as a lead.”[41]
2For the interested reader see chapter 6 in [41]
3The electrical impulse conduction is not completing the normal circuit, but loops back upon itself
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Figure 2.3: The five classes, VF, VT, AS, PR, PE without compression artifacts
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Figure 2.4: Corresponding segments, CVF, CVT, CAS, CPR and CPE with compression verified
using data from compression depth and/or impedance. See Appendix B.1 for details.

2.2 Technology

2.2.1 Artificial neural networks

In machine learning, artificial neural network or simply neural network (NN) is a computational

model for approximating mathematical functions. Which is based on a large connection of units

referred as neurons, which is loosely inspired by the biology of the brain. Typically neurons

are connected in layers and emit an activation signal to the following connected neurons. If a

neuron receives enough input, the neuron will become activated and the signal travels to other

interconnected neurons. These networks can be trained to learn arbitrary complex problems,
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such as determine specific voices, objects in an image and so on.

2.2.1.1 Feed forward neural network

Figure 2.5 shows a simple three-layer feed forward neural network (FNN), it consists of an input-,

hidden1- and an output layer. The network is made up of neurons that are interconnected by

modifiable weights w and is represented in figure 2.5 by the links between layers. In a feed

forward neural network, the data moves in only one direction from input to output without any

form of cycles, hence the name feed forward.

Figure 2.5: A simple example of a FNN structure.

Looking further into the details of feed forward neural network the input vector is presented to

the input layer, and the output of each input unit equals the corresponding component in the

vector. Each hidden unit computes the weighted sum of its inputs and uses a activation function

which is denoted as f(·). There are many different activation functions such as sigmoid, which

is the traditional function and are defined as:

f(z) = σ(z) =
1

1 + e−z
(2.1)

This activation function limits the output of a neuron between 0 and 1. To be able to better fit

the data, a bias unit is connected to each unit, as displayed in a more detailed version of FNN

in figure 2.6. In equation (2.2) we define net which is prior to the activation[9], and by denoting

the feature value x0 = 1, and append the bias as wj0
2, for our hidden layer we can then write:

netj =
d∑

i=1

wjixi + wj0 =
d∑

i=0

wjixi ≡ wt
jx (2.2)

1Everything in between the input layer and output layer is referred as a hidden layer.
2For equation 2.3 this would correspond to wk0
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where the subscript i indexes units in the input layer with d as of dimension of the data, j are

the hidden unit and wji denotes the input-to-hidden layer weights at the hidden unit j. The

output of a hidden unit is defined by equation (2.5), and for our output layer we can write:

netk =

nH∑
j=1

wkjyj + wk0 =

nH∑
j=0

wkjyj ≡ wt
ky (2.3)

where the subscript k indexes unit in the output layer and nH denotes the number of hidden

units. k specifies which output unit and wkj denotes the hidden-to-output layer weights at the

output unit k. This can be written compactly as:

zk = f

 nH∑
j=1

wkj f

(
d∑

i=1

wjixi + wj0

)
+ wk0

 (2.4)

yj = f (netj) (2.5)

Figure 2.6: A detailed example of a FNN structure

The output of an output unit is the probability of the specific predicted class, the activation

function used at the output is the softmax function and is defined as:

yk = f(netk) =
ezk∑c

m=1 e
zm

for k = 1, ..., c (2.6)

The computation of the input vector through the hidden layer(s) to the output is called forward

propagation. Generally, many of today’s neural network consist of multiple layers which have

led to the term deep neural networks, which opens up for highly complex nonlinear functions
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as input. This leads to many of today’s neural networks solving complex tasks such as speech

recognition systems and self-driving.

2.2.1.2 Convolutional neural network

Convolutional neural networks (CNN) are very similar to ordinary neural networks as shown

in 2.2.1.1. CNN consist of neurons that have trainable weights and biases, where each neuron

receives an input and performs a dot product and optionally follows it with a non-linearity, e.g.

an activation function. Instead of looking at the raw data as in FNN, CNN tries to find features

in the data, e.g. if your input is an image of a car, the CNN would try to find out if it is a

car and what type it is. ”Convolutional networks combine three architectural ideas to ensure

some degree of shift, scale, and distortion invariance: 1) local receptive fields; 2) shared weights;

3) spatial or temporal subsampling.”[47] In figure 2.7 there is an example of a convolutional

network with 8 filters1. ”Each unit in a layer receives input from a set of units located in a

small neighborhood in the previous layer”[47]. The small neighborhood in the previous layer

is referred as the receptive field of the neuron, this size is specified by the kernel size. The

receptive field neurons are able to extract features in signals or other visual features like edges

in an image. Generally the input to a CNN can be defined as a volume with dimensions Nir ×
Nic × D, where r and c are rows and columns respectively.

Figure 2.7: An example of a convolutional network consisting of; convolutional layer, pooling
layer and fully connected layer

1The dimensionality of the output space, e.g. how many feature maps generated
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Convolutional layers

A convolutional layer consists of a set of learnable filters. Every filter is small spatially (width and

height), but extends to the full depth of the input volume. A typical filter for one-dimensional

data could have size 1×2, or for two-dimensional data, the filter could be a 3×3×3 filter volume

(width × height × channels/depth) for an RGB image. During forwarding computation, each

filter is convolved across the width and height of the input volume and compute the dot product

between the entries of the filter and the input at every position in the input. This generates an

output called feature map/activation map that provides the responses of that specific filter at

every spatial position. The units in a feature map are all forced to perform the same operation on

different parts of the input. Having multiple feature maps ensures more features to be extracted

at each location. This is done by having the same weight plus the bias on each specific feature

map such that they detect the same feature at all possible locations in the input. These features

can then be combined in deeper subsequent layers in order to detect higher order features.

As described in section 2.2.1.2 CNN consist of a local receptive field, in addition to shared

weights and spatial subsampling. In 2.2.1.1 FNN have one neuron per input sample, for an input

of 1500×1 or 128×128, then the network would have had 1500 or 16384 weights plus 1 bias

for the input layer respectively. With multiple layers there are many neurons in the network

structure, this does not scale well to large inputs and deeper nets1. CNN reduce the number of

parameters needed by having neurons in a layer share weights[47].

The output of the convolution can be controlled with the hyperparameters number of filters

(Nf ), strides, kernel size, and padding.

We can define the spatial size (SS) of the output volume from a convolutional layer to be[43]:

SS =

[
Input−Kernel size + 2× Padding

Strides
+ 1×Nf

]
=

[
I −K + 2P

S
+ 1×Nf

]
(2.7)

Where P are defined as2:

P =
K − 1

2
(2.8)

The strides specify the length of the convolution, i.e. how much the filter is moved for each

computation. Padding is either how many zeros are added around the border in an image or at

the edge of a vector, or how many values are removed at the end of the input vector referred to

as same- and valid padding respectively.

In figure 2.7 there are two convolutional layers, Conv1 and Conv2. The convolutional layers

compute the output of neurons that are connected to local regions in the input. Each computing

a dot product between their weights and a small region they are connected to the input volume.

Resulting in a volume with [n × filters] as shown in equation (2.7), where n is the length of the

1The real computational advantage of CNN is when we add higher dimensionality data
2To ensure the input and output volume will have the same size spatially.[43]
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input1 and filters determine the dimensionality of the output space (i.e. the number of filters in

the convolution).

Max Pooling layers

To be capable of constructing a more robust network, reducing the sensitivity of the output

to shifts and distortions, spatial subsampling is used. A common way to implement spatial

subsampling is to use max pooling. Max pooling is a non-linear downsampling which reduces

the size of the feature maps in half. It divides the feature maps into non-overlapping regions

and discards all but the highest value in each region as shown in figure 2.8. Max pooling works

over the spatial dimension but keeps the depth of the volume intact. There are other pooling

and subsampling techniques available, but max pooling has demonstrated to yield better results

[37, 31].

Figure 2.8: An example of 1 × 10 max pooling

Figure 2.7 also show fully connected layers, which does classification from the features extracted

from convolution and max pooling.

2.2.2 Recurrent neural network

Reading a book, you can understand words based on an understanding of previous words, i.e.

thoughts are persistent. Traditional FNN and CNN doesn’t have this ability, if you are playing

a ping pong game, knowing if the ball is coming toward or away from you would not be a trivial

task to solve. RNN address this issue by recurring the data, e.g. loop the output back to the

input. RNN can be seen as a sequential neural network, an example of RNN can be seen in

figure 2.9.

An RNN can be seen as multiple copies of itself with the ability to passing its output to the

next neuron as defined as a state. In figure 2.10 this is tried to be illustrated by unrolling figure

2.9.

Traditional neural networks such as FNN and CNN can be illustrated in figure 2.11 as one to one,

where there is a fixed size input to a fixed-size output. RNN, however, is much more flexible, by

looking at figure 2.11, RNN is able to classify problems one to many. I.e. the input could be an

1If the input is an image, it would result in a volume [n × m × filters], where n and m would be rows and
columns respectively in the image.
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Figure 2.9: RNN with input xt to a network A and outputs a value ht. The loop allows
information to be passed from one step of the network to the next. (Source: Christopher Olah,
2015 [33])

Figure 2.10: A unrolled visualization of RNN. (Source: Christopher Olah, 2015 [33])

image and its outputs a sequence of objects in the image. Many to one take a sequential input

such as a speech and the output could be whether it is a male or a female. Many to many is a

sequential input and output, where bi-directional many to many could be machine translation,

e.g. translation of a sentence in Norwegian to English. Many to many furthest to the right could

be a synced sequence of input and output, e.g. video classification where the task is to count

every people in each frame.

Figure 2.11: A graphical representation of different areas of use for a RNN. (Source: Andrej
Karpathy, 2015 [22])

The main problem with RNN is called long-term dependencies, e.g. predicting the last word in

a text ”I grew up in Norway... I speak fluent Norwegian. By looking at the previous information

in the text the information suggests that the next word would be the name of the language.
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But to be able to narrow down which language, you would need the context of Norway from

before. Since the depth of RNNs can be arbitrarily long if at any point the gradient hits a low

number. E.g. close to zero, the neurons becomes saturated and draw all the earlier layers to

zero explained in detail in section 2.2.3.

2.2.2.1 Long Short Term Memory - LSTM

LSTM are a special type of RNN with the capabilities of learning long-term dependencies, it was

originally introduced by Hochreiter and Schmidhuber [19]. LSTM’s are explicitly designed to

avoid the long-term dependency problem, being able to remember information for a long period

of time. The typical RNN structure can be seen in figure 2.12 with a single hyperbolic tangent

(tanh) layer.

Figure 2.12: Repeating module in a standard RNN containing a single layer. (Source: Christo-
pher Olah, 2015 [33])

An example of a repeating LSTM module can be seen in figure 2.13. In red, there are different

neural network layers such as sigmoid and tanh. The gray circles represents pointwise opera-

tions, such as vector multiplication and additions. Vector transfer represents connections, i.e.

data being passed from layer to layer. Lines that are merging denotes concatenation and copy

represents the output of each cell being copied to the next cell and output.

By looking closer in the LSTM cell in figure 2.14, the cell consists of 6 equations as displayed in

(2.9)[33]. The first equation ft is called the forget gate, here the LSTM decides what information

to throw away from the cell state. It takes the previous output ht−1 and the current input xt

and outputs a number between 0 and 1 for each value in the cell state Ct−1, where 1 represents

keep and 0 forget. E.g. reading a book and there is a girl Sarah that is of no importance, she

can then be forgotten.
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Figure 2.13: Repeating module in an LSTM containing four interacting layers. (Source: Christo-
pher Olah, 2015 [33])

Figure 2.14: A detailed view of a LSTM cell. (Source: Christopher Olah, 2015 [33])

ft = σ (Wf · [ht−1, xt] + bf )

it = σ (Wi · [ht−1, xt] + bi)

C̃ = tanh (Wi · [ht−1, xt] + bi)

Ct = ft � Ct−1 + it � C̃

ot = σ (Wo · [ht−1, xt] + bo)

ht = ot � tanh(Ct)

(2.9)

Next, the LSTM decides what new information it wants to store in the cell state. This consist

of two parts. One sigmoid layer called the input gate, it which decide which values to update,

and one hyperbolic tangent (tanh) layer that creates a vector of new candidate values, C̃. Both

these are combined via a multiplication to be added to the new cell state Ct
1. E.g. reading

1The cell state Ct can be explained as a memory vector, where ”at each time step the LSTM can choose to
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the same book and come across a new girl Jennifer, she is then added to the new cell state to

replace Sarah.

The new cell state Ct is a multiplication of the previous cell state Ct−1 and ft, which forgets the

data decided earlier. Ct is then added the new candidate values it × C̃, it is gating the input

and the previous state to the current state C̃. Meaning that it’s scaled by how much to update

each new state value. This is where the information about Sarah is forgotten and Jennifer is

added.

The output ht is then defined by which parts the previous cell state to output, ot. Further, ot

is multiplied by the current cell state Ct through a tanh to force the cell state values between

-1 and 1. In the book, this corresponds to outputting what’s coming next, e.g. whether the girl

has blond or red hair. Note that Wf , Wi, and Wo in equation (2.9) is the trainable weights and

bf , bi, and bo is the biases.

In [13], Gers and Schmidhuber added peephole connections, which means that ft and it look at

the previous cell state and ot look at the current cell state, as shown in equation (2.10). There are

different variants of the LSTM architecture for RNN, and in [15] they did a large scale analysis

of eight different LSTM’s in speech recognition, handwriting recognition, and polyphonic music

modeling, finding there was very little difference from the original LSTM [19]. They also found

out that the most critical components in LSTM are the forget gate and the output activation

function. However, in [21] they did another large-scale test on different RNN structures, finding

some worked better than LSTM at certain tasks. They also concluded which gates are the most

important. Which can be listed in following chronological order: forget gate, input gate and

then the output gate.

ft = σ (Wf · [Ct−1, ht−1, xt] + bf )

it = σ (Wi · [Ct−1, ht−1, xt] + bi)

ot = σ (Wo · [Ct, ht−1, xt] + bo)

(2.10)

2.2.3 Back-propagation

Neural networks are always initialised with random weights on the connections. To be able to

learn the network to classify correctly it needs to be trained to do so. This is done by minimising

a cost function with respect to the weights in the network. By looking at the mean squared error :

J(w) =
1

2

c∑
k=1

(tk − zk)2 =
1

2
‖t− z‖2 (2.11)

where t is the targets and z is the predicted value vectors from the network with length c and w

represents all the weights in the network. The cost function quantifies the error in the network

read from, write to, or reset the cell using explicit gating mechanisms[1]
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by comparing the output to the target vector. To minimize the quantified error the weights w

are changed in the direction that will reduce the error. This can be implemented by using the

optimization algorithm called gradient descent. The weights are updated by taking a step of

length η1, in the direction of the steepest descent as defined by the gradient. As displayed by

the update formula in (2.12) where the gradient is defined in (2.13)

w(m+ 1) = w(m) + ∆w(m) (2.12)

∆w = −η ∂J
∂w

(2.13)

Looking at the example in figure 2.6 where there is a three-layer network. By back-propagating[7]

from the top layer, backward to the input. This leads to the use of the chain rule as seen in

equation (2.14), first from the output to the hidden layer. From the chain rule, we get ∂J
∂netk

which can be rewritten as (tk - zk)f’(netk), resulting in the derivative of the activation function2.

∂J

∂wkj
=

∂J

∂netk

∂netk
∂wkj

(2.14)

Neural networks can become very large, and one has to be mindful of the effect of back-

propagating with the resulting derivative of each layer. By looking at the functions in figure

2.15, we can consider using the sigmoid as our activation function. If the input to the sigmoid

function is between -2 and 2 the gradient of the function is already 0.1. Looking at an exam-

ple; given a network with 3 layers, with the same values as described above in all layers. The

further back to the input of the network the less the weights will change due to the derivative.

0.1×0.1×0.1 = 0.001, resulting in no updates in the weights. This is called a saturated neuron,

if a neuron is saturated it will block the gradient from flowing further down the network. In gen-

eral, this problem is called the problem of vanishing gradient. A solution to vanishing gradient

is to choose the rectified linear unit (ReLU) activation function displayed in figure 2.15, where

the derivative is always one. If the ReLU function receives an input that is less than zero, the

derivative is zero and no gradient will flow. This means that a neuron outputs a value of zero,

and will never be updated. These dead ReLU’s may occur if the step size is too high during

training and the weights accidentally get updated in a way that the input to the neuron never

will be positive again. In addition to ReLU, there is a modification called ReLU6 where every

input value x is restricted from 0 to 6 and is zero otherwise, this function has been evaluated as

a hyperparameter.

The most common cost function for training neural networks is the categorical cross entropy

function[8]. This is also the loss function that is being used in this report.

1Also known as the learning rate
2For the interested reader; the full back-propagation is derived in page 290-292 in [9]
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Figure 2.15: Activation functions; sigmoid, tanh and ReLU (left) and its derivative (right)

JCE = − 1

n

∑
x

(yln(a) + (1− y)ln(1− a)) (2.15)

2.2.4 Training neural networks

There are many ways to train a neural network, the most popular ones are either; split the

dataset into two or three sets: a training and test set, alternatively a cross-validation (CV) set.

Each set consists of n example input vector with a given length m. The sets are not necessarily

the same size, a popular way of dividing data usually consist in dividing the data into 70% and

30% for training and test set respectively. The cross-validation, however, is extracted from the

training set, and a common way to create a CV set is by using Pareto’s principle. Pareto’s

principle states that for many events, roughly 80% of the outcome, comes from 20% of the

causes.

The training set is used to update the weights while training the network, while CV set is used

during training to see how well the network perform on data not seen during training. CV set
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is forward propagated through the network and cost and accuracy calculated without updating

weights. CV is a good indicator to determine if the network is overtrained1 by evaluating if the

cost in the CV set is much higher than the cost of the training set. The validation set can be

used to only store improvements from validation and stop training if no improvements are made

in i epochs2. This can be visualized in figure 2.16.

Figure 2.16: Early stopping by looking at the cost function. (Source: James McCaffrey, 2015
[29])

There are different gradient decent methods available, batch gradient descent interprets the

gradients from the entire training data. And are summed up before one step/iteration with

the given η in the direction of steepest decent. This is very unpractical and computationally

inefficient with large datasets. In practice, the data is split up into mini-batches randomly

selected from the dataset and the weights are updated with the gradients found from these few

examples. This is called mini-batch stochastic gradient descent (SGD), typically the batch sizes

vary from 32-256 depending on the capacity of the GPU/RAM of the computer. However, SGD

is a slow algorithm and needs dozens of iterations to converge. An example of SGD can be seen

in figure 2.17.

1Overtraining or overfitting means that the network is specialised to predict the data in the training set but
predicts new data poorly.

2One epoch corresponds to training trough the whole training data set
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Figure 2.17: SGD, red arrow illustrates each step/iteration. (Source: Chris Fregly, 2016 [14])

Therefore, stochastic gradient descent (SGD) is not the optimizer that’s being used, but a

modification called Adaptive Moment Estimation (ADAM). ”The method computes individual

adaptive learning rates for different parameters from estimates of first and second moments of

the gradients”[25]. In figure 2.18 there is shown a comparison of ADAM and SGD optimizer.

Figure 2.18: Training network with SGD (in blue) vs ADAM (in orange). This is a rather
extreme scenario, the SGD struggles to find improvement, given enough time SGD should reach
ADAM’s prediction.

As mentioned before, overtraining the training data are an important part of training neural

networks. This is characterized by a low error in the training data but a high error in the test

data. A way of handling overtraining is by implementing dropout[42]. Dropout is only keeping

a neuron active with a probability p (a hyperparameter) and its connection to units in the next

layer with weight w. During testing of the network, all neurons are active, but each weight w

are multiplied with p[42]. Intuitively, this forces the network to be accurate even in the absence

of certain information. It prevents the network from becoming too dependent on any of the
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neurons, thus learning more useful features on its own. This can be viewed in figure 2.19

Figure 2.19: An ordinary neural network (left) and a network with randomly selected neurons
dropped during training (right)
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2.2.5 Synthetic Minority Over-sampling Technique (SMOTE)

To meet the data needs of deep learning it’s common to create more training examples by

modifying the examples in the training set. For images, this could be to rotate, flip or crop, for

signals however this is not the correct way to proceed. ”The performance of machine learning

algorithms is typically evaluated using predictive accuracy. However, this is not appropriate

when the data is imbalanced and/or the costs of different errors vary markedly”[5]. A way of

dealing with an imbalanced dataset or generating more data is to synthesize new data to the

minority class or to the dataset respectively. Using Synthetic Minority Over-sampling Technique

(SMOTE)[5] is a popular way to synthesize new data. The whole idea is to create data by

interpolating between existing data, an example can be seen in figure 2.20
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Figure 2.20: Example of an implementation of SMOTE, (a) is the minority class, (b) use KNN
on every minority instance, (c) For every minority instance, choose its k nearest neighbors, (d)
Creating new instances between the first instance and its neighbors, and (e) resulting in new
synthesised data





Chapter 3

Materials and methods

This chapter explains the data and how it is extracted, in addition to how the datasets are created

and preprocessed. It will as well explain how the neural network models are implemented and

how the preliminary testing are conducted to find suitable models for further testing are done.

As well how the training and evaluation are carried out.

3.1 Data Collection

The out-of-hospital cardiac arrest (OHCA) database consist of 394 patient records. It was

obtained from a multicenter cardiac arrest study conducted to evaluate cardiopulmonary resus-

citation quality[46]. The study was conducted in three geographic locations Akershus (Norway),

Stockholm (Sweden), and London (UK) between March 2002 and September 2004. The surface

ECG was acquired using a modified Laerdal Heartstart 4000 defibrillator, with a sampling rate

of 500 Hz and 16 bits for a resolution of 1.031 µV per least significant bit. Rhythm annotations

on the data were done by clinical experts using five classes: ventricular fibrillation (VF), ventric-

ular tachycardia (VT), pulseless electrical activity (PEA/PE), pulse generating rhythms (PR)

and asystole (AS). Chest compressions intervals were annotated using the compression depth

available from a CPR assist-pad.

AS was defined as peak-to-peak amplitude below 100 µV, and/or rates under 12 bpm. Rhythms

with supraventricular activity (QRS complexes) and rates above 12 bpm were labeled as either

PR or PE. PR were based on clinical annotations of return of spontaneous circulation (ROSC)

made in patient charts during CPR and on the observation of fluctuations in the transthoracic

impedance (TTI) signal aligned with QRS complexes. Irregular ventricular rhythms were an-

notated as VF (coarse VF was defined for peak-to-peak amplitudes above 200 µV). Fast and

regular ventricular rhythms without a pulse and rates above 120 bpm were annotated as VT[3].

ECG segments were automatically extracted based on these annotations with the following

criteria: 3-second chest compression artifacts, a single rhythm. And the same signal annotation
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before and after chest compression artifacts for the extracted signal with a minimum 1000

samples of the same annotation after chest compression artifacts.

In the OHCA dataset, a formal description of the context in the episodes is used to be able to

design algorithms that can assess the information needed in terms of the course of time and type

of event. For each event type ei, there is a time point ti describing the start time. Events mark a

change of state, the state Ei is determined by the type of event at time ti. The state is unchanged

until the next event et+1 which marks the transition into the next state Et+1. For each state,

there is defined a corresponding time interval, Ti = [ti, ti+1]. Hence, the course of events during

a resuscitation episode are defined as a continuous sequence of states S = {(T1,E1), (T2,E2),

..., (TN ,EN )} where the time intervals are ordered according to the start time of the episode,

ts. The therapeutic states are either the rhythmic states Sr = {VT, VF, AS, PR, PE} which

represents ongoing rhythms defined by the start and end by the corresponding transition events.

Compression sequences are marked with a C, resulting in rhythmic states with compression Src

= {CVT, CVF, CAS, CPR, CPE} and the defibrillations as dfb. This can be combined into a

sequence Sc = {([50.2, 113.8], AS), ([113.8, 180.2], CAS), ([180.2, 300], VF)}[10]. All classes

used in this thesis are defined by Src = {CVT, CVF, CAS, CPR, CPE}.

Further, the dataset was divided into two different sets.

3.1.1 Small dataset

The first dataset is based on the same extraction as in the data set of [3], where there would

be no overlap in the segments. Due to the low appearance in the classes CVT and CPE, the

signals were extracted with non-overlapping successive windows to get more data. This was also

done in [3] for the class VT. Afterward, the signals were analyzed using a GUI in MATLAB1

with TTI and compression depth data to determine whether to keep or remove the segment.

The following exclusion criteria’s were used; compression depth or TTI were insufficient, severe

signal noise or complexity generated by the heart, e.g. in asystole sudden pulse rhythms could

occur. Before analyzing, the dataset contained a total of 7171 segments but due to this task

is very time consuming, and the classes not evenly distributed. The final dataset contained a

total of 2446 segments. For the class CVT, SMOTE was used to increase the data by a factor

of 4. An example of a synthetic generated data from SMOTE can be seen in figure 3.1. 1674

segments were used for training with the following class setup; 280 CVT (n2 = 7) , 384 CVF

(n = 61), 377 CAS (n = 51), 384 CPR (n = 19) and 375 CPE (n = 55). The remaining 772

were used as test data with the following class setup; 116 CVT (n = 2), 169 CVF (n = 16), 168

CAS (n = 18), 194 CPR (n = 11) and 183 CPE (n = 15). The patients in training and test set

were kept separated to avoid data leakage. Data leakage is among the top 10 machine learning

and data mining mistakes[32]. Leading to an overestimation of performance in machine learning

classifiers[23].

1See Appendix B.1 for details.
2Number of patients segments are extracted from.
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3.1.2 Large dataset

To be able to get as much data as possible, some of the previous criteria were ignored. For this

dataset, the ECG segments were extracted by the same criteria as referenced in section 3.1, but

with a moving window of 30 samples per cut. From each start annotation, the first 200 samples

were ignored due to transient in the signals. This increased the dataset to 1451111 segments

before processing of the dataset. For this dataset the classes were as follows; 587330 CAS (n =

185), 500781 CPE (n = 173), 56972 CPR (n = 45), 300918 CVF (n = 130) and 5109 CVT (n =

9). To avoid an imbalanced dataset, CAS, CPE, and CVF classes were reduced to 100.000 cuts.

For CPR and CVT, SMOTE were added to increase the data to 100000 and 20436 respectively.

Further the dataset were divided into 70% for training and 30% for test resulting in; Training =

296105 with the classes representing; 14392 CVT (n = 7), 69963 CVF (n = 22), 70376 CAS (n =

26), 71524 CPR (n = 12) and 69850 CPE (n = 25). Test = 126310 with the classes representing;

6044 CVT (n = 3), 30074 CVF (n = 22), 30018 CAS (n = 12), 29832 CPR (n = 7) and 30342

CPE (n = 8). The patients in the training- and test dataset were kept separated to avoid data

leakage.

Figure 3.1: Example of VT with compressions (CVT) generated by SMOTE
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3.1.3 Pre-processing of the dataset

The ECG was band limited to 0.5 - 30 Hz (10th order IIR Butterworth filter), a typical ECG

monitor bandwidth used in AEDs [26], which removes baseline wander and high-frequency noise.

This was implemented by using anti-causal, zero-phase filtering, also known as forward-backward

filtering on each segment. E.g. first apply one causal filter to the signal in forwarding direction

and a second anti-causal filter backward direction on the filtered signal[34, 16]1. The filter

function used reduces filter startup transients, but to be sure no transients to occur in the

filtered signal. There was added 1-second transient interval at the start and end of the segment

before filtering and then removing it afterward. The result can be shown in figure 3.2 where

there is a clear transient in the start and end of the signal.

Figure 3.2: Example of VF with compression artefacts (CVF) band limited to 0.5 - 30 Hz

1Matlab’s function for this is called filtfilt which can be found in Matlab’s Signal Processing Toolbox [45]
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3.1.4 Algorithm for extracting data

The algorithm for extracting data from the OHCA dataset is written in MATLAB, and a

flowchart of the code is displayed in figure 3.3. Signal annotations and Sample annotations

consist of the complete list of annotated episodes and the corresponding sample values for each

of the 394 episodes in the OCHA dataset. There is also some parameters which define the

minimum sample length for the annotations after compressions, and the maximum compression

length. Both these parameters were tested with different values to extract as much data as

possible for the class CVT.

Figure 3.3: Algorithm for data extraction, squares equals functions, ellipse equals variables/data
storage and tilted squares are if statements
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Get the indexes of the annotated signals receives the signal and sample annotations, and the

parameters as input, and outputs signal indexes for all five classes in separate variables. The

function examines for the same annotations prior to and after for compression artifacts. E.g.

for CVT: the function searches for VT as the annotation before and after CVT, this can be

seen as a sequence vector1 with the following annotations [VT, CVT, VT]2. The function then

uses the minimum annotation length after compression to ensure that VT is with a requirement

length after CVT. This is because of rhythm changes during compression was not annotated in

the dataset, and could lead to the annotation after compression to deviate from the time the

compression stopped, resulting in false labeling. Maximum compression length ensures that the

compression is not too long to avoid potential rhythm changes during compression.

Extract the signal and samples to the corresponding indexes receives the output from the previous

function and the full episode as input and returns the corresponding full signal and the samples

from the indexes for each class.

Create 3-second segments of all classes and Create overlapping 3-second segments of all classes

are two functions depending on the size of the dataset as described in section 3.1.1 and 3.1.2.

Both functions receive the full signal and sample for each class respectively as input and return

the signal segments for all five classes and the corresponding start and end sample values3. In

the small dataset 3.1.1 the three classes CVF, CAS, and CPE are all extracted from the center

position of the signal. Meanwhile, due to low occurrences in CVT and CPR all signals have

non-overlapping segments of the signals. For the large dataset 3.1.2 all signals have overlap with

30 sample displacement. At the start of every segment, the first 200 samples were ignored due

to transitions.

All the data is then placed in a struct which consists of; 3-second segments, sample frequency,

rhythm type, patient identity, the original registry for the specific geographic locations, start

and end sample value for the segments and the name of the specific segment. The structure is

based on how [3] used the MATLAB GUI in Appendix B.1, where it is possible to load each

episode and watch every signal cut.

Find out how many patients have segments and store data to a CSV file receives the data struct

as an input parameter, and uses its content to determine how many patients have segments, and

create a CSV file with the data.

Filter/Generate synthetic data and create Training and Test sets receive the data struct, which

patients desired in 3.1.2. Or all the segments that should be removed for all five classes in 3.1.1,

and whether the dataset is to be band limited or not as the input parameter. The function

returns Training and Test set with the corresponding labels for all classes4.

1As described in section 3.1
2An annotation with a sequence vector [VT, CVT, AS] or [AS, CVT, VT] is not included further for data

extraction.
3Start and end sample values are needed to inspect the segments in the MATLAB GUI.
4How many percent for training and test is defined prior to this function
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3.2 Neural network

Training the neural network was conducted in Python using a library package called TensorFlow1

developed by Google. A flowchart of the implementation can be seen in 3.4. The input to the

different networks are the same 3-second segments extracted directly from section 3.1.4, which

also can be visualized in figure 2.4.

Figure 3.4: Flowchart of Neural Network training

In Parameters, every parameter2 and hyperparameter3 are defined. Since there are an arbitrary

number of different network models to be evaluated, each model is stored in specified directories.

Such it’s easy to reload or evaluate the specific model. There is also created a logfile which stores

all the necessary information about the specific runs.

1See Appendix B.2.2 for details
2Type of dataset, how many epochs, requirements etc..
3Different NN structures such as layers, dropout, activation function, and so on.
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There are two options in the flowchart, Train network models using different hyperparameters

and Evaluation of model. Each of these two are explained in detail in section 3.2.1 and 3.2.3

respectively.

3.2.1 Training the neural network

In section 3.2, figure 3.4 visualized an overall flowchart over the neural network code. Further,

figure 3.5 highlights Train network models using different hyperparameters, this box can be seen

in detail in figure 3.6.

Figure 3.5: Highlighted box for further explanation

From the previous parameters defined in figure 3.4, the specified network structure for either

FNN, CNN, or RNN is created. All weights and biases are initialized with a truncated normal

distribution. Create and shuffle training and validation batches are defined such the dataset is

divided into n smaller batch sizes. For each iteration i, the network uses the next batch for

training. When the network has completed training on the last batch the dataset, it is then

reshuffled and new batches are used for training. This is to ensure different training data at each

time-step. To be able to reload the best weight and bias values, a new model is stored for each

new improvement in validation accuracy and cost. If the program has reached max iterations

or if no improvements are found in i iterations, the program stops and restores the best weights

and displays results.

3.2.2 Preliminary testing

Since there are an arbitrary different number of network structures, hyperparameter training

where conducted to test a vast amount of models. For the FNN structures, the following

hyperparameters where cross evaluated with the corresponding values:

• Learning rate = [0.01, 0.001, 0.0001]

• Batch size = [32, 64,128]

• Number of hidden nodes in every layer = 100 to 1000 with a step of 100

• Number of layers = [2, 3, 4, 5, 6]

• Activation function = [ReLU, ReLU6, tanh]1.

1There was a pre evaluation of activation functions conducted to evaluate all activation functions on TensorFlow
such as: exponential linear (elu), softplus, softsign, and sigmoid. But these gave poor results and were excluded.
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Figure 3.6: Detailed visualization of the training of network models

• Dropout = [0.1, 0.2]

Resulting in a total of approximately 1000 different model structures1 for FNN networks.

In the CNN structure, the following parameters were cross evaluated with the corresponding

values:

• Learning rate = [0.01, 0.001, 0.0001]

• Batch size = [32, 64,128]

• Filters = [8, 16, 32, 64]

• Number of convolutional layers = [2, 3, 4]

• Number of fully connected layers2 = [1, 2, 3]

1Learning rate where reduced to 0.0001 as a parameter and the activation function where reduced to ReLU
and ReLU6 due to poor results from tanh, resulting in fewer models tested.

2After of the convolutional layers
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• Number of hidden nodes in every fully connected layer = 100 to 1000 with a step of 100

• Padding = [Same, Valid]

• Activation function = [ReLU, ReLU6, tanh]

• Dropout = [0.1, 0.2]

Resulting in a total of approximately 2500 different model structures1 for CNN networks.

In the RNN structure, the following parameters were cross evaluated with the corresponding

values:

• Learning rate = [0.01, 0.001, 0.0001]

• Batch size = [32, 64,128]

• Number of layers = [2, 3, 4, 5, 6]

• Forget bias = [0.1, 0.2, 0.3, 0.4]

• Dropout = [0.1, 0.2]

Resulting in a total of 120 different model structures for RNN networks.

All tests where done in following order:

• All hyperparameter runs were tested on the small dataset as described in section 3.1.1, for

both filtered dataset and unfiltered for FNN, CNN, and RNN. This was due to the task

being too time-consuming using the large dataset as described in section 3.1.2.

• Only models with the best validation accuracy2 were included for further testing.

• Models might enter a local optimum, resulting in a good result for that specific run.

Therefore the 10 best hyperparameters run for FNN, CNN, RNN were retested 3 times to

ensure models from entering a local optimum.

• Further, the 5 best network structures from the small dataset 3.1.1, were tested three times

on the large dataset 3.1.2 on both filtered and unfiltered data.

The final result included the 3 best result from FNN, CNN, and RNN to be trained 10 times to

ensure that the performance is not biased on the selected data. And calculate the average and

standard deviation of the sensitivity, positive predictive value, total accuracy and the unweighted

mean of sensitivity for all five classes from a confusion matrix.

3.2.3 Evaluation of the network

In section 3.2, figure 3.4 visualized an overall flowchart over the neural network code. Further

figure 3.7 highlights Evaluation of model, this box can be seen in detail in figure 3.8

1In total if all these parameters where evaluated this number would reach 38880 models. So actions were taken
such as all structures were trained using 500 neurons in the first tests. Then, chose the best hyperparameters
for further testing. The learning rate and activation functions where reduced to one and two hyperparameters
respectively, as in FNN.

2Typically over 60%
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Figure 3.7: Highlighted box for further explanation

Figure 3.8: Detailed visualization of the evaluation of the trained network models

The evaluation is done by using confusion matrix which provides a complete description of any

classification result. For performance metrics, the positive predictive value (PPV), sensitivity

(Sen), multiway accuracy (MulAcc), and the unweighted mean of sensitivities (UMS) was com-

puted (see Appendix A.1 for a detailed technical description). For each class i, Sen and PPV

can be expressed as:

Seni =
Ni,i

Ti
and PPVi =

Ni,i

Ci
(3.1)

Since MulAcc measures the total accuracy of the network, it’s sensitive to class imbalance.

But the datasets in section 3.1.1 and 3.1.2 is taken into account for unbalanced data, resulting
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in MulAcc treated as the main performance criterion. UMS weights the classes equally, thus

resulting to be unaffected by class imbalance. Finished evaluation runs in figure 3.8 ensures

that there can be computed an average and standard deviations of the performance metrics to

be used as a final selection of the best performing model. MulAcc and UMS can be expressed

as:

MulAcc =
1

Ntot

5∑
i=1

Ni,i and UMS =
1

5

5∑
i=1

Seni (3.2)
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Results

The experimental setup described in section 3.2 concluded that the best hyperparameters for

each network structure, FNN, CNN, and RNN to be as follows:

• FNN: ReLU6 as the activation function with a high number of hidden neurons (typically

700-900 in each layer), and a dropout of 20 percent. The depth of the network varied with

values from 3 to 6 layers leading to a small decline in performance to deep networks.

• CNN: ReLU6 was the activation function which gave the best results, and the number of

hidden neurons varied between 300-600. The dropout did not have any determined value,

resulting in a variation from 10 to 20 percent.

The depth of the network had the best result in a deep four layer convolution with two

max pooling layers, followed by three layers consisting of fully connected layers2.

There was a high consistency in using three fully connected layers compared to one and two

layers. The number of filters which gave the best performance was typically low number of

8 with some exceptions using 16 filters for some models. There was no large differentiation

by using same or valid padding.

• RNN: The best results for RNN came from either 3 or 4 layers with a dropout varied from

10 to 20 percent, and a high forget bias of 40 percent

This chapter presents results achieved by the 3 different network structures described in section

3.2. All evaluation and results are referred to the test set on the large dataset. Based on

preliminary testing described in section 3.2.2, the performance of the classifiers has been ranked

in terms of MulAcc and UMS. A detailed display of the best results for each method using

the mean of PPV and Sen for each class can be seen in section 4.4. The hyperparameters

learning rate and batch size gave the best results from the preliminary testing at 0.0001 and 32

respectively, and are therefore not displayed in the tables below.

2In Appendix B.2.2, figure B.3 visualize the network structure.
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4.1 Results from FNN

The best result from FNN models consists of the three best mean test result for the best

hyperparameters with and without band limitation. The best network obtained from the best

models was further tested 10 times with the mean value of MulAcc and UMS for the global

measures of performance. Results for FNN models can be seen in table 4.1.

Table 4.1:
The 3 best results for FNN with different hyperparameters using the large dataset, the numbers
are an average of 10 runs with their standard deviations in parentheses.

FD FL HU DO AF MulAcc UMS

y 3 900 0.2 ReLU6 52.30(0.27) 44.08(0.23)
y 5 700 0.2 ReLU6 51.69(0.81) 43.57(0.58)
y 6 800 0.2 ReLU6 50.58(0.08) 42.60(0.06)

Abbreviations:
FD = Filter data (y = yes / n = no), FL = Fully connected layers, HU = Hidden units, DO =

dropout, AF = Activation function.

4.2 Results from CNN

The best result from CNN models consist of the three best mean test result for the best hy-

perparameters with and without band limitation. The best network obtained from the best

models where evaluated with the mean value of MulAcc and UMS for the global measures of

performance as in section 4.1 for FNN. Results for CNN models can be seen in table 4.2.

Table 4.2:
The 3 best results for CNN with different hyperparameters using the large dataset, the numbers
are an average of 10 runs with their standard deviations in parentheses.

FD CL FL NF HU DO AF Pad MulAcc UMS

y 2 3 8 600 0.1 ReLU6 Same 51.25(1.6) 49.84(9.13)
y 4 3 8 300 0.2 ReLU6 Valid 52.39(6.3) 46.47(2.19)
y 2 3 16 300 0.2 ReLU Same 48.97(21.85) 48.52(1.0)

Abbreviations:
FD = Filter data (y = yes / n = no), CL = Conv layers, FL = Fully connected layers, NF =

Number of filters, HU = Hidden units, DO = dropout, AF = Activation function, Pad =
Padding.
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4.3 Results from RNN

The best result from RNN models consist of the three best mean test result for the best hy-

perparameters with and without band limitation. The best network obtained from the best

models where evaluated with the mean value of MulAcc and UMS for the global measures of

performance as in section 4.1 for FNN. Results for RNN models can be seen in table 4.3.

Table 4.3:
The 5 best results for RNN with different hyperparameters using the large dataset, the numbers
are an average of 10 runs with their standard deviations in parentheses.

FD HL FB DO MulAcc UMS

y 3 0.3 0.1 51.07(0.49) 44.58(0.11)
y 3 0.2 0.2 51.22(0.08) 44.85(0.47)
y 4 0.4 0.2 51.43(0.04) 45.23(0.11)

Abbreviations:
FD = Filter data (y = yes / n = no), HL = Hidden layers, FB = Forget bias, DO = dropout.

4.4 Best result from FNN, CNN, and RNN

There is a small difference in the results from FNN, CNN, and RNN. However, the best network

that was obtained was a band limited FNN with 3 layers and 900 hidden units. In addition

to a dropout of 20 percent and ReLU6 as activation function. This model yielded a MulAcc of

52.30% and a UMS of 44.08% with a standard deviation of 0.27 and 0.23 respectively. Table

4.4 show a detailed analysis with PPV and Sen for each specific class, where it’s clear that the

model has a large problem classifying CVT with a PPV of 0.50%. However, CPR shows more

promising results with a PPV of 77.0%.

In Appendix A.2 there are displayed contingency tables taken from a selection of the 10 runs

displayed in table 4.4 for FNN, CNN, and RNN.
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Table 4.4:
The final results for the best networks, the numbers are an average of 10 runs with their standard
deviations in parentheses.

CVT CVF

Network MulAcc UMS PPV Sen PPV Sen

FNN 52.30(0.27) 44.08(0.23) 0.50(0.36) 0.68(0.7) 49.30(0.85) 63.56(5.56)
CNN 52.39(6.3) 46.47(2.19) 9.72(15.81) 15.18(58.69) 47.78(4.49) 64.96(22.88)
RNN 51.43(0.04) 45.23(0.11) 8.12(1.85) 12.44(5.57) 48.46(0.23) 52.33(0.41)

CAS CPR CPE

PPV Sen PPV Sen PPV Sen

... 41.16(0.73) 41.54(7.52) 77.0(0.04) 68.07(0.35) 62.35(2.8) 46.56(8.21)
44.67(5.36) 41.90(26.47) 74.02(19.52) 62.97(59.70) 62.91(31.58) 47.32(8.34)
39.17(0.06) 44.99(0.94) 78.75(0.17) 67.78(0.13) 60.37(0.28) 48.63(0.70)
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Discussion

In earlier work [3, 36], it has been presented promising results using neural networks as ECG

rhythm classifiers. In this thesis, it has been evaluated if different neural network structures with

ECG as an input can be used for ECG-based resuscitation rhythms with compression artifacts.

5.1 Data set

The dataset used in this thesis is a result of its use in previous research. A much larger dataset is

desired, but the 394 patients in this data set is a good starting point for this analysis. However,

since the class CVT is so underrepresented to the remaining classes, this leads to generating

synthetic data. Generating synthetic data might create data that might be more similar to other

classes than original data. To be able to avoid generating synthetic data, more data is desirable.

In the preliminary testing described in section 3.2.2, the validation accuracy from the small- to

the large-dataset had an increase of 20-30% in accuracy, this just amplifies the importance of

larger datasets.

The use of longer segments could affect the performance, as the chosen 3-second segments might

be too small due to unstable signals described in section 5.3. These larger segments could aid

in the prediction as longer segments contain more vital information to the analysis. However,

this reduces the dataset, which can lead to inadequate results.

5.2 Performance of the Classifiers

Training network on the small dataset as described in section 3.1.1, complex models tend for

quicker overfitting. This is due to too few training data, resulting in too little information and

the neurons are trained to detect noise or unimportant features. Running the network structure

on the large dataset 3.1.2 this does not occur. Due to this, it would be better to generate a

larger dataset to be used for preliminary testing.



44 CHAPTER 5. DISCUSSION

The testing on the models was done by retraining the network 10 times to ensure that the

performance is not biased on the selected data, and display the mean result as described in

section 3.2.3. However, the testing might be unbiased due to the episodes vary in quality. Which

can result in better or worse performance in the models by dividing data into training and test

set and not using all the episodes in the dataset. Using a repeated 10-fold cross-validation might

be better in some cases. Nonetheless, in this specific scenario, it can be hard to create evenly

distributed 10 folds, due to data leakage leading to a false performance in the models.

5.3 Sources of Misclassification

In Appendix A.2 there are displayed contingency tables taken from a selection of the 10 runs

displayed in section 4.4, table 4.4 for FNN, CNN, and RNN.

An inspection of the contingency table A.2 for FNN, show that there is a clear problem with CVT

predicted as CPR. This might be due to both classes have synthetic generated data, resulting

in similar data created. This is as well a problem with results from CNN and RNN shown in

contingency table A.3 and A.4 respectively. However, both CNN and RNN show better results

for CVT predicted as CPR than FNN.

A total inspection of all the contingency tables A.2, A.3, and A.4, reveals the main sources of

misclassification. Errors due to borderline rhythms such as CVF with low amplitude and/or

dominant frequency, where CAS are classified as CVF or vice versa. CPE or CPR with brady-

cardic rhythms or low amplitudes, where the compression dominates is predicted as CAS. Errors

due to large compression artifact noise, resulting in compressions dominating over heart rhythms.

Errors due to change of heart state under compression or incorrect labeling, where there are small

stops in compression labeled as compression. The last two emphasize the importance of quality

assurance in the review process of resuscitation episodes.

Rhythms during resuscitation are unstable and will change either spontaneously or by inter-

vention [38]. This is a challenging problem for a short 3-second analysis window and can be

addressed by using sequential classification algorithms based on the analysis of consecutive win-

dows [20] or by using RNN for sequential classification.
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Conclusion and future work

Assessing ECG with artifacts is an important task in removing peri-shock pauses in cardiac

arrest scenarios to increase survival rate in OHCA. For this reason, a system that can simplify

the process of training different neural network models to determine heart rhythms may be

useful for further research on this subject.

In this thesis, it has been developed a tool for training different neural network classifiers which

can be used for ECG-based resuscitation rhythms with or without compression artifacts. An

algorithm for extracting a large amount of data has been developed. This makes it possible

to train deep neural networks with task specific labeled data. 3-second ECG segments with

compression artifacts were extracted from 394 OHCA patients. The segments were band limited

from 0.5-30 Hz and synthetic data where generated to balance the dataset.

Results in this thesis suggest that there is no clear best method using a neural network for

ECG data classification. However, FNN demonstrates the most promising results with an accu-

racy of 52.30%. This result emphasizes the problem regarding classification of ECG data with

compression artifacts, leading to future research.

6.0.1 Future work

For future work, implement transfer learning by pretraining the models with artifact-free data,

or the use of restricted Boltzmann machines[39] to increase the performance[36]. Alternatively,

utilize unsupervised learning such as autoencoders. By comparing results from this thesis and

other ECG-rhythm classification tasks using neural networks such as [3, 36]. It’s clear that more

pre-processing of the data is needed, such as artifact removal by adaptive filtering[12, 2]. More

data should be collected for further research, these should be collected from several ambulance

systems.
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Appendix A

Performance metric and contingency

tables

A.1 Performance metric

The performance metric can be derived by looking at the contingency table shown in table A.1,

where Ni,j represents the number of segments of class i (true label) classified as class j (predicted

label). For this study i, j ∈ {CV T, CV F, CAS, CPR, CPE} ≡ {1, 2, 3, 4, 5}. Further

the total number of true samples in class i and predicted class j which is denoted as Ti and Pj

respectively[28, 3], can be expressed as:

Ti =
5∑

j=1

Ni,j and Pj =
5∑

i=1

Ni,j (A.1)

And the total amount of segments can be calculated as:

Ntot =

5∑
i

5∑
j

Ni,j =

5∑
ji

Ti =

5∑
j

Pj (A.2)

Other relevant factors are the true positive value (TP), false positive (FN), false negative (FN),

and true negative (TN) for each class i can be expressed as:

TPi = Ni,i

FPi = Pi −Ni,i

FNi = Ti −Ni,i

TNi = Ntot − TPi − FPi − FNi

= Ntot − Ti − Pi +Ni,i

(A.3)
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Table A.1:
Contingency table for classification of resuscitation cardiac rhythms with artefacts

Prediction Label
CVT CVF CAS CPR CPE

∑
CVT N1,1 N1,2 N1,3 N1,4 N1,5 T1
CVF N2,1 N2,2 N2,3 N2,4 N2,5 T2

True Label CAS N3,1 N3,2 N3,3 N3,4 N3,5 T3
CPR N4,1 N4,2 N4,3 N4,4 N4,5 T4
CPE N5,1 N5,2 N5,3 N5,4 N5,5 T5∑

P1 P2 P3 P4 P5 Ntot

Numerical class equivalences are:
1 = CVT, 2 = CVF, 3 = CAS, 4 = CPR, 5 = CPE

Further by using TPi, Seni and PPVi can be expressed as:

Seni =
TPi

Ti
=
Ni,i

Ti
and PPVi =

TPi

Pi
=
Ni,i

Ci
(A.4)

MulAcc and UMS are used as a summarize of the full confusion matrix into a single parameter

and facilitates the selection of the best performing model[28], they can be expressed as:

MulAcc =
1

Ntot

5∑
i=1

Ni,i and UMS =
1

5

5∑
i=1

Seni (A.5)

A.2 Contingency tables for the best network models

A.2.1 Contingency table for FNN

Prediction Label

CVT CVF CAS CPR CPE
∑

CVT 24 1 0 6019 0 6044

CVF 37 19115 8742 11 2168 30073

True Label CAS 14 11025 12817 17 6144 30017

CPR 8064 1104 81 20051 531 29832

CPE 28 6819 9515 49 13927 30338∑
8168 38064 31155 26147 22770 126304

Table A.2: Contingency table for classification of resuscitation cardiac rhythms with artifacts
for the best FNN model
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A.2.2 Contingency table for CNN

Prediction Label

CVT CVF CAS CPR CPE
∑

CVT 1352 13 61 2862 1756 6044

CVF 153 18839 8279 69 2734 30074

True Label CAS 32 13303 11562 41 5077 30015

CPR 8277 1461 219 17997 1877 29831

CPE 128 5670 7095 2232 15215 30340∑
9942 39286 27216 23201 26659 126304

Table A.3: Contingency table for classification of resuscitation cardiac rhythms with artifacts
for the best CNN model

A.2.3 Contingency table for RNN

Prediction Label

CVT CVF CAS CPR CPE
∑

CVT 1027 26 2 4904 85 6044

CVF 43 15718 12046 45 2221 30073

True Label CAS 45 9817 13658 33 6465 30018

CPR 8427 775 27 20042 560 29831

CPE 25 6454 9379 200 14280 30338∑
9567 32790 35112 25224 23611 126304

Table A.4: Contingency table for classification of resuscitation cardiac rhythms with artifacts
for the best RNN model





Appendix B

Program files

B.1 Matlab code

The following MATLAB files are embedded as matlab.zip

getOHCAdata.m

The main script, specify parameters, creates data struct and runs the entire code

getAnnoatedIndexes.m

Inputs: Signal and sample annotations and specification parameters. Outputs all in-

dexes for all five classes.

getAnnotatedSignals Samples.m

Inputs: Indexes for all five classes and the patient episodes. The function outputs all

annotated signals and samples for each specific classes.

getOrigSeg Ecg.m

Inputs: All annotated signals and samples for each specific class. Creates 3-second

segments and start and end sample values for the segments for each class. This function

creates the small dataset described in 3.1.1.

getOrigSeg Ecg Big.m

Inputs: All annotated signals and samples for each specific class. Creates non-overlapping

3-second segments and start and end sample values for the segments for each class. This

function creates the large dataset described in 3.1.2.

data2csv.m

Inputs: data struct, the function finds out how many patients have segments and store

data in an array.

cell2csv.m

Inputs: store data vector from data2csv, the function create a CSV file from the content

in the data array. source: MathWorks.




cell2csv.m

function cell2csv(filename,cellArray,delimiter)
% Writes cell array content into a *.csv file.
% 
% CELL2CSV(filename,cellArray,delimiter)
%
% filename      = Name of the file to save. [ i.e. 'text.csv' ]
% cellarray    = Name of the Cell Array where the data is in
% delimiter = seperating sign, normally:',' (default)
%
% by Sylvain Fiedler, KA, 2004
% modified by Rob Kohr, Rutgers, 2005 - changed to english and fixed delimiter
if nargin<3
    delimiter = ',';
end

datei = fopen(filename,'w');
for z=1:size(cellArray,1)
    for s=1:size(cellArray,2)

        var = eval(['cellArray{z,s}']);

        if size(var,1) == 0
            var = '';
        end

        if isnumeric(var) == 1
            var = num2str(var);
        end

        fprintf(datei,var);

        if s ~= size(cellArray,2)
            fprintf(datei,[delimiter]);
        end
    end
    fprintf(datei,'\n');
end
fclose(datei);
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createDataset.m

function [s_ecg_train,...
          s_ecg_train_label,...
          s_ecg_test,...
          s_ecg_test_label,...
          data]...
            = createDataset(...
          data,...
          C_art_remv,...
          filtering)
% Creates the small dataset. Training and test set with the corresponding
% labels. The size of the dataset depends on which cuts are removed.

% Data to be removed
data(C_art_remv) = [];

% Filters data
if strcmp(filtering, 'True')
        [data] = filterData(data);
end

% Indexes for all classes
CVF_idx = find(strcmp({data.r_type}, 'CVF')==1);
CVT_idx = find(strcmp({data.r_type}, 'CVT')==1);
CAS_idx = find(strcmp({data.r_type}, 'CAS')==1);
CPR_idx = find(strcmp({data.r_type}, 'CPR')==1);
CPE_idx = find(strcmp({data.r_type}, 'CPE')==1);


% Place index in to all classes in separate variables for training and test
% CVT Training/Test
CVT_train_idx = [CVT_idx(1:58), CVT_idx(88:end)];
CVT_test_idx = [CVT_idx(59:87)];

% CVF Training/Test
CVF_train_idx = [CVF_idx(1:379)]; % litt mange her (380:402 tas ikke med)
CVF_test_idx = [CVF_idx(403:end)];

% CPR Training/Test
CAS_train_idx = [CAS_idx(1:270)];
CAS_test_idx = [CAS_idx(271:398)];

% CPR Training/Test
CPR_train_idx = [CPR_idx(1:374)];
CPR_test_idx = [CPR_idx(375:end)];

% CPE Training/Test
CPE_train_idx = [CPE_idx(1:371)];% litt mange her(372:485)tas ikke med
CPE_test_idx = [CPE_idx(486:end)];



% Extracts segments for training and test to it's annotation
%%%% CVT %%%%

% Training
CVT_train_OLD_size = length(CVT_train_idx);
CVT_train_OLD = zeros(CVT_train_OLD_size,1500);
for i = 1:length(CVT_train_idx)
    CVT_train_temp = data(CVT_train_idx(i)).s_ecg;
    CVT_train_OLD(i,:) = CVT_train_temp;
end
[n,~] = size(CVT_train_OLD);
CVT_train_label_OLD = ones(n,1);

% Test
CVT_test_OLD_size = length(CVT_test_idx);
CVT_test_OLD = zeros(CVT_test_OLD_size,1500);
for i = 1:length(CVT_test_idx)
    CVT_test_temp = data(CVT_test_idx(i)).s_ecg;
    CVT_test_OLD(i,:) = CVT_test_temp;
end
[n,~] = size(CVT_test_OLD);
CVT_test_label_OLD = ones(n,1);

% Adding SMOTE to increase the Training and Test data
[CVT_train, CVT_train_label] = SMOTE(CVT_train_OLD, CVT_train_label_OLD);
[CVT_test, CVT_test_label] = SMOTE(CVT_test_OLD, CVT_test_label_OLD);



%%%% CVF %%%%
% Training
CVF_train_size = length(CVF_train_idx);
CVF_train = zeros(CVF_train_size,1500);
for i = 1:length(CVF_train_idx)
        CVF_train_temp = data(CVF_train_idx(i)).s_ecg;
        CVF_train(i,:) = CVF_train_temp;
end
[n,~] = size(CVF_train);
CVF_train_label = ones(n,1);

% Test
CVF_test_size = length(CVF_test_idx);
CVF_test = zeros(CVF_test_size,1500);
for i = 1:length(CVF_test_idx)
        CVF_test_temp = data(CVF_test_idx(i)).s_ecg;
        CVF_test(i,:) = CVF_test_temp;
end
[n,~] = size(CVF_test);
CVF_test_label = ones(n,1);


%%%% CAS %%%%
% Training
CAS_train_size = length(CAS_train_idx);
CAS_train = zeros(CAS_train_size,1500);
for i = 1:length(CAS_train_idx)
        CAS_train_temp = data(CAS_train_idx(i)).s_ecg;
        CAS_train(i,:) = CAS_train_temp;
end
[n,~] = size(CAS_train);
CAS_train_label = ones(n,1);

% Test
CAS_test_size = length(CAS_test_idx);
CAS_test = zeros(CAS_test_size,1500);
for i = 1:length(CAS_test_idx)
        CAS_test_temp = data(CAS_test_idx(i)).s_ecg;
        CAS_test(i,:) = CAS_test_temp;
end
[n,~] = size(CAS_test);
CAS_test_label = ones(n,1);


%%%% CPR %%%%
% Training
CPR_train_size = length(CPR_train_idx);
CPR_train = zeros(CPR_train_size,1500);
for i = 1:length(CPR_train_idx)
        CPR_train_temp = data(CPR_train_idx(i)).s_ecg;
        CPR_train(i,:) = CPR_train_temp;
end
[n,~] = size(CPR_train);
CPR_train_label = ones(n,1);

% Test
CPR_test_size = length(CPR_test_idx);
CPR_test = zeros(CPR_test_size,1500);
for i = 1:length(CPR_test_idx)
        CPR_test_temp = data(CPR_test_idx(i)).s_ecg;
        CPR_test(i,:) = CPR_test_temp;
end
[n,~] = size(CPR_test);
CPR_test_label = ones(n,1);


%%%% CPE %%%%
% Training
CPE_train_size = length(CPE_train_idx);
CPE_train = zeros(CPE_train_size,1500);
for i = 1:length(CPE_train_idx)
        CPE_train_temp = data(CPE_train_idx(i)).s_ecg;
        CPE_train(i,:) = CPE_train_temp;
end
[n,~] = size(CPE_train);
CPE_train_label = ones(n,1);

% Test
CPE_test_size = length(CPE_test_idx);
CPE_test = zeros(CPE_test_size,1500);
for i = 1:length(CPE_test_idx)
        CPE_test_temp = data(CPE_test_idx(i)).s_ecg;
        CPE_test(i,:) = CPE_test_temp;
end
[n,~] = size(CPE_test);
CPE_test_label = ones(n,1);



% Place label and data in corresponding vectors
len_train_label = length(CVT_train_label) + length(CVF_train_label) + ...
    length(CAS_train_label) + length(CPR_train_label) + length(CPE_train_label);

len_test_label = length(CVT_test_label) + length(CVF_test_label) + ...
    length(CAS_test_label) + length(CPR_test_label) + length(CPE_test_label);

% Update the lenght of labels
% Training
CVT_train_label_rev = [CVT_train_label', zeros([1,len_train_label-length(CVT_train_label)])];

CVF_train_label_rev = [zeros(1,length(CVT_train_label)),CVF_train_label',...
    zeros(1,len_train_label-length(CVT_train_label)-length(CVF_train_label))];

CAS_train_label_rev = [zeros(1,length(CVT_train_label) + length(CVF_train_label)), ...
    CAS_train_label', zeros(1,len_train_label - length(CVT_train_label) - ...
    length(CVF_train_label) - length(CAS_train_label))];

CPR_train_label_rev = [zeros(1,length(CVT_train_label) + length(CVF_train_label) ...
    + length(CAS_train_label)), CPR_train_label', zeros(1,len_train_label - ...
    length(CVT_train_label) - length(CVF_train_label) - length(CAS_train_label) ...
    - length(CPR_train_label))];

CPE_train_label_rev = [zeros(1,len_train_label-length(CPE_train_label)), CPE_train_label'];

s_ecg_train_label = [CVT_train_label_rev; CVF_train_label_rev; CAS_train_label_rev; CPR_train_label_rev; CPE_train_label_rev]';

% Test
CVT_test_label_rev = [CVT_test_label', zeros([1,len_test_label-length(CVT_test_label)])];

CVF_test_label_rev = [zeros(1,length(CVT_test_label)),CVF_test_label',...
    zeros(1,len_test_label-length(CVT_test_label)-length(CVF_test_label))];

CAS_test_label_rev = [zeros(1,length(CVT_test_label) + length(CVF_test_label)), ...
    CAS_test_label', zeros(1,len_test_label - length(CVT_test_label) - ...
    length(CVF_test_label) - length(CAS_test_label))];

CPR_test_label_rev = [zeros(1,length(CVT_test_label) + length(CVF_test_label) ...
    + length(CAS_test_label)), CPR_test_label', zeros(1,len_test_label - ...
    length(CVT_test_label) - length(CVF_test_label) - length(CAS_test_label) ...
    - length(CPR_test_label))];

CPE_test_label_rev = [zeros(1,len_test_label - length(CPE_test_label)), CPE_test_label'];

s_ecg_test_label = [CVT_test_label_rev; CVF_test_label_rev; CAS_test_label_rev; CPR_test_label_rev; CPE_test_label_rev]';

% Data
s_ecg_train = [CVT_train; CVF_train; CAS_train; CPR_train; CPE_train];
s_ecg_test = [CVT_test; CVF_test; CAS_test; CPR_test; CPE_test];
end
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createDataset_BIG.m

function [s_ecg_train,...
          s_ecg_train_label,...
          s_ecg_test,...
          s_ecg_test_label]...
            = createDataset_BIG(...
          data,...
          SMOTE,... 
          filtering, ...
          CVT_pat_train,...
          CVT_pat_test,...
          CVF_pat_train,...
          CVF_pat_test,...
          CAS_pat_train,...
          CAS_pat_test,...
          CPR_pat_train,...
          CPR_pat_test,...
          CPE_pat_train,...
          CPE_pat_test)

% Creates the large dataset. Training and test set with the corresponding
% labels. The size of the dataset depends on which patients to use.

% Filters data
if strcmp(filtering, 'True')
    [data] = filterData(data);
end

% Indexes for all classes
CVF = find(~cellfun('isempty',strfind({data.r_type},'CVF')))';
CVT = find(~cellfun('isempty',strfind({data.r_type},'CVT')))';
CAS = find(~cellfun('isempty',strfind({data.r_type},'CAS')))';
CPR = find(~cellfun('isempty',strfind({data.r_type},'CPR')))';
CPE = find(~cellfun('isempty',strfind({data.r_type},'CPE')))';


% CVT:
if strcmp(SMOTE,'True') 
    % TRAINING DATA CVT
    CVT_patients_idx_train = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CVT_pat_train,'uni',0);
    
    sharedCVT_values_train = cell(length(CVT_patients_idx_train),1);
    for i = 1:length(CVT_patients_idx_train)
        [sharedCVTVals,~] = intersect(CVT,CVT_patients_idx_train{1,i});
        sharedCVT_values_train{i,:} = sharedCVTVals';
    end
    
    m = 1;
    Train_CVT_data_size = sum(cellfun('length',sharedCVT_values_train));
    Train_CVT_data = zeros(Train_CVT_data_size,1500);
    for i = 1:length(sharedCVT_values_train)
        for j = 1:length(sharedCVT_values_train{i,1})
            Train_CVT_data_temp = data(sharedCVT_values_train{i,1}(j)).s_ecg;
            Train_CVT_data(m,:) = Train_CVT_data_temp;
            m = m + 1;
        end
    end
    
    [n,~] = size(Train_CVT_data);
    CVT_train_label_OLD = ones(n,1);
    
    
    % TEST DATA CVT
    
    CVT_patients_idx_test = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CVT_pat_test,'uni',0);
    
    sharedCVT_values_test = cell(length(CVT_patients_idx_test),1);
    for i = 1:length(CVT_patients_idx_test)
        [sharedCVTVals,~] = intersect(CVT,CVT_patients_idx_test{1,i});
        sharedCVT_values_test{i,:} = sharedCVTVals';
    end
    
    m = 1;
    Test_CVT_data_size = sum(cellfun('length',sharedCVT_values_test));
    Test_CVT_data = zeros(Test_CVT_data_size,1500);
    for i = 1:length(sharedCVT_values_test)
        for j = 1:length(sharedCVT_values_test{i,1})
            Test_CVT_data_temp = data(sharedCVT_values_test{i,1}(j)).s_ecg;
            Test_CVT_data(m,:) = Test_CVT_data_temp;
            m = m + 1;
        end
    end
    
    [n,~] = size(Test_CVT_data);
    CVT_test_label_OLD = ones(n,1);
    
    % SMOTE for training and test
    tic
    [CVT_train, CVT_train_label] = SMOTE(Train_CVT_data, CVT_train_label_OLD);
    [CVT_test, CVT_test_label] = SMOTE(Test_CVT_data, CVT_test_label_OLD);
    toc
else
    load CVT_train_label.mat
    load CVT_train.mat
    load CVT_test.mat
    load CVT_test_label.mat
end



% CVF:
% TRAINING DATA
CVF_patients_idx_train = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CVF_pat_train,'uni',0);

sharedCVF_values_train = cell(length(CVF_patients_idx_train),1);
for i = 1:length(CVF_patients_idx_train)
    [sharedCVFVals,~] = intersect(CVF,CVF_patients_idx_train{1,i});
    sharedCVF_values_train{i,:} = sharedCVFVals';
end

m = 1;
Train_CVF_data_size = sum(cellfun('length',sharedCVF_values_train));
Train_CVF_data = zeros(Train_CVF_data_size,1500);
for i = 1:length(sharedCVF_values_train)
    for j = 1:length(sharedCVF_values_train{i,1})
        Train_CVF_data_temp = data(sharedCVF_values_train{i,1}(j)).s_ecg;
        Train_CVF_data(m,:) = Train_CVF_data_temp;
        m = m + 1;
    end
end
CVF_train = Train_CVF_data;

[n,~] = size(Train_CVF_data);
CVF_train_label = ones(n,1);

% TEST DATA
CVF_patients_idx_test = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CVF_pat_test,'uni',0);

sharedCVF_values_test = cell(length(CVF_patients_idx_test),1);
for i = 1:length(CVF_patients_idx_test)
    [sharedCVFVals,~] = intersect(CVF,CVF_patients_idx_test{1,i});
    sharedCVF_values_test{i,:} = sharedCVFVals';
end

m = 1;
Test_CVF_data_size = sum(cellfun('length',sharedCVF_values_test));
Test_CVF_data = zeros(Test_CVF_data_size,1500);
for i = 1:length(sharedCVF_values_test)
    for j = 1:length(sharedCVF_values_test{i,1})
        Test_CVF_data_temp = data(sharedCVF_values_test{i,1}(j)).s_ecg;
        Test_CVF_data(m,:) = Test_CVF_data_temp;
        m = m + 1;
    end
end
CVF_test = Test_CVF_data;

[n,~] = size(Test_CVF_data);
CVF_test_label = ones(n,1);



% CAS:
% TRAINING DATA
CAS_patients_idx_train = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CAS_pat_train,'uni',0);

sharedCAS_values_train = cell(length(CAS_patients_idx_train),1);
for i = 1:length(CAS_patients_idx_train)
    [sharedCASVals,~] = intersect(CAS,CAS_patients_idx_train{1,i});
    sharedCAS_values_train{i,:} = sharedCASVals';
end

m = 1;
Train_CAS_data_size = sum(cellfun('length',sharedCAS_values_train));
Train_CAS_data = zeros(Train_CAS_data_size,1500);
for i = 1:length(sharedCAS_values_train)
    for j = 1:length(sharedCAS_values_train{i,1})
        Train_CAS_data_temp = data(sharedCAS_values_train{i,1}(j)).s_ecg;
        Train_CAS_data(m,:) = Train_CAS_data_temp;
        m = m + 1;
    end
end
CAS_train = Train_CAS_data;
[n,~] = size(Train_CAS_data);
CAS_train_label = ones(n,1);


% TEST DATA
CAS_patients_idx_test = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CAS_pat_test,'uni',0);

sharedCAS_values_test = cell(length(CAS_patients_idx_test),1);
for i = 1:length(CAS_patients_idx_test)
    [sharedCASVals,~] = intersect(CAS,CAS_patients_idx_test{1,i});
    sharedCAS_values_test{i,:} = sharedCASVals';
end

m = 1;
Test_CAS_data_size = sum(cellfun('length',sharedCAS_values_test));
Test_CAS_data = zeros(Test_CAS_data_size,1500);
for i = 1:length(sharedCAS_values_test)
    for j = 1:length(sharedCAS_values_test{i,1})
        Test_CAS_data_temp = data(sharedCAS_values_test{i,1}(j)).s_ecg;
        Test_CAS_data(m,:) = Test_CAS_data_temp;
        m = m + 1;
    end
end
CAS_test = Test_CAS_data;
[n,~] = size(Test_CAS_data);
CAS_test_label = ones(n,1);




% CPR:
if strcmp(SMOTE,'True') 
    % TRAINING DATA
    CPR_patients_idx_train = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CPR_pat_train,'uni',0);
    
    sharedCPR_values_train = cell(length(CPR_patients_idx_train),1);
    for i = 1:length(CPR_patients_idx_train)
        [sharedCPRVals,~] = intersect(CPR,CPR_patients_idx_train{1,i});
        sharedCPR_values_train{i,:} = sharedCPRVals';
    end
    
    m = 1;
    Train_CPR_data_size = sum(cellfun('length',sharedCPR_values_train));
    Train_CPR_data = zeros(Train_CPR_data_size,1500);
    for i = 1:length(sharedCPR_values_train)
        for j = 1:length(sharedCPR_values_train{i,1})
            Train_CPR_data_temp = data(sharedCPR_values_train{i,1}(j)).s_ecg;
            Train_CPR_data(m,:) = Train_CPR_data_temp;
            m = m + 1;
        end
    end
    
    [n,~] = size(Train_CPR_data);
    CPR_train_label_OLD = ones(n,1);
    
    
    % TEST DATA CPR
    CPR_patients_idx_test = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CPR_pat_test,'uni',0);
    
    sharedCPR_values_test = cell(length(CPR_patients_idx_test),1);
    for i = 1:length(CPR_patients_idx_test)
        [sharedCPRVals,~] = intersect(CPR,CPR_patients_idx_test{1,i});
        sharedCPR_values_test{i,:} = sharedCPRVals';
    end
    
    m = 1;
    Test_CPR_data_size = sum(cellfun('length',sharedCPR_values_test));
    Test_CPR_data = zeros(Test_CPR_data_size,1500);
    for i = 1:length(sharedCPR_values_test)
        for j = 1:length(sharedCPR_values_test{i,1})
            Test_CPR_data_temp = data(sharedCPR_values_test{i,1}(j)).s_ecg;
            Test_CPR_data(m,:) = Test_CPR_data_temp;
            m = m + 1;
        end
    end
    [n,~] = size(Test_CPR_data);
    CPR_test_label_OLD = ones(n,1);
    
    % SMOTE for training and test
    tic
    [CPR_train, CPR_train_label] = SMOTE(Train_CPR_data, CPR_train_label_OLD);
    [CPR_test, CPR_test_label] = SMOTE(Test_CPR_data, CPR_test_label_OLD);
    toc
else
    load CPR_train.mat
    load CPR_train_label.mat
    load CPR_test.mat
    load CPR_test_label.mat
end



% CPE:
% TRAINING DATA
CPE_patients_idx_train = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CPE_pat_train,'uni',0);

sharedCPE_values_train = cell(length(CPE_patients_idx_train),1);
for i = 1:length(CPE_patients_idx_train)
    [sharedCPEVals,~] = intersect(CPE,CPE_patients_idx_train{1,i});
    sharedCPE_values_train{i,:} = sharedCPEVals';
end

m = 1;
Train_CPE_data_size = sum(cellfun('length',sharedCPE_values_train));
Train_CPE_data = zeros(Train_CPE_data_size,1500);
for i = 1:length(sharedCPE_values_train)
    for j = 1:length(sharedCPE_values_train{i,1})
        Train_CPE_data_temp = data(sharedCPE_values_train{i,1}(j)).s_ecg;
        Train_CPE_data(m,:) = Train_CPE_data_temp;
        m = m + 1;
    end
end

CPE_train = Train_CPE_data;

[n,~] = size(Train_CPE_data);
CPE_train_label = ones(n,1);


% TEST DATA
CPE_patients_idx_test = cellfun(@(s)find(strcmp(s,{data.orig_reg})),CPE_pat_test,'uni',0);

sharedCPE_values_test = cell(length(CPE_patients_idx_test),1);
for i = 1:length(CPE_patients_idx_test)
    [sharedCPEVals,~] = intersect(CPE,CPE_patients_idx_test{1,i});
    sharedCPE_values_test{i,:} = sharedCPEVals';
end

m = 1;
Test_CPE_data_size = sum(cellfun('length',sharedCPE_values_test));
Test_CPE_data = zeros(Test_CPE_data_size,1500);
for i = 1:length(sharedCPE_values_test)
    for j = 1:length(sharedCPE_values_test{i,1})
        Test_CPE_data_temp = data(sharedCPE_values_test{i,1}(j)).s_ecg;
        Test_CPE_data(m,:) = Test_CPE_data_temp;
        m = m + 1;
    end
end
CPE_test = Test_CPE_data;

[n,~] = size(Test_CPE_data);
CPE_test_label = ones(n,1);




% Place label and data in corresponding vectors
len_train_label = length(CVT_train_label) + length(CVF_train_label) + ...
    length(CAS_train_label) + length(CPR_train_label) + length(CPE_train_label);

len_test_label = length(CVT_test_label) + length(CVF_test_label) + ...
    length(CAS_test_label) + length(CPR_test_label) + length(CPE_test_label);

% Update the length of the labels
% Training
CVT_train_label_rev = [CVT_train_label', zeros([1,len_train_label-length(CVT_train_label)])];

CVF_train_label_rev = [zeros(1,length(CVT_train_label)),CVF_train_label',...
    zeros(1,len_train_label-length(CVT_train_label)-length(CVF_train_label))];

CAS_train_label_rev = [zeros(1,length(CVT_train_label) + length(CVF_train_label)), ...
    CAS_train_label', zeros(1,len_train_label - length(CVT_train_label) - ...
    length(CVF_train_label) - length(CAS_train_label))];

CPR_train_label_rev = [zeros(1,length(CVT_train_label) + length(CVF_train_label) ...
    + length(CAS_train_label)), CPR_train_label', zeros(1,len_train_label - ...
    length(CVT_train_label) - length(CVF_train_label) - length(CAS_train_label) ...
    - length(CPR_train_label))];

CPE_train_label_rev = [zeros(1,len_train_label-length(CPE_train_label)), CPE_train_label'];

s_ecg_train_label = [CVT_train_label_rev; CVF_train_label_rev; CAS_train_label_rev; CPR_train_label_rev; CPE_train_label_rev]';

% Test
CVT_test_label_rev = [CVT_test_label', zeros([1,len_test_label-length(CVT_test_label)])];

CVF_test_label_rev = [zeros(1,length(CVT_test_label)),CVF_test_label',...
    zeros(1,len_test_label-length(CVT_test_label)-length(CVF_test_label))];

CAS_test_label_rev = [zeros(1,length(CVT_test_label) + length(CVF_test_label)), ...
    CAS_test_label', zeros(1,len_test_label - length(CVT_test_label) - ...
    length(CVF_test_label) - length(CAS_test_label))];

CPR_test_label_rev = [zeros(1,length(CVT_test_label) + length(CVF_test_label) ...
    + length(CAS_test_label)), CPR_test_label', zeros(1,len_test_label - ...
    length(CVT_test_label) - length(CVF_test_label) - length(CAS_test_label) ...
    - length(CPR_test_label))];

CPE_test_label_rev = [zeros(1,len_test_label - length(CPE_test_label)), CPE_test_label'];

s_ecg_test_label = [CVT_test_label_rev; CVF_test_label_rev; CAS_test_label_rev; CPR_test_label_rev; CPE_test_label_rev]';

% Data
s_ecg_train = [CVT_train; CVF_train; CAS_train; CPR_train; CPE_train];
s_ecg_test = [CVT_test; CVF_test; CAS_test; CPR_test; CPE_test];
end
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data2csv.m

function [ csv ] = data2csv( data )
% Inputs data struct and finds how many segments for each episode and
% stores it to a vector called csv.

% Finds out how many cuts there is for all annotations
CVF = find(~cellfun('isempty',strfind({data.r_type},'CVF')))';
CVT = find(~cellfun('isempty',strfind({data.r_type},'CVT')))';
CAS = find(~cellfun('isempty',strfind({data.r_type},'CAS')))';
CPR = find(~cellfun('isempty',strfind({data.r_type},'CPR')))';
CPE = find(~cellfun('isempty',strfind({data.r_type},'CPE')))';


% Finds out how many patients have cuts and create a csv file with the data
% CVT:
CVT_pat = cell(length(CVT),1);
for i = 1:length(CVT)
    CVT_pat{i} = data(CVT(i)).orig_reg;
end
[CVT_uniques,CVT_numUnique] = count_unique(CVT_pat);
CVT_unique = string(CVT_uniques);
CVT_csv = [CVT_unique,CVT_numUnique];

% CVF:
CVF_pat = cell(length(CVF),1);
for i = 1:length(CVF)
    CVF_pat{i} = data(CVF(i)).orig_reg;
end
[CVF_uniques,CVF_numUnique] = count_unique(CVF_pat);
CVF_unique = string(CVF_uniques);
CVF_csv = [CVF_unique,CVF_numUnique];

% CAS:
CAS_pat = cell(length(CAS),1);
for i = 1:length(CAS)
    CAS_pat{i} = data(CAS(i)).orig_reg;
end
[CAS_uniques,CAS_numUnique] = count_unique(CAS_pat);
CAS_unique = string(CAS_uniques);
CAS_csv = [CAS_unique,CAS_numUnique];

% CPR:
CPR_pat = cell(length(CPR),1);
for i = 1:length(CPR)
    CPR_pat{i} = data(CPR(i)).orig_reg;
end
[CPR_uniques,CPR_numUnique] = count_unique(CPR_pat);
CPR_unique = string(CPR_uniques);
CPR_csv = [CPR_unique,CPR_numUnique];

% CPE:
CPE_pat = cell(length(CPE),1);
for i = 1:length(CPE)
    CPE_pat{i} = data(CPE(i)).orig_reg;
end
[CPE_uniques,CPE_numUnique] = count_unique(CPE_pat);
CPE_unique = string(CPE_uniques);
CPE_csv = [CPE_unique,CPE_numUnique];

% The 11111 are just used too see where the classes split when importing to
% excel.
csv = [CVT_csv; [11111,11111]; CVF_csv; [11111,11111]; CAS_csv; [11111,11111]; ...
    CPR_csv; [11111,11111]; CPE_csv];
end
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filterData.m

function [ data ] = filterData( data )
% Function to band limit the data from 0.5-30 Hz

% Adding filtering to the dataset
% use fvtool(filt_LP) to plot the filter
filt_LP =designfilt('lowpassiir', 'DesignMethod', 'butter', 'Filterorder', 10, 'HalfPowerFrequency', 30, 'SampleRate', data(1).fs);
filt_HP =designfilt('highpassiir', 'DesignMethod', 'butter', 'Filterorder', 10, 'HalfPowerFrequency', 0.5, 'SampleRate', data(1).fs);

for i = 1:length(data)
    s_ecg = data(i).s_ecg;
    % Denoise EKG
    tr_int = 1; % 1 sec transient
    s_ecg = [fliplr(s_ecg(1:data(1).fs*tr_int))  s_ecg(:)' fliplr(s_ecg(end-data(1).fs*tr_int+1:end))];
    % filtfilt = Zero-phase digital filtering
    s_ecg = filtfilt(filt_HP, s_ecg);
    s_ecg = filtfilt(filt_LP, s_ecg);
    s_ecg = s_ecg(tr_int*data(1).fs+1:end-tr_int*data(1).fs); % Remove transient
    
    data(i).s_ecg = s_ecg;
end

end
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getAnnotatedIndexes.m

function [sigidx_CVF, sigidx_CVT, sigidx_CAS, sigidx_CPR, sigidx_CPE]...
    = getAnnotatedIndexes(EPI,SMP,minAnnCMPlength,maxCMPlength)
% Extracts all annotations for CVF, CVT, CAS, CPR, and CPE for each episode
% with parameter specifications.

%   sigidx_CVF = all indexes for CVF
%   sigidx_CVT = all indexes for CVT 
%   sigidx_CAS = all indexes for CAS 
%   sigidx_CPR = all indexes for CPR 
%   sigidx_CPE = all indexes for CPE 

j=length(EPI);
signal = cell(1,j);
r_type = {'CVF' 'CVT' 'CAS' 'CPR' 'CPE'};

indx_CVF = cell(length(EPI),1);
indx_CVT = cell(length(EPI),1);
indx_CAS = cell(length(EPI),1);
indx_CPR = cell(length(EPI),1);
indx_CPE = cell(length(EPI),1);

%idx_OLD = cell(length(EPI),1); % Use for comparison if needed

%%%% Finds all annotations for all five classes
for i = 1:length(EPI)
    indx = cellfun(@(c)strcmp(c,EPI{1,i}),r_type,'UniformOutput',false);
    signal{1,i} = indx;
    indx_CVF{i,1} = find(vertcat(signal{1,i}{1,1})); % finds CVF
    indx_CVT{i,1} = find(vertcat(signal{1,i}{1,2})); % finds CVT
    indx_CAS{i,1} = find(vertcat(signal{1,i}{1,3})); % finds CAS
    indx_CPR{i,1} = find(vertcat(signal{1,i}{1,4})); % finds CPR
    indx_CPE{i,1} = find(vertcat(signal{1,i}{1,5})); % finds CPE
    
% This was just used to see which signals where removed (compare with
% idx further down in the code)
%      idx_OLD{i,1} = sort(vertcat(indx_CVF{i,1}, indx_CVT{i,1}, indx_CAS{i,1},...
%          indx_CPE{i,1}, indx_CPR{i,1})); 
end

% Removes all annotations that does not fulfill parameter specifications
for n = 1:length(EPI)
    %%%% CPE %%%%
    for i = 1:length(indx_CPE{n,1})
        if isempty(indx_CPE{n,1}) == 1
            break
        end
        try
            % See if it's the same annotation prior and posterior for index
            if (strcmp(EPI{1,n}(indx_CPE{n,1}(i)-1),'PE') == 1 && ...
                 strcmp(EPI{1,n}(indx_CPE{n,1}(i)+1),'PE') == 1)
                % If the length after CPE index is less than 3sec, remove.
                if length(SMP{1,n}(indx_CPE{n,1}(i)+1):SMP{1,n}(indx_CPE{n,1}(i)+1,2)) < minAnnCMPlength
                    indx_CPE{n,1}(i) = NaN;
                % If the length of the signal is larger than maxCMPlength,
                % remove.
                elseif length(SMP{1,n}(indx_CPE{n,1}(i)):SMP{1,n}(indx_CPE{n,1}(i),2)) > maxCMPlength
                    indx_CPE{n,1}(i) = NaN;
                end
            else 
                indx_CPE{n,1}(i) = NaN;
            end
        catch
            if n == 394
                break
            else
            continue
            end
        end
    end
    
    %%%% CPR %%%%
    for i = 1:length(indx_CPR{n,1})
        if isempty(indx_CPR{n,1}) == 1
            break
        end
        try
            % See if it's the same annotation prior and posterior for index
            if (strcmp(EPI{1,n}(indx_CPR{n,1}(i)-1),'PR') == 1 && ...
                 strcmp(EPI{1,n}(indx_CPR{n,1}(i)+1),'PR') == 1)
                % If the length after CPR index is less than 3sec, remove.
                if length(SMP{1,n}(indx_CPR{n,1}(i)+1):SMP{1,n}(indx_CPR{n,1}(i)+1,2)) < minAnnCMPlength
                    indx_CPR{n,1}(i) = NaN;
                % If the length of the signal is larger than maxCMPlength,
                % remove.
                elseif length(SMP{1,n}(indx_CPR{n,1}(i)):SMP{1,n}(indx_CPR{n,1}(i),2)) > maxCMPlength
                    indx_CPR{n,1}(i) = NaN;
                end
            else 
                indx_CPR{n,1}(i) = NaN;
            end
        catch
            if n == 394
                break
            else
            continue
            end
        end
    end
    
    %%%% CAS %%%%
    for i = 1:length(indx_CAS{n,1})
        if isempty(indx_CAS{n,1}) == 1
            break
        end
        try
            % See if it's the same annotation prior and posterior for index
            if (strcmp(EPI{1,n}(indx_CAS{n,1}(i)-1),'AS') == 1 && ...
                 strcmp(EPI{1,n}(indx_CAS{n,1}(i)+1),'AS') == 1)
                % If the length after CAS index is less than 3sec, remove.
                if length(SMP{1,n}(indx_CAS{n,1}(i)+1):SMP{1,n}(indx_CAS{n,1}(i)+1,2)) < minAnnCMPlength
                    indx_CAS{n,1}(i) = NaN;
                % If the length of the signal is larger than maxCMPlength,
                % remove.
                elseif length(SMP{1,n}(indx_CAS{n,1}(i)):SMP{1,n}(indx_CAS{n,1}(i),2)) > maxCMPlength
                    indx_CAS{n,1}(i) = NaN;
                end
                
            else 
                indx_CAS{n,1}(i) = NaN;
            end
        catch
            if n == 394
                break
            else
            continue
            end
        end
    end
    
    %%%% CVF %%%%
    for i = 1:length(indx_CVF{n,1})
        if isempty(indx_CVF{n,1}) == 1
            break
        end
        try
            % See if it's the same annotation prior and posterior for index
            if (strcmp(EPI{1,n}(indx_CVF{n,1}(i)-1),'VF') == 1 && ...
                 strcmp(EPI{1,n}(indx_CVF{n,1}(i)+1),'VF') == 1)
                % If the length after CVF index is less than 3sec, remove.
                if length(SMP{1,n}(indx_CVF{n,1}(i)+1):SMP{1,n}(indx_CVF{n,1}(i)+1,2)) < minAnnCMPlength
                    indx_CVF{n,1}(i) = NaN;
                % If the length of the signal is larger than maxCMPlength,
                % remove.
                elseif length(SMP{1,n}(indx_CVF{n,1}(i)):SMP{1,n}(indx_CVF{n,1}(i),2)) > maxCMPlength
                    indx_CVF{n,1}(i) = NaN;
                end
            else 
                indx_CVF{n,1}(i) = NaN;
            end
        catch
            if n == 394
                break
            else
            continue
            end
        end
    end
    
    %%%% CVT %%%%
    for i = 1:length(indx_CVT{n,1})
        if isempty(indx_CVT{n,1}) == 1
            break
        end
        try
            % See if it's the same annotation prior and posterior for index
            if (strcmp(EPI{1,n}(indx_CVT{n,1}(i)-1),'VT') == 1 && ...
                 strcmp(EPI{1,n}(indx_CVT{n,1}(i)+1),'VT') == 1)
                % If the length after CVT index is less than 3sec, remove.
                if length(SMP{1,n}(indx_CVT{n,1}(i)+1):SMP{1,n}(indx_CVT{n,1}(i)+1,2)) < minAnnCMPlength
                    indx_CVT{n,1}(i) = NaN;
                % If the length of the signal is larger than maxCMPlength,
                % remove.
                elseif length(SMP{1,n}(indx_CVT{n,1}(i)):SMP{1,n}(indx_CVT{n,1}(i),2)) > maxCMPlength
                    indx_CVT{n,1}(i) = NaN;
                end
            else 
                indx_CVT{n,1}(i) = NaN;
            end
        catch
            if n == 394
                break
            else
            continue
            end
        end
    end
end

% For comparison of idx_OLD
% Index for all sorted signals after removal
% idx = cell(length(EPI),1);
% for i = 1:length(EPI)
%     idx{i,1} = sort(vertcat(indx_CVF{i,1}, indx_CVT{i,1}, indx_CAS{i,1},...
%         indx_CPE{i,1}, indx_CPR{i,1}));
% end

% Declare new variables
sigidx_CVF = cell(length(indx_CVF),1);
sigidx_CVT = cell(length(indx_CVF),1);
sigidx_CAS = cell(length(indx_CVF),1);
sigidx_CPE = cell(length(indx_CVF),1);
sigidx_CPR = cell(length(indx_CVF),1);

% Get all samples for the corresponding annotations in separate variables
%%%% CVF %%%%
for i = 1:length(indx_CVF)
    for j=1:length(indx_CVF{i,1})
        try
            idx_CVF_X = SMP{1,i}(indx_CVF{i,1}(j),1):SMP{1,i}(indx_CVF{i,1}(j),2);
            sigidx_CVF{i,j} = idx_CVF_X;
        catch
            continue 
        end
    end
end

%%%% CVT %%%%
for i = 1:length(indx_CVT)
    for j=1:length(indx_CVT{i,1})
        try
        idx_CVT_X = SMP{1,i}(indx_CVT{i,1}(j),1):SMP{1,i}(indx_CVT{i,1}(j),2);
        sigidx_CVT{i,j} = idx_CVT_X;
        catch  
            continue
        end
    end
end

%%%% CAS %%%%
for i = 1:length(indx_CAS)
    for j=1:length(indx_CAS{i,1})
        try
        idx_CAS_X = SMP{1,i}(indx_CAS{i,1}(j),1):SMP{1,i}(indx_CAS{i,1}(j),2);
        sigidx_CAS{i,j} = idx_CAS_X;
        catch  
            continue
        end
    end
end

%%%% CPR %%%%
for i = 1:length(indx_CPR)
    for j=1:length(indx_CPR{i,1})
        try
        idx_CPR_X = SMP{1,i}(indx_CPR{i,1}(j),1):SMP{1,i}(indx_CPR{i,1}(j),2);
        sigidx_CPR{i,j} = idx_CPR_X;
        catch  
            continue
        end
    end
end

%%%% CPE %%%%
for i = 1:length(indx_CPE)
    for j=1:length(indx_CPE{i,1})
        try
        idx_CPE_X = SMP{1,i}(indx_CPE{i,1}(j),1):SMP{1,i}(indx_CPE{i,1}(j),2);
        sigidx_CPE{i,j} = idx_CPE_X;
        catch  
            continue
        end
    end
end
end
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getAnnotatedSignals_Samples.m

function [s_ecgCVF_FULL,...
          s_ecgCVT_FULL,...
          s_ecgCAS_FULL,...
          s_ecgCPR_FULL,...
          s_ecgCPE_FULL,...
          orig_segCVF_cut,...
          orig_segCVT_cut,...
          orig_segCAS_cut,...
          orig_segCPR_cut,...
          orig_segCPE_cut]...
            = getAnnotatedSignals_Samples(...
          drecs_sis,...
          SMP,...
          smpidx_CVF,...
          smpidx_CVT,...
          smpidx_CAS,...
          smpidx_CPR,...
          smpidx_CPE)
% Extracts annotated signals, CVF, CVT, CAS, CPR, and CPE for each spesific
% episode


%%%% CVF %%%%
s_ecgCVF_FULL = cell(length(smpidx_CVF),1);
orig_segCVF_cut = cell(length(smpidx_CVF),1);
for i = 1:length(smpidx_CVF)
    try
        load(fullfile(drecs_sis{i,3},drecs_sis{i,1}),'SIGNALS')
    catch
        i = i + 1;
    end
    
    for j = 1:length(SMP)
        try
            % Ignores segments under 3second
            if length(smpidx_CVF{i,j}) < 1500
                continue
            else
                signalExtCVF = SIGNALS.ecg_diff(smpidx_CVF{i,j});
                orig_segCVF_cut_temp = smpidx_CVF{i,j};
                
                s_ecgCVF_FULL{i,j} = signalExtCVF; % signalCVF
                orig_segCVF_cut{i,j} = orig_segCVF_cut_temp; % sampleCVF
            end
        catch
        end
    end
    clear SIGNALS
end

%%%% CVT %%%%
s_ecgCVT_FULL = cell(length(smpidx_CVT),1);
orig_segCVT_cut = cell(length(smpidx_CVT),1);
for i = 1:length(smpidx_CVT)
    try
        load(fullfile(drecs_sis{i,3},drecs_sis{i,1}),'SIGNALS')
    catch
        i = i + 1;
    end
    
    for j = 1:length(SMP)
        try
            % Ignores segments under 3second
            if length(smpidx_CVT{i,j}) < 1500
                continue
            else
                signalExtCVT = SIGNALS.ecg_diff(smpidx_CVT{i,j});
                orig_segCVT_cut_temp = smpidx_CVT{i,j};
                
                s_ecgCVT_FULL{i,j} = signalExtCVT; % signalCVT
                orig_segCVT_cut{i,j} = orig_segCVT_cut_temp; % sampleCVT
            end
        catch
        end
    end
    clear SIGNALS
end

%%%% CAS %%%%
s_ecgCAS_FULL = cell(length(smpidx_CAS),1);
orig_segCAS_cut = cell(length(smpidx_CAS),1);
for i = 1:length(smpidx_CAS)
    try
        load(fullfile(drecs_sis{i,3},drecs_sis{i,1}),'SIGNALS')
    catch
        i = i + 1;
    end
    
    for j = 1:length(SMP)
        try
            % Ignores segments under 3second
            if length(smpidx_CAS{i,j}) < 1500
                continue
            else
                signalExtCAS = SIGNALS.ecg_diff(smpidx_CAS{i,j});
                orig_segCAS_cut_temp = smpidx_CAS{i,j};
                
                s_ecgCAS_FULL{i,j} = signalExtCAS; % signalCAS
                orig_segCAS_cut{i,j} = orig_segCAS_cut_temp; % sampleCAS
            end
        catch
        end
    end
    clear SIGNALS
end

%%%% CPR %%%%
s_ecgCPR_FULL = cell(length(smpidx_CPR),1);
orig_segCPR_cut = cell(length(smpidx_CPR),1);
for i = 1:length(smpidx_CPR)
    try
        load(fullfile(drecs_sis{i,3},drecs_sis{i,1}),'SIGNALS')
    catch
        i = i + 1;
    end
    
    for j = 1:length(SMP)
        try
            % Ignores segments under 3second
            if length(smpidx_CPR{i,j}) < 1500
                continue
            else
                signalExtCPR = SIGNALS.ecg_diff(smpidx_CPR{i,j});
                orig_segCPR_cut_temp = smpidx_CPR{i,j};
                
                s_ecgCPR_FULL{i,j} = signalExtCPR; % signalCPR
                orig_segCPR_cut{i,j} = orig_segCPR_cut_temp; % sampleCPR
            end
        catch
        end
    end
    clear SIGNALS
end

%%%% CPE %%%%
s_ecgCPE_FULL = cell(length(smpidx_CPE),1);
orig_segCPE_cut = cell(length(smpidx_CPE),1);
for i = 1:length(smpidx_CPE)
    try
        load(fullfile(drecs_sis{i,3},drecs_sis{i,1}),'SIGNALS')
    catch
        i = i + 1;
    end
    
    for j = 1:length(SMP)
        try
            % Ignores segments under 3second
            if length(smpidx_CPE{i,j}) < 1500
                continue
            else
                signalExtCPE = SIGNALS.ecg_diff(smpidx_CPE{i,j});
                orig_segCPE_cut_temp = smpidx_CPE{i,j};
                
                s_ecgCPE_FULL{i,j} = signalExtCPE; % signalCPE
                orig_segCPE_cut{i,j} = orig_segCPE_cut_temp; % sampleCPE
            end
        catch
        end
    end
    clear SIGNALS
end

end
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getOHCAdata.m

% clear all
% close all
% clc
% 
% % NB!: Run this code on gorina1, goes much faster
% % Contact Trygve Eftestol for data access.
% 
% % Read SMP, EPI and drecs_sis
% [drecs_sis,prm]=init_scr('hs4k','auto');  
% save drecs_sis.mat drecs_sis
% 
% % episode nr: (Start på 2, samme som ALI)
% patient = 2;
% 
% % Laste inn signalene for episode nr 1
% load(fullfile(drecs_sis{patient,3},drecs_sis{patient,1}),'SIGNALS')
% 
% % Laster inn mat-fil med rytmeannoteringer
% load(fullfile(drecs_sis{patient,3},'oohrepr'),'oohrepr')
% SMP=oohrepr.SMP;
% EPI=oohrepr.EPI;
% save SMP.mat SMP
% save EPI.mat EPI

% Load SMP, EPI and drecs_sis if they are already saved
load SMP.mat
load EPI.mat
load drecs_sis.mat

% Set the length of the sample value posterior to compression. 1500/500 =
% 3sec
minAnnCMPlength = 1350;

% Set length to the longest compression interval. 15000/500 = 30sec
maxCMPlength = 47500; 

% Define dataset, small or large.
smallDataSet = 'False';

% If False load files from directory, else run SMOTE.
SMOTE = 'False'; 

% Band limit dataset to 0.5 - 30 Hz
filtering = 'True';

% Extracts annotated indexes
tic
[smpidx_CVF,...
 smpidx_CVT,...
 smpidx_CAS,...
 smpidx_CPR,...
 smpidx_CPE]...
    = getAnnotatedIndexes(...
 EPI,...
 SMP,...
 minAnnCMPlength,...
 maxCMPlength);
toc

% NB DENNE TAR LANG TID Å KJØRE --- 15-20 mins --- 
% Extracts the annotated signals, start and end sample value for each
% segment.
% This takes a while to run --- 15-20 mins ---
tic
[s_ecgCVF_FULL,...
 s_ecgCVT_FULL,...
 s_ecgCAS_FULL,...
 s_ecgCPR_FULL,...
 s_ecgCPE_FULL,...
 orig_segCVF_cut,...
 orig_segCVT_cut,...
 orig_segCAS_cut,...
 orig_segCPR_cut,...
 orig_segCPE_cut]...
    = getAnnotatedSignals_Samples(...
 drecs_sis,...
 SMP,...
 smpidx_CVF,...
 smpidx_CVT,...
 smpidx_CAS,...
 smpidx_CPR,...
 smpidx_CPE);
toc

if strcmp(smallDataSet,'True') 
    % Extracts 3second segments for the small dataset
    tic
    [s_ecg,...
     orig_seg,...
     s_ecgCVF,...
     s_ecgCVT,...
     s_ecgCAS,...
     s_ecgCPR,...
     s_ecgCPE]...
        = getOrigSeg_Ecg(...
     EPI,...
     orig_segCVF_cut,...
     s_ecgCVF_FULL,...
     orig_segCVT_cut,...
     s_ecgCVT_FULL,...
     orig_segCAS_cut,...
     s_ecgCAS_FULL,...
     orig_segCPR_cut,...
     s_ecgCPR_FULL,...
     orig_segCPE_cut,...
     s_ecgCPE_FULL);
    toc
    
else
    % Extract 3second segments with 30 sample overlap for the large dataset
    tic
    [s_ecg,...
     orig_seg,...
     s_ecgCVF,...
     s_ecgCVT,...
     s_ecgCAS,...
     s_ecgCPR,...
     s_ecgCPE]...
        = getOrigSeg_Ecg_Big(...
     EPI,...
     orig_segCVF_cut,...
     s_ecgCVF_FULL,...
     orig_segCVT_cut,...
     s_ecgCVT_FULL,...
     orig_segCAS_cut,...
     s_ecgCAS_FULL,...
     orig_segCPR_cut,...
     s_ecgCPR_FULL,...
     orig_segCPE_cut,...
     s_ecgCPE_FULL);
    toc
end

% Extract sizes
[n_ecgCVF,m_ecgCVF] = size(s_ecgCVF);
[n_ecgCVT,m_ecgCVT] = size(s_ecgCVT);
[n_ecgCAS,m_ecgCAS] = size(s_ecgCAS);
[n_ecgCPR,m_ecgCPR] = size(s_ecgCPR);
[n_ecgCPE,m_ecgCPE] = size(s_ecgCPE);

[n_ecg,m_ecg] = size(s_ecg);

%%%% Create a data struct
clear data
data = struct;
tic
m = 1;
for i = 2:n_ecg % S_1 is no included in SISTER_DB, it's then ignores.
    for j = 1:m_ecg
        if j <= m_ecgCVF
           r_type = 'CVF';
        elseif j <= (m_ecgCVF + m_ecgCVT)
           r_type = 'CVT';
        elseif j <= (m_ecgCVF + m_ecgCVT + m_ecgCAS)
            r_type = 'CAS';
        elseif j <= (m_ecgCVF + m_ecgCVT + m_ecgCAS + m_ecgCPR)
            r_type = 'CPR';
        else
            r_type = 'CPE';
        end
        if isempty(s_ecg{i,j})==1
            continue
        else
            try
                if iscell(s_ecg{i,j}) == 1 
                    for x = 1:length(s_ecg{i,j})
                        data(m).s_ecg = s_ecg{i,j}{1,x}'; 
                        data(m).fs = 500;
                        data(m).r_type = r_type;
                        data(m).patID = str2double(sprintf('%d', i));
                        data(m).orig_reg = drecs_sis{i,1};
                        data(m).orig_seg = orig_seg{i,j}{1,x};
                        data(m).cut_name = sprintf('cut_%4.4d', m);
                        m = m+1;
                    end
                else
                    data(m).s_ecg= s_ecg{i,j}';
                    data(m).fs = 500;
                    data(m).r_type = r_type;
                    data(m).patID = str2double(sprintf('%d', i));
                    data(m).orig_reg = drecs_sis{i,1};
                    data(m).orig_seg = orig_seg{i,j};
                    data(m).cut_name = sprintf('cut_%4.4d', m);
                    m = m+1;
                end
            catch
            end
        end
    end
end
toc
%save OHCAdata.mat data
%viewSister
clearvars -except data filtering smallDataSet SMOTE

% Function to extract data to csv
[ csv ] = data2csv( data );
x = cellstr(csv);
tic
cell2csv('test.csv',x)
toc

clearvars -except data csv filtering smallDataSet SMOTE

if strcmp(smallDataSet,'False') 
    % Define train and test patients for all classes
    CVT_pat_train = {'a_13' 'a_14' 'a_164' 'a_306' 'a_35' 'l_63' 'l_66'};
    CVT_pat_test = {'a_173' 'a_272' 's_80'};
    
    CVF_pat_train = {'a_10' 'a_11' 'a_12' 'a_13' 'a_14' 'a_147' 'a_155' 'a_157'...
        'a_16' 'a_164' 'a_17' 'a_176' 'a_18' 'a_186' 'a_19' 'a_2' 'a_20' 'a_21' 'a_22' 'a_23' 'a_24' 'a_25'};
    CVF_pat_test = {'s_363' 's_366' 's_377' 's_383' 's_75' 's_76' 's_77' 's_78'...
        's_79' 's_82' 's_85' 's_86' 's_87' 's_90' 's_91' 's_92' 's_93' 's_94' 's_95' 's_96' 's_98' 's_99'};
    
    CAS_pat_train = {'a_13' 'a_149' 'a_150' 'a_154' 'a_160' 'a_163' 'a_165'...
        'a_17' 'a_171' 'a_172' 'a_176' 'a_178' 'a_179' 'a_182' 'a_183' 'a_185'...
        'a_187' 'a_189' 'a_23' 'a_24' 'a_25' 'a_270' 'a_271' 'a_279' 'a_289' 'a_293'};
    CAS_pat_test = {'a_272' 's_78' 's_80' 's_82' 's_86' 's_87' 's_89' 's_92' 's_94' 's_96' 's_97' 's_99'};
    
    CPR_pat_train = {'a_166' 'a_179' 'a_183' 'a_186' 'a_19' 'a_2' 'a_20' 'a_21' 'a_273' 'a_285' 'a_288' 'a_296'};
    CPR_pat_test = {'s_371' 's_381' 's_73' 's_78' 's_79' 's_92' 's_97'};
    
    CPE_pat_train = {'a_10' 'a_11' 'a_12' 'a_14' 'a_148' 'a_15' 'a_150' 'a_151'...
        'a_153' 'a_157' 'a_161' 'a_164' 'a_166' 'a_172' 'a_176' 'a_18' 'a_181'...
        'a_183' 'a_189' 'a_19' 'a_191' 'a_2' 'a_20' 'a_21' 'a_25'};
    CPE_pat_test = {'a_173' 's_80' 's_88' 's_91' 's_93' 's_94' 's_95' 's_97'};
    
    % Creates dataset
    tic
    [s_ecg_train,...
     s_ecg_train_label,...
     s_ecg_test,...
     s_ecg_test_label]...
        = createDataset_BIG(...
     data,...
     SMOTE,...
     filtering,...
     CVT_pat_train,...
     CVT_pat_test,...
     CVF_pat_train,...
     CVF_pat_test,...
     CAS_pat_train,...
     CAS_pat_test,...
     CPR_pat_train,...
     CPR_pat_test,...
     CPE_pat_train,...
     CPE_pat_test);
    toc

    % Save file: Change the name of the mat files to not overlap with other
    % data
%     save s_ecg_train_BIG_Filtered.mat s_ecg_train -v7.3
%     save s_ecg_train_label_BIG_Filtered.mat s_ecg_train_label
%     save s_ecg_test_BIG_Filtered.mat s_ecg_test -v7.3
%     save s_ecg_test_label_BIG_Filtered.mat s_ecg_test_label
else 
    
    CVF_idx = find(strcmp({data.r_type}, 'CVF')==1)';
    CVT_idx = find(strcmp({data.r_type}, 'CVT')==1)';
    CAS_idx = find(strcmp({data.r_type}, 'CAS')==1)';
    CPR_idx = find(strcmp({data.r_type}, 'CPR')==1)';
    CPE_idx = find(strcmp({data.r_type}, 'CPE')==1)';
    % Fjerner cuts
    % CVT
    CVT_remv = [1250, 1251, 1252, 1263, 1264, 2396, 2397, 2398, 2400, 2403, 4546];
    
    % CVF
    CVF_remv = [1, 8, 10, 11, 307, 314, 315, 319, 321, 325, 334, 345, 348, 354, ...
        356, 376, 377, 420, 437, 508, 510, 511, 512, 516, 535, 536, 537, 538, ...
        547, 548, 561, 581, 582, 591, 593, 596, 609, 614, 618, 626, 627, 660, ...
        667, 668, 710, 740, 757, 759, 767, 768, 779, 858, 865, 916, 947, 963, ...
        1054, 1184, 1240, 1358, 1365, 1426, 1427, 1428, 1433, 1437, 1438, 1439, ...
        1440, 1572, 1585, 1595, 1602, 1619, 1623, 1624, 1626, 1627, 1664, 1665, ...
        1747, 1775, 1845, 1847, 1865, 1921, 1932, 2004, 2047, 2048, 2049, 2050, ...
        2120, 2121, 2131, 2132, 2145, 2237, 2319, 2324, 2325, 2327, 2331, 2334, ...
        2336, 2338, 2340, 2341, 2342, 2343, 2353, 2392, 2394, 2570, 2574, 2577, ...
        2769, 2770, 2992, 3441, 3444, 3447, 3451, 3454, 3456, 3461, 3462, 3463, ...
        3464, 3594, 3605, 3607, 3610, 3611, 825:841, 1086:1096, ...
        CVF_idx(702:end)'];
    
    CAS_remv = [288, 289, 295, 304, 305, 429, 714, 745, 782, 919, 920, 921, ...
        922, 924, 925, 928, 968, 975, 976, 978, 986, 1029, 1070, 1099, 1110, ...
        1113, 1116, 1119, 1120, 1121, 1123, 1124, 1132, 1134, 1137, 1138, 1139, ...
        1140, 1142, 1143, 1144, 1204, 1207, 1208, 1209, 1210, 1211, 1212, 1219, ...
        1221, 1272, 1298, 1301, 1445, 1448, 1455, 1501, 1503, 1505, 1509, 1592, ...
        1604, 1609, 1611, 1615, 1617, 1618, 1629, 1666, 1667, 1668, 1669, 1754, ...
        1771, 1777, 1811, 1816, 1817, 1824, 1837, 1838, 1839, 1840, 1841, 1842, ...
        2006, 2007, 2009, 2010, 2013, 2066, 2098, 2099, 2104, 2108, 2112, 2113, ...
        2264, 2265, 2269, 2274, 2364, 2387, 2388, 2410, 2421, 2424, 2425, 2426, ...
        2427, 2428, 2493, 2494, 2495, 2496, 2497, 2498, 2499, 2500, 2501, 2502, ...
        2584, 2586, 2588, 2592, 2647, 2650, 2712, 2727, 2746, 2748, 2751, 2753, ...
        2757, 2764, 2771, 2772, 2773, 2779, 2832, 2833, 2847, 2851, 2852, 2858, ...
        2864, 2866, 2876, 2879, 2886, 2887, 2898, 2901, 2902, 2910, 2912, 2914, ...
        3000, 3012, 3015, 3016, 3017, 3020, 3022, 3027, 3029, 3030, 3032, 3033, ...
        3035, 3037, 3038, 3046, 3047, 3048, 3049, 3059, 3065, 3066, 3073, ...
        CAS_idx(729:end)'];
    
    CPR_remv = [12, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 40, 47, 48, 59, ...
        60, 74, 95, 112, 127, 128, 129, 132, 140, 141, 148, 151, 152, 154, 187, ...
        188, 189, 191, 194, 195, 205, 206, 225, 226, 235, 238, 239, 472, 473, ...
        474, 482, 522, 523, 524, 632, 633, 634, 635, 636, 637, 638, 639, 640, ...
        641, 642, 643, 644, 645, 646, 647, 648, 649, 650, 651, 652, 653, 654, ...
        715, 716, 717, 718, 879, 880, 881, 883, 884, 897, 898, 911, 912, 913, ...
        1316, 1317, 1318, 1319, 1320, 1321, 1322, 1371, 1373, 1374, 1375, 1376, ...
        1377, 1378, 1380, 1381, 1383, 1393, 1398, 1402, 1403, 1404, 1405, 1497, ...
        1498, 1635, 1640, 1641, 1642, 1643, 1645, 1646, 1647, 1648, 1649, 1650, ...
        1651, 1652, 1653, 1654, 1655, 1656, 1657, 1658, 1659, 1660, 1661, 1683,...
        1684, 1685, 1686, 1687, 1688, 1689, 1690, 1697, 1935, 1937, 1970, 2067, ...
        2069, 2070, 2072, 2183, 2184, 2185, 2186, 2187, 2188, 2189, 2190, 2191, ...
        2192, 2193, 2194, 2195, 2196, 2197, 2198, 2199, 2200, 2201, 2202, 2203, ...
        2204, 2205, 2206, 2210, 2214, 2219, 2220, 2222, 2455, 2456, 2617, 2621, ...
        2622, 2654, 2656, 2659, 2661, 2662, 2664, 2665, 2667, 2670, 2672, 2674, ...
        2676, 2677, 2679, 2682, 2683, 2685, 2686, 2689, 2690, 2692, 2693, 2695, ...
        2696, 2698, 2699, 3190, 3191, 3192, 3674, 3675, 3682, 3689, 3690, 3699, ...
        3703, 3744, 3745, 3893, 3895, 3902, 3903, 4069, ...
        CPR_idx(809:end)'];
    
    CPE_remv = [69, 99, 100, 101, 102, 103, 104, 105, 106, 107, 108, 159, 160, ...
        161, 162, 163, 167, 168, 269, 270, 272, 273, 275, 276, 280, 281, 282, ...
        312, 414, 415, 416, 486, 489, 525, 569, 570, 585, 655, 726, 811, 813, ...
        817, 847, 849, 867, 914, 934, 936, 941, 943, 944, 962, 987, 988, 989, ...
        990, 991, 992, 993, 994, 995, 996, 997, 998, 999, 1001, 1005, 1006, ...
        1007, 1008, 1009, 1010, 1011, 1012, 1013, 1014, 1015, 1016, 1017, 1018, ...
        1019, 1020, 1021, 1022, 1023, 1024, 1025, 1045, 1047, 1052, 1074, 1079, ...
        1080, 1083, 1148, 1150, 1152, 1155, 1157, 1159, 1161, 1162, 1163, 1164, ...
        1165, 1166, 1167, 1168, 1169, 1170, 1224, 1225, 1282, 1330, 1343, 1353, ...
        1412, 1414, 1464, 1465, 1467, 1473, 1478, 1482, 1484, 1485, 1486, 1539, ...
        1541, 1551, 1553, 1555, 1556, 1557, 1562, 1567, 1662, 1709, 1714, 1720, ...
        1726, 1727, 1732, 1741, 1743, 1744, 1745, 1764, 1767, 1774, 1826, 1831, ...
        1834, 1835, 1867, 1900, 1918, 1990, 2021, 2022, 2028, 2059, 2060, 2088, ...
        2163, 2165, 2170, 2171, 2173, 2175, 2176, 2223, 2224, 2225, 2226, 2227, ...
        2229, 2230, 2232, 2280, 2282, 2284, 2295, 2303, 2368, 2369, 2373, 2375, ...
        2377, 2378, 2382, 2384, 2407, 2461, 2471, 2473, 2475, 2476, 2477, 2478, ...
        2481, 2483, 2489, 2490, 2491, 2492, 2504, 2538, 2539, 2544, 2552, 2554, ...
        2556, 2561, 2564, 2565, 2566, 2581, 2627, 2631, 2632, 2634, 2635, 2639, ...
        2780, 2784, 2785, 2805, 2809, ...
        CPE_idx(899:end)'];
    
    
    C_art_remv = [CVT_remv, CVF_remv, CAS_remv, CPR_remv, CPE_remv];
    
    tic
    [s_ecg_train,...
     s_ecg_train_label,...
     s_ecg_test,...
     s_ecg_test_label,...
     data]...
        = createDataset(...
     data,...
     C_art_remv,...
     filtering);
    toc
 
%     save OHCAdata_Pycharm.mat data
%     save s_ecg_train_Filtered.mat s_ecg_train
%     save s_ecg_train_label_Filtered.mat s_ecg_train_label
%     save s_ecg_test_Filtered.mat s_ecg_test
%     save s_ecg_test_label_Filtered.mat s_ecg_test_label
end
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getOrigSeg_Ecg.m

function [s_ecg,...
          orig_seg,...
          s_ecgCVF,...
          s_ecgCVT,...
          s_ecgCAS,...
          s_ecgCPR,...
          s_ecgCPE]...
            = getOrigSeg_Ecg(...
          EPI,...
          orig_segCVF_cut,...
          s_ecgCVF_FULL,...
          orig_segCVT_cut,...
          s_ecgCVT_FULL,...
          orig_segCAS_cut,...
          s_ecgCAS_FULL, ...
          orig_segCPR_cut,...
          s_ecgCPR_FULL,...
          orig_segCPE_cut,...
          s_ecgCPE_FULL)
% Extracts 3 second segments of the signal and start and end sample value to the
% corresponding segments
%
%   s_ecgCVF = signal segments for all episodes for the annotation 'CVF'
%   s_ecgCVT = signal segments for all episodes for the annotation 'CVT'
%   s_ecgCAS = signal segments for all episodes for the annotation 'CAS'
%   s_ecgCPR = signal segments for all episodes for the annotation 'CPR'
%   s_ecgCPE = signal segments for all episodes for the annotation 'CPE'
%   
%   s_ecg = signal segments for all annotations
%   orig_seg = start and end sample value for all annotations.


%%%% CVF %%%%
% Declare variables for CVF
orig_segCVF = cell(length(EPI),1);
s_ecgCVF = cell(length(EPI),1);
[n,size_CVF] = size(s_ecgCVF_FULL);
for i  = 1:n
    for j = 1:size_CVF
        if isempty(s_ecgCVF_FULL{i,j}) == 1
            continue
        else
            try
                % Extracts start and end sample values for all segments
                orig_segCVF{i,j} = [orig_segCVF_cut{i,j}(ceil(length(orig_segCVF_cut{i,j})/2)-749),...
                    orig_segCVF_cut{i,j}(ceil(length(orig_segCVF_cut{i,j})/2)+750)];
                % Extracts 3second segments from the signal
                s_ecgCVF{i,j} = s_ecgCVF_FULL{i,j}(ceil(length(s_ecgCVF_FULL{i,j})/2)-749:...
                    ceil(length(s_ecgCVF_FULL{i,j})/2)+750);
            catch
            end
        end
    end
end

%%%% CVT %%%%
% Declare variables for CVT
orig_segCVT = cell(length(EPI),1);
s_ecgCVT = cell(length(EPI),1);
[n,size_CVT] = size(s_ecgCVT_FULL);
for i  = 1:n
    for j = 1:size_CVT
        if isempty(s_ecgCVT_FULL{i,j}) == 1
            continue
        else
            num_sig = length(s_ecgCVT_FULL{i,j});
            num = num_sig/1500;
            num_floored = floor(num);
            for m = 1:num_floored
                try 
                    % If the length of the segment is larger than 3000, run
                    % this code.
                    if num_floored > 1
                        % Extracts start and end sample values for all segments
                        orig_segCVT{i,j}{1,m} = [orig_segCVT_cut{i,j}(end-num_sig+200+((m-1)*1500)),...
                            orig_segCVT_cut{i,j}(end-num_sig+1699+((m-1)*1500))];
                        
                        % Extracts 3second segments from the signal
                        s_ecgCVT{i,j}{1,m} = s_ecgCVT_FULL{i,j}(end-num_sig+200+((m-1)*1500):end-num_sig+1699+((m-1)*1500));
                        
                    else
                        % Extracts start and end sample values for all segments
                        orig_segCVT{i,j} = [orig_segCVT_cut{i,j}(end-num_sig+200+((m-1)*1500),...
                            orig_segCVT_cut{i,j}(end-num_sig+1699+((m-1)*1500)))];
                        
                        % Extracts 3second segments from the signal
                        s_ecgCVT{i,j} = s_ecgCVT_FULL{i,j}(end-num_sig+200+((m-1)*1500):end-num_sig+1699+((m-1)*1500));
                    end
                catch
                end
            end
        end
    end
end

%%%% CAS %%%%
% Declare variables for CAS
orig_segCAS = cell(length(EPI),1);
s_ecgCAS = cell(length(EPI),1);
[n,size_CAS] = size(s_ecgCAS_FULL);
for i  = 1:n
    for j = 1:size_CAS
        if isempty(s_ecgCAS_FULL{i,j}) == 1
            continue
        else
            try
                % Extracts start and end sample values for all segments
                orig_segCAS{i,j} = [orig_segCAS_cut{i,j}(ceil(length(orig_segCAS_cut{i,j})/2)-749),...
                    orig_segCAS_cut{i,j}(ceil(length(orig_segCAS_cut{i,j})/2)+750)];
                % Extracts 3second segments from the signal
                s_ecgCAS{i,j} = s_ecgCAS_FULL{i,j}(ceil(length(s_ecgCAS_FULL{i,j})/2)-749:...
                    ceil(length(s_ecgCAS_FULL{i,j})/2)+750);
            catch
            end
        end
    end
end

%%%% CPR %%%%
% Declare variables for CPR
orig_segCPR = cell(length(EPI),1);
s_ecgCPR = cell(length(EPI),1);
[n,size_CPR] = size(s_ecgCPR_FULL);
for i  = 1:n
    for j = 1:size_CPR
        if isempty(s_ecgCPR_FULL{i,j}) == 1
            continue
        else
            num_sig = length(s_ecgCPR_FULL{i,j});
            num = num_sig/1500;
            num_floored = floor(num);
            for m = 1:num_floored
                try
                    % If the length of the segment is larger than 3000, run
                    % this code.
                    if num_floored > 1
                        
                        % Extracts start and end sample values for all segments
                        orig_segCPR{i,j}{1,m} = [orig_segCPR_cut{i,j}(end-num_sig+200+((m-1)*1500)),...
                            orig_segCPR_cut{i,j}(end-num_sig+1699+((m-1)*1500))];
                        
                        % Extracts 3second segments from the signal
                        s_ecgCPR{i,j}{1,m} = s_ecgCPR_FULL{i,j}(end-num_sig+200+((m-1)*1500):end-num_sig+1699+((m-1)*1500));
                        
                    else
                        % Extracts start and end sample values for all segments
                        orig_segCPR{i,j} = [orig_segCPR_cut{i,j}(end-num_sig+200+((m-1)*1500),...
                            orig_segCPR_cut{i,j}(end-num_sig+1699+((m-1)*1500)))];
                        
                        % Extracts 3second segments from the signal
                        s_ecgCPR{i,j} = s_ecgCPR_FULL{i,j}(end-num_sig+200+((m-1)*1500):end-num_sig+1699+((m-1)*1500));
                    end
                catch
                end
            end
        end
    end
end

%%%% CPE %%%%
% Declare variables for CPE
orig_segCPE = cell(length(EPI),1);
s_ecgCPE = cell(length(EPI),1);
[n,size_CPE] = size(s_ecgCPE_FULL);
for i  = 1:n
    for j = 1:size_CPE
        if isempty(s_ecgCPE_FULL{i,j}) == 1
            continue
        else
            try
                % Extracts start and end sample values for all segments
                orig_segCPE{i,j} = [orig_segCPE_cut{i,j}(ceil(length(orig_segCPE_cut{i,j})/2)-749),...
                    orig_segCPE_cut{i,j}(ceil(length(orig_segCPE_cut{i,j})/2)+750)];
                % Extracts 3second segments from the signal
                s_ecgCPE{i,j} = s_ecgCPE_FULL{i,j}(ceil(length(s_ecgCPE_FULL{i,j})/2)-749:...
                    ceil(length(s_ecgCPE_FULL{i,j})/2)+750);
            catch
            end
        end
    end
end

% Concatenates all segments and start and end sample values into one
% variable.
s_ecg = [s_ecgCVF,s_ecgCVT,s_ecgCAS,s_ecgCPR,s_ecgCPE];
orig_seg = [orig_segCVF,orig_segCVT,orig_segCAS,orig_segCPR,orig_segCPE];
end
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getOrigSeg_Ecg_Big.m

function [s_ecg,...
          orig_seg,...
          s_ecgCVF,...
          s_ecgCVT,...
          s_ecgCAS,...
          s_ecgCPR,...
          s_ecgCPE]...
            = getOrigSeg_Ecg_Big(...
          EPI,...
          orig_segCVF_cut,...
          s_ecgCVF_FULL,...
          orig_segCVT_cut,...
          s_ecgCVT_FULL,...
          orig_segCAS_cut,...
          s_ecgCAS_FULL,...
          orig_segCPR_cut,...
          s_ecgCPR_FULL,...
          orig_segCPE_cut,...
          s_ecgCPE_FULL)
% Extracts 3 second segments of the signal and start and end sample value to the
% corresponding segments
%
%   s_ecgCVF = signal segments for all episodes for the annotation 'CVF'
%   s_ecgCVT = signal segments for all episodes for the annotation 'CVT'
%   s_ecgCAS = signal segments for all episodes for the annotation 'CAS'
%   s_ecgCPR = signal segments for all episodes for the annotation 'CPR'
%   s_ecgCPE = signal segments for all episodes for the annotation 'CPE'
%   
%   s_ecg = signal segments for all annotations
%   orig_seg = start and end sample value for all annotations.
   
% Define how much each segements move (sample value)
MovingWindow = 30;

%%%% CVF %%%%
% Declare variables for CVF
orig_segCVF = cell(length(EPI),1);
s_ecgCVF = cell(length(EPI),1);
[n,size_CVF] = size(s_ecgCVF_FULL);
for i  = 1:n
    for j = 1:size_CVF
        if isempty(s_ecgCVF_FULL{i,j}) == 1
            continue
        else
            x = 1:MovingWindow:length(s_ecgCVF_FULL{i,j});
            for m = 1:length(x)
                if x(m) > length(s_ecgCVF_FULL{i,j}) - 1700
                    break
                else
                    % Extracts start and end sample values for all segments
                    orig_segCVF{i,j}{1,m} = [orig_segCVF_cut{i,j}(200+x(m)), orig_segCVF_cut{i,j}(1699+x(m))];
                    % Extracts 3second segments with moving window sample overlap
                    s_ecgCVF{i,j}{1,m} = s_ecgCVF_FULL{i,j}(200+x(m):1699+x(m));
                end
            end
        end
    end
end

%%%% CVT %%%%
% Declare variables for CVT
orig_segCVT = cell(length(EPI),1);
s_ecgCVT = cell(length(EPI),1);
[n,size_CVT] = size(s_ecgCVT_FULL);
for i  = 1:n
    for j = 1:size_CVT
        if isempty(s_ecgCVT_FULL{i,j}) == 1
            continue
        else
            x = 1:MovingWindow:length(s_ecgCVT_FULL{i,j});
            for m = 1:length(x)
                if x(m) > length(s_ecgCVT_FULL{i,j}) - 1700
                    break
                else
                    % Extracts start and end sample values for all segments
                    orig_segCVT{i,j}{1,m} = [orig_segCVT_cut{i,j}(200+x(m)), orig_segCVT_cut{i,j}(1699+x(m))];
                    % Extracts 3second segments with moving window sample overlap
                    s_ecgCVT{i,j}{1,m} = s_ecgCVT_FULL{i,j}(200+x(m):1699+x(m));
                end
            end
        end
    end
end

%%%% CAS %%%%
% Declare variables for CAS
orig_segCAS = cell(length(EPI),1);
s_ecgCAS = cell(length(EPI),1);
[n,size_CAS] = size(s_ecgCAS_FULL);
for i  = 1:n
    for j = 1:size_CAS
        if isempty(s_ecgCAS_FULL{i,j}) == 1
            continue
        else
            x = 1:MovingWindow:length(s_ecgCAS_FULL{i,j});
            for m = 1:length(x)
                if x(m) > length(s_ecgCAS_FULL{i,j}) - 1700
                    break
                else
                    % Extracts start and end sample values for all segments
                    orig_segCAS{i,j}{1,m} = [orig_segCAS_cut{i,j}(200+x(m)), orig_segCAS_cut{i,j}(1699+x(m))];
                    % Extracts 3second segments with moving window sample overlap
                    s_ecgCAS{i,j}{1,m} = s_ecgCAS_FULL{i,j}(200+x(m):1699+x(m));
                end
            end
        end
    end
end

%%%% CPR %%%%
% Declare variables for CPR
orig_segCPR = cell(length(EPI),1);
s_ecgCPR = cell(length(EPI),1);
[n,size_CPR] = size(s_ecgCPR_FULL);
for i  = 1:n
    for j = 1:size_CPR
        if isempty(s_ecgCPR_FULL{i,j}) == 1
            continue
        else
            x = 1:MovingWindow:length(s_ecgCPR_FULL{i,j});
            for m = 1:length(x)
                if x(m) > length(s_ecgCPR_FULL{i,j}) - 1700
                    break
                else
                    % Extracts start and end sample values for all segments
                    orig_segCPR{i,j}{1,m} = [orig_segCPR_cut{i,j}(200+x(m)), orig_segCPR_cut{i,j}(1699+x(m))];
                    % Extracts 3second segments with moving window sample overlap
                    s_ecgCPR{i,j}{1,m} = s_ecgCPR_FULL{i,j}(200+x(m):1699+x(m));
                end
            end
        end
    end
end

%%%% CPE %%%%
% Declare variables for CPE
orig_segCPE = cell(length(EPI),1);
s_ecgCPE = cell(length(EPI),1);
[n,size_CPE] = size(s_ecgCPE_FULL);
for i  = 1:n
    for j = 1:size_CPE
        if isempty(s_ecgCPE_FULL{i,j}) == 1
            continue
        else
            x = 1:MovingWindow:length(s_ecgCPE_FULL{i,j});
            for m = 1:length(x)
                if x(m) > length(s_ecgCPE_FULL{i,j}) - 1700
                    break
                else
                    % Extracts start and end sample values for all segments
                    orig_segCPE{i,j}{1,m} = [orig_segCPE_cut{i,j}(200+x(m)), orig_segCPE_cut{i,j}(1699+x(m))];
                    % Extracts 3second segments with moving window sample overlap
                    s_ecgCPE{i,j}{1,m} = s_ecgCPE_FULL{i,j}(200+x(m):1699+x(m));
                end
            end
        end
    end
end

% Concatenates all segments and start and end sample values into one
% variable.
s_ecg = [s_ecgCVF,s_ecgCVT,s_ecgCAS,s_ecgCPR,s_ecgCPE];
orig_seg = [orig_segCVF,orig_segCVT,orig_segCAS,orig_segCPR,orig_segCPE];
end
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nearestneighbour.m

function [idx, tri] = nearestneighbour(varargin)
%NEARESTNEIGHBOUR    find nearest neighbours
%   IDX = NEARESTNEIGHBOUR(X) finds the nearest neighbour by Euclidean
%   distance to each point (column) in X from X. X is a matrix with points
%   as columns. IDX is a vector of indices into X, such that X(:, IDX) are
%   the nearest neighbours to X. e.g. the nearest neighbour to X(:, 2) is
%   X(:, IDX(2))
%
%   IDX = NEARESTNEIGHBOUR(P, X) finds the nearest neighbour by Euclidean
%   distance to each point in P from X. P and X are both matrices with the
%   same number of rows, and points are the columns of the matrices. Output
%   is a vector of indices into X such that X(:, IDX) are the nearest
%   neighbours to P
%
%   IDX = NEARESTNEIGHBOUR(I, X) where I is a logical vector or vector of
%   indices, and X has at least two rows, finds the nearest neighbour in X
%   to each of the points X(:, I).
%   I must be a row vector to distinguish it from a single point.
%   If X has only one row, the first input is treated as a set of 1D points
%   rather than a vector of indices
%
%   IDX = NEARESTNEIGHBOUR(..., Property, Value)
%   Calls NEARESTNEIGHBOUR with the indicated parameters set. Property
%   names can be supplied as just the first letters of the property name if
%   this is unambiguous, e.g. NEARESTNEIGHBOUR(..., 'num', 5) is equivalent
%   to NEARESTNEIGHBOUR(..., 'NumberOfNeighbours', 5). Properties are case
%   insensitive, and are as follows:
%      Property:                         Value:
%      ---------                         ------
%         NumberOfNeighbours             natural number, default 1
%            NEARESTNEIGHBOUR(..., 'NumberOfNeighbours', K) finds the closest
%            K points in ascending order to each point, rather than the
%            closest point. If Radius is specified and there are not
%            sufficient numbers, fewer than K neighbours may be returned
%
%         Radius                         positive, default +inf
%            NEARESTNEIGHBOUR(..., 'Radius', R) finds neighbours within
%            radius R. If NumberOfNeighbours is not set, it will find all
%            neighbours within R, otherwise it will find at most
%            NumberOfNeighbours. The IDX matrix is padded with zeros if not
%            all points have the same number of neighbours returned. Note
%            that specifying a radius means that the Delaunay method will
%            not be used.
%
%         DelaunayMode                   {'on', 'off', |'auto'|}
%            DelaunayMode being set to 'on' means NEARESTNEIGHBOUR uses the
%            a Delaunay triangulation with dsearchn to find the points, if
%            possible. Setting it to 'auto' means NEARESTNEIGHBOUR decides
%            whether to use the triangulation, based on efficiency. Note
%            that the Delaunay triangulation will not be used if a radius
%            is specified.
%
%         Triangulation                  Valid triangulation produced by
%                                        delaunay or delaunayn
%            If a triangulation is supplied, NEARESTNEIGHBOUR will attempt
%            to use it (in conjunction with dsearchn) to find the
%            neighbours.
%
%   [IDX, TRI] = NEARESTNEIGHBOUR( ... )
%   If the Delaunay Triangulation is used, TRI is the triangulation of X'.
%   Otherwise, TRI is an empty matrix
%
%   Example:
%
%     % Find the nearest neighbour in X to each column of X
%     x = rand(2, 10);
%     idx = nearestneighbour(x);
%
%     % Find the nearest neighbours to each point in p
%     p = rand(2, 5);
%     x = rand(2, 20);
%     idx = nearestneighbour(p, x)
%
%     % Find the five nearest neighbours to points x(:, [1 6 20]) in x
%     x = rand(4, 1000)
%     idx = nearestneighbour([1 6 20], x, 'NumberOfNeighbours', 5)
%
%     % Find all neighbours within radius of 0.1 of the points in p
%     p = rand(2, 10);
%     x = rand(2, 100);
%     idx = nearestneighbour(p, x, 'r', 0.1)
%
%     % Find at most 10 nearest neighbours to point p from x within a
%     % radius of 0.2
%     p = rand(1, 2);
%     x = rand(2, 30);
%     idx = nearestneighbour(p, x, 'n', 10, 'r', 0.2)
%
%
%   See also DELAUNAYN, DSEARCHN, TSEARCH

%TODO    Allow other metrics than Euclidean distance
%TODO    Implement the Delaunay mode for multiple neighbours

% Copyright 2006 Richard Brown. This code may be freely used and
% distributed, so long as it maintains this copyright line
error(nargchk(1, Inf, nargin, 'struct'));

% Default parameters
userParams.NumberOfNeighbours = []    ; % Finds one
userParams.DelaunayMode       = 'auto'; % {'on', 'off', |'auto'|}
userParams.Triangulation      = []    ;
userParams.Radius             = inf   ;

% Parse inputs
[P, X, fIndexed, userParams] = parseinputs(userParams, varargin{:});

% Special case uses Delaunay triangulation for speed.

% Determine whether to use Delaunay - set fDelaunay true or false
nX  = size(X, 2);
nP  = size(P, 2);
dim = size(X, 1);

switch lower(userParams.DelaunayMode)
    case 'on'
        %TODO Delaunay can't currently be used for finding more than one
        %neighbour
        fDelaunay = userParams.NumberOfNeighbours == 1 && ...
            size(X, 2) > size(X, 1)                    && ...
            ~fIndexed                                  && ...
            userParams.Radius == inf;
    case 'off'
        fDelaunay = false;
    case 'auto'
        fDelaunay = userParams.NumberOfNeighbours == 1 && ...
            ~fIndexed                                  && ...
            size(X, 2) > size(X, 1)                    && ...
            userParams.Radius == inf                   && ...
            ( ~isempty(userParams.Triangulation) || delaunaytest(nX, nP, dim) );
end

% Try doing Delaunay, if fDelaunay.
fDone = false;
if fDelaunay
    tri = userParams.Triangulation;
    if isempty(tri)
        try
            tri   = delaunayn(X');
        catch
            msgId = 'NearestNeighbour:DelaunayFail';
            msg = ['Unable to compute delaunay triangulation, not using it. ',...
                'Set the DelaunayMode parameter to ''off'''];
            warning(msgId, msg);
        end
    end
    if ~isempty(tri)
        try
            idx = dsearchn(X', tri, P')';
            fDone = true;
        catch
            warning('NearestNeighbour:DSearchFail', ...
                'dsearchn failed on triangulation, not using Delaunay');
        end
    end
else % if fDelaunay
    tri = [];
end

% If it didn't use Delaunay triangulation, find the neighbours directly by
% finding minimum distances
if ~fDone
    idx = zeros(userParams.NumberOfNeighbours, size(P, 2));

    % Loop through the set of points P, finding the neighbours
    Y = zeros(size(X));
    for iPoint = 1:size(P, 2)
        x = P(:, iPoint);

        % This is the faster than using repmat based techniques such as
        % Y = X - repmat(x, 1, size(X, 2))
        for i = 1:size(Y, 1)
            Y(i, :) = X(i, :) - x(i);
        end

        % Find the closest points, and remove matches beneath a radius
        dSq = sum(abs(Y).^2, 1);
        iRad = find(dSq < userParams.Radius^2);
        if ~fIndexed
            iSorted = iRad(minn(dSq(iRad), userParams.NumberOfNeighbours));
        else
            iSorted = iRad(minn(dSq(iRad), userParams.NumberOfNeighbours + 1));
            iSorted = iSorted(2:end);
        end

        % Remove any bad ones
        idx(1:length(iSorted), iPoint) = iSorted';
    end
    %while ~isempty(idx) && isequal(idx(end, :), zeros(1, size(idx, 2)))
    %    idx(end, :) = [];
    %end
    idx( all(idx == 0, 2), :) = [];
end % if ~fDone
if isvector(idx)
    idx = idx(:)';
end
end % nearestneighbour




%DELAUNAYTEST   Work out whether the combination of dimensions makes
%fastest to use a Delaunay triangulation in conjunction with dsearchn.
%These parameters have been determined empirically on a Pentium M 1.6G /
%WinXP / 512MB / Matlab R14SP3 platform. Their precision is not
%particularly important
function tf = delaunaytest(nx, np, dim)
switch dim
    case 2
        tf = np > min(1.5 * nx, 400);
    case 3
        tf = np > min(4 * nx  , 1200);
    case 4
        tf = np > min(40 * nx , 5000);

        % if the dimension is higher than 4, it is almost invariably better not
        % to try to use the Delaunay triangulation
    otherwise
        tf = false;
end % switch
end % delaunaytest




%MINN   find the n most negative elements in x, and return their indices
%  in ascending order
function I = minn(x, n)

% Make sure n is no larger than length(x)
n = min(n, length(x));

% Sort the first n
[xsn, I] = sort(x(1:n));

% Go through the rest of the entries, and insert them into the sorted block
% if they are negative enough
for i = (n+1):length(x)
    j = n;
    while j > 0 && x(i) < xsn(j)
        j = j - 1;
    end

    if j < n
        % x(i) should go into the (j+1) position
        xsn = [xsn(1:j), x(i), xsn((j+1):(n-1))];
        I   = [I(1:j), i, I((j+1):(n-1))];
    end
end

end %minn


%PARSEINPUTS    Support function for nearestneighbour
function [P, X, fIndexed, userParams] = parseinputs(userParams, varargin)
if length(varargin) == 1 || ~isnumeric(varargin{2})
    P           = varargin{1};
    X           = varargin{1};
    fIndexed    = true;
    varargin(1) = [];
else
    P             = varargin{1};
    X             = varargin{2};
    varargin(1:2) = [];

    % Check the dimensions of X and P
    if size(X, 1) ~= 1
        % Check to see whether P is in fact a vector of indices
        if size(P, 1) == 1
            try
                P = X(:, P);
            catch
                error('NearestNeighbour:InvalidIndexVector', ...
                    'Unable to index matrix using index vector');
            end
            fIndexed = true;
        else
            fIndexed = false;
        end % if size(P, 1) == 1
    else % if size(X, 1) ~= 1
        fIndexed = false;
    end

    if ~fIndexed && size(P, 1) ~= size(X, 1)
        error('NearestNeighbour:DimensionMismatch', ...
            'No. of rows of input arrays doesn''t match');
    end
end
% Parse the Property/Value pairs
if rem(length(varargin), 2) ~= 0
    error('NearestNeighbour:propertyValueNotPair', ...
        'Additional arguments must take the form of Property/Value pairs');
end

propertyNames = {'numberofneighbours', 'delaunaymode', 'triangulation', ...
    'radius'};
while length(varargin) ~= 0
    property = varargin{1};
    value    = varargin{2};

    % If the property has been supplied in a shortened form, lengthen it
    iProperty = find(strncmpi(property, propertyNames, length(property)));
    if isempty(iProperty)
        error('NearestNeighbour:InvalidProperty', 'Invalid Property');
    elseif length(iProperty) > 1
        error('NearestNeighbour:AmbiguousProperty', ...
            'Supplied shortened property name is ambiguous');
    end
    property = propertyNames{iProperty};

    switch property
        case 'numberofneighbours'
            if rem(value, 1) ~= 0 || ...
                    value > length(X) - double(fIndexed) || ...
                    value < 1
                error('NearestNeighbour:InvalidNumberOfNeighbours', ...
                    'Number of Neighbours must be an integer, and smaller than the no. of points in X');
            end
            userParams.NumberOfNeighbours = value;

        case 'delaunaymode'
            fOn = strcmpi(value, 'on');
            if strcmpi(value, 'off')
                userParams.DelaunayMode = 'off';
            elseif fOn || strcmpi(value, 'auto')
                if userParams.NumberOfNeighbours ~= 1
                    if fOn
                        warning('NearestNeighbour:TooMuchForDelaunay', ...
                            'Delaunay Triangulation method works only for one neighbour');
                    end
                    userParams.DelaunayMode = 'off';
                elseif size(X, 2) < size(X, 1) + 1
                    if fOn
                        warning('NearestNeighbour:TooFewDelaunayPoints', ...
                            'Insufficient points to compute Delaunay triangulation');
                    end
                    userParams.DelaunayMode = 'off';

                elseif size(X, 1) == 1
                    if fOn
                        warning('NearestNeighbour:DelaunayDimensionOne', ...
                            'Cannot compute Delaunay triangulation for 1D input');
                    end
                    userParams.DelaunayMode = 'off';
                else
                    userParams.DelaunayMode = value;
                end
            else
                warning('NearestNeighbour:InvalidOption', ...
                    'Invalid Option');
            end % if strcmpi(value, 'off')

        case 'radius'
            if isscalar(value) && isnumeric(value) && isreal(value) && value > 0
                userParams.Radius = value;
                if isempty(userParams.NumberOfNeighbours)
                    userParams.NumberOfNeighbours = size(X, 2) - double(fIndexed);
                end
            else
                error('NearestNeighbour:InvalidRadius', ...
                    'Radius must be a positive real number');
            end
    

        case 'triangulation'
            if isnumeric(value) && size(value, 2) == size(X, 1) + 1 && ...
                    all(ismember(1:size(X, 2), value))
                userParams.Triangulation = value;
            else
                error('NearestNeighbour:InvalidTriangulation', ...
                    'Triangulation not a valid Delaunay Triangulation');
            end
    end % switch property

    varargin(1:2) = [];
end % while
if isempty(userParams.NumberOfNeighbours)
    userParams.NumberOfNeighbours = 1;
end
end %parseinputs
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SMOTE.m

function [final_features final_mark] = SMOTE(original_features, original_mark)


ind = find(original_mark == 1);

% P = candidate points
P = original_features(ind,:);
T = P';

% X = Complete Feature Vector
X = T;

% Finding the 5 positive nearest neighbours of all the positive blobs
I = nearestneighbour(T, X, 'NumberOfNeighbours', 4);

I = I';

[r c] = size(I);
S = [];
th=0.3;
for i=1:r
    for j=2:c
        index = I(i,j);
        new_P=(1-th).*P(i,:) + th.*P(index,:);
        S = [S;new_P];
    end
end

original_features = [original_features;S];
[r c] = size(S);
mark = ones(r,1);
original_mark = [original_mark;mark];

train_incl = ones(length(original_mark), 1);

I = nearestneighbour(original_features', original_features', 'NumberOfNeighbours', 4);
I = I';
for j = 1:length(original_mark)
    len = length(find(original_mark(I(j, 2:4)) ~= original_mark(j,1)));
    if(len >= 2)
        if(original_mark(j,1) == 1)
         train_incl(original_mark(I(j, 2:4)) ~= original_mark(j,1),1) = 0;
        else
         train_incl(j,1) = 0;   
        end    
    end
end
final_features = original_features(train_incl == 1, :);
final_mark = original_mark(train_incl == 1, :);

% %%% Reverse K-NN
% 
% mitosis_features = new_feature_mat;
% mitosis_mark= new_mark;
% 
% % P = candidate points
% P = mitosis_features;
% T = P';
% 
% % X = Complete Feature Vector
% X = T;
% 
% % Finding the 5 positive nearest neighbours of all the positive blobs
% I = nearestneighbour(T, X, 'NumberOfNeighbours', 4);
% 
% I = I';
% len = length(new_mark);
% incl_blob = ones(len,1);
% total=[];
% for i=1:len
%     total = length(find(I(:,2:4)==i));
%     if(total <= 1)
%         incl_blob(i,1) = 0;
%     end
% end
% 
% final_mark = new_mark(find(incl_blob == 1));
% final_features = mitosis_features(find(incl_blob == 1),:);
% 
% 
% 
% 
% %%%
% 
% % % Updating the SVM file
% % [r c] = size(new_feature_mat);
% % fp = fopen('SVMtrainNew.txt', 'w');
% % for i = 1:r
% %     fprintf(fp, '%d ',new_mark(i,1));
% %     for j = 1:c
% %     
% %        fprintf(fp, '%d:%d ', j, new_feature_mat(i,j));     
% %     
% %     end
% %     fprintf(fp, '\n');
% % end
% % fclose('all');
% % 
% % new_mark = new_mark';
% % % Updating the Neural Network file
% % 
% % 
% % % save('NURtrainNew.mat','new_feature_mat');
% % % save('NURmarkNew.mat','new_mark');
% % 
% % mitosis_features = new_feature_mat;
% % mitosis_mark= new_mark';
% % % save('NURtrain.mat','mitosis_features');
% % % save('NURmark.mat','mitosis_mark');
% % 
end






__MACOSX/._SMOTE.m





viewSister.fig





__MACOSX/._viewSister.fig





viewSister.m

function varargout = viewSister(varargin)
% VIEWSISTER MATLAB code for viewSister.fig
%      VIEWSISTER, by itself, creates a new VIEWSISTER or raises the existing
%      singleton*.
%
%      H = VIEWSISTER returns the handle to a new VIEWSISTER or the handle to
%      the existing singleton*.
%
%      VIEWSISTER('CALLBACK',hObject,eventData,handles,...) calls the local
%      function named CALLBACK in VIEWSISTER.M with the given input arguments.
%
%      VIEWSISTER('Property','Value',...) creates a new VIEWSISTER or raises the
%      existing singleton*.  Starting from the left, property value pairs are
%      applied to the GUI before viewSister_OpeningFcn gets called.  An
%      unrecognized property name or invalid value makes property application
%      stop.  All inputs are passed to viewSister_OpeningFcn via varargin.
%
%      *See GUI Options on GUIDE's Tools menu.  Choose "GUI allows only one
%      instance to run (singleton)".
%
% See also: GUIDE, GUIDATA, GUIHANDLES

% Edit the above text to modify the response to help viewSister

% Last Modified by GUIDE v2.5 04-Nov-2016 21:02:25

% Begin initialization code - DO NOT EDIT
gui_Singleton = 1;
gui_State = struct('gui_Name',       mfilename, ...
                   'gui_Singleton',  gui_Singleton, ...
                   'gui_OpeningFcn', @viewSister_OpeningFcn, ...
                   'gui_OutputFcn',  @viewSister_OutputFcn, ...
                   'gui_LayoutFcn',  [] , ...
                   'gui_Callback',   []);
if nargin && ischar(varargin{1})
    gui_State.gui_Callback = str2func(varargin{1});
end

if nargout
    [varargout{1:nargout}] = gui_mainfcn(gui_State, varargin{:});
else
    gui_mainfcn(gui_State, varargin{:});
end
% End initialization code - DO NOT EDIT


% --- Executes just before viewSister is made visible.
function viewSister_OpeningFcn(hObject, eventdata, handles, varargin)
% This function has no output args, see OutputFcn.
% hObject    handle to figure
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)
% varargin   command line arguments to viewSister (see VARARGIN)

% Choose default command line output for viewSister
handles.output = hObject;

m_file     = mfilename('fullpath');
pos        = find(m_file==filesep,1,'last');
appDirName = m_file(1:pos);
addpath(appDirName);
handles.appDir = appDirName;
handles.dbDir  = fullfile(appDirName,'DB');

%%% SISTER DATA: metadata store it in handles.
load(fullfile(handles.dbDir, 'SISTER_DB'));
handles.m_data = m_data;

%%% SISTER CUTS: metadata and ECG
load(fullfile(handles.appDir, 'OHCAdata'));
handles.data = data;

%%% ONLY USE SISTER REGS with CUTS!!!
%%% Option stable in unique to mantain order       
set(handles.pop_register, 'String', unique({handles.data.orig_reg},'stable'));
%%% Update cuts
c_val = get(handles.pop_register, 'Value');
c_reg = get(handles.pop_register, 'String');
c_reg = c_reg(c_val);

idx = strmatch(c_reg, {handles.data.orig_reg}, 'exact');
set(handles.pop_cut, 'String', {handles.data(idx).cut_name});

%%% Initialize handles
handles = initHandles(handles);
set(gcf, 'defaulttextinterpreter', 'none'); %% cut_0038 underscore is not subscript!!!

%%% Filter for impedance channel
handles.filt_tti =designfilt('bandpassiir', 'DesignMethod', 'butter', 'Filterorder', 8, 'HalfPowerFrequency1', 0.1, 'HalfPowerFrequency2', 7,  'SampleRate', handles.fs);

%%% Filters fir the EKG, only in cuts...
handles.filt_LP =designfilt('lowpassiir', 'DesignMethod', 'butter', 'Filterorder', 4, 'HalfPowerFrequency', 40, 'SampleRate', handles.fs);
handles.filt_HP =designfilt('highpassiir', 'DesignMethod', 'butter', 'Filterorder', 4, 'HalfPowerFrequency', 0.5, 'SampleRate', handles.fs);
handles.filt_SB =designfilt('bandstopiir', 'DesignMethod', 'butter', 'Filterorder', 4, 'HalfPowerFrequency1', 47, 'HalfPowerFrequency2', 53,  'SampleRate', handles.fs);


%%% Link axes
linkaxes([handles.axes_ecg handles.axes_tti handles.axes_cd], 'x');
pop_register_Callback(handles.pop_register, [], handles); % klikker her
handles = guidata(gcf); %%% Modified by popup callback

% handles = load_register(handles);
% plot_data(handles);
% handles = plotCutRect(handles, [255 0 0]/255);
% plotCuts(handles);
% configureSlider(handles);
% pop_cut_Callback(handles.pop_cut,[], handles);

% Update handles structure
guidata(hObject, handles);

% UIWAIT makes viewSister wait for user response (see UIRESUME)
% uiwait(handles.figure1);


% --- Outputs from this function are returned to the command line.
function varargout = viewSister_OutputFcn(hObject, eventdata, handles) 
% varargout  cell array for returning output args (see VARARGOUT);
% hObject    handle to figure
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Get default command line output from handles structure
varargout{1} = handles.output;


% --- Executes on slider movement.
function slider_t_Callback(hObject, eventdata, handles)
% hObject    handle to slider_t (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)
    pos  = get(hObject, 'Value');
    step = get(hObject, 'SliderStep'); step = step(1);
    pos  = round(pos/step);
    set(handles.axes_ecg, 'XLim', [pos pos+1]*handles.span);
    
    %%% Move to closest next cut
    cut_names = get(handles.pop_cut, 'String');
    c_val     = get(handles.pop_cut, 'Value');

    idx = 1:length(cut_names); 
    for i=1:length(idx)
        pos = strmatch(cut_names{idx(i)},{handles.data.cut_name}, 'exact');
        t_i(i) = handles.data(pos).orig_seg(1)/500;
    end
    XLim = get(handles.axes_ecg, 'XLim');
    c_val = find(t_i > XLim(1), 1, 'first');
    disp([c_val XLim(1)]);
    if ~isempty(c_val)
        set(handles.pop_cut, 'Value', c_val);
    else
        set(handles.pop_cut, 'Value', length(cut_names));
    end
    plotCuts(handles);
    
% --- Executes during object creation, after setting all properties.
function slider_t_CreateFcn(hObject, eventdata, handles)
% hObject    handle to slider_t (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    empty - handles not created until after all CreateFcns called

% Hint: slider controls usually have a light gray background.
if isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor',[.9 .9 .9]);
end


% --- Executes on selection change in pop_register.
function pop_register_Callback(hObject, eventdata, handles)
% hObject    handle to pop_register (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hints: contents = cellstr(get(hObject,'String')) returns pop_register contents as cell array
%        contents{get(hObject,'Value')} returns selected item from pop_register
contents = cellstr(get(hObject,'String'));
c_reg    = contents{get(hObject,'Value')};

idx = strmatch(c_reg, {handles.data.orig_reg}, 'exact');
for i = 1:length(idx)
    t_i(i)=handles.data(idx(i)).orig_seg(1);
end
[~, idx_or]=sort(t_i);
idx = idx(idx_or);
set(handles.pop_cut, 'String', {handles.data(idx).cut_name});
handles = load_register(handles);
plot_data(handles);
handles = plotCutRect(handles, [255 0 0]/255);

%%% GO to initial cut
set(handles.pop_cut, 'Value', 1);
pop_cut_Callback(handles.pop_cut, [], handles);

guidata(gcf, handles);


% --- Executes during object creation, after setting all properties.
function pop_register_CreateFcn(hObject, eventdata, handles)
% hObject    handle to pop_register (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    empty - handles not created until after all CreateFcns called

% Hint: popupmenu controls usually have a white background on Windows.
%       See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor','white');
end


% --- Executes on selection change in pop_cut.
function pop_cut_Callback(hObject, eventdata, handles)
% hObject    handle to pop_cut (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hints: contents = cellstr(get(hObject,'String')) returns pop_cut contents as cell array
%        contents{get(hObject,'Value')} returns selected item from pop_cut
contents = cellstr(get(hObject,'String'));
cut_name = contents{get(hObject,'Value')};

pos   = strmatch(cut_name, {handles.data.cut_name}, 'exact');
t_ini = handles.data(pos).orig_seg(1)/handles.fs;
    
step = get(handles.slider_t, 'SliderStep'); step = step(1);
nw   = ceil(1/step);
pos  = floor(nw*t_ini/(1/step*handles.span));
set(handles.axes_ecg, 'XLim', [pos pos+1]*handles.span);
set(handles.slider_t, 'Value', pos/nw);
plotCuts(handles);


% --- Executes during object creation, after setting all properties.
function pop_cut_CreateFcn(hObject, eventdata, handles)
% hObject    handle to pop_cut (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    empty - handles not created until after all CreateFcns called

% Hint: popupmenu controls usually have a white background on Windows.
%       See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor','white');
end

function edit_span_Callback(hObject, eventdata, handles)
% hObject    handle to edit_span (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hints: get(hObject,'String') returns contents of edit_span as text
%        str2double(get(hObject,'String')) returns contents of edit_span as a double
    c_span = str2num(get(hObject,'String'));
    if ~isempty(c_span) %% It is a number
        if c_span >= 10 & c_span <= 120
            c_span = floor(c_span/5)*5;
        end
        handles.span = c_span;
        %%% Update slider
        nw = ceil(length(handles.s_ecg)/(handles.fs*handles.span))-1; %%% Number of windows to show
        if nw == 0; nw = 1; end %%% Registers are too short (no valid, but just in case).
        set(handles.slider_t,'SliderStep',[1 1]/nw);
        XLim  = get(handles.axes_ecg, 'XLim');
        pos   = floor(XLim(1)/handles.span);
        set(handles.slider_t, 'Value', pos/nw);
        set(handles.axes_ecg, 'XLim', [pos pos+1]*handles.span);
    end
    
    set(hObject,'String', num2str(handles.span)); %% Works in both cases valid and not valid
    %%% Save handles for span
    guidata(hObject, handles);
    
% --- Executes during object creation, after setting all properties.
function edit_span_CreateFcn(hObject, eventdata, handles)
% hObject    handle to edit_span (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    empty - handles not created until after all CreateFcns called

% Hint: edit controls usually have a white background on Windows.
%       See ISPC and COMPUTER.
if ispc && isequal(get(hObject,'BackgroundColor'), get(0,'defaultUicontrolBackgroundColor'))
    set(hObject,'BackgroundColor','white');
end

% --- Executes on button press in pushPrev.
function pushPrev_Callback(hObject, eventdata, handles)
% hObject    handle to pushPrev (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

n_cut = length(get(handles.pop_cut, 'String'));
c_cut = get(handles.pop_cut, 'Value');
c_cut = c_cut-1;
if c_cut == 0; c_cut=n_cut; end
set(handles.pop_cut, 'Value', c_cut);

pop_cut_Callback(handles.pop_cut, eventdata, handles)

% --- Executes on button press in pushNext.
function pushNext_Callback(hObject, eventdata, handles)
% hObject    handle to pushNext (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

n_cut = length(get(handles.pop_cut, 'String'));
c_cut = get(handles.pop_cut, 'Value');
c_cut = c_cut+1;
if c_cut > n_cut; c_cut=1; end
set(handles.pop_cut, 'Value', c_cut);

pop_cut_Callback(handles.pop_cut, eventdata, handles);

% --- Executes on button press in checkDenoise.
function checkDenoise_Callback(hObject, eventdata, handles)
% hObject    handle to checkDenoise (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of checkDenoise
if ~get(hObject, 'Value')
    set(handles.checkfVF, 'Value', 0);
end
plotCuts(handles);

% --- Executes on button press in checkfVF.
function checkfVF_Callback(hObject, eventdata, handles)
% hObject    handle to checkfVF (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of checkfVF
if ~get(handles.checkDenoise, 'Value')
    set(hObject, 'Value', 0);
end
plotCuts(handles);

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%% CUSTOM FUNCTIONS %%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

function handles = initHandles(handles)
    handles.fs     = 500;
    handles.lineC  = [0.0784 0.1686 0.5490];
    handles.lineW  = 0.5;
    handles.h_rect = [];
    handles.span   = str2num(get(handles.edit_span,'String'));
    
function handles = load_register(handles)
contents = cellstr(get(handles.pop_register,'String'));
c_reg    = contents{get(handles.pop_register,'Value')};

load(fullfile(handles.dbDir, c_reg));
handles.s_ecg = data.s_ecg; 
handles.s_ecgF = filtfilt(handles.filt_SB, data.s_ecg);
handles.s_tti = filtfilt(handles.filt_tti, data.s_tti);
handles.s_cd  = data.s_cd;
configureSlider(handles);

function plot_data(handles)

s_ecg = handles.s_ecg;
s_ecgF= handles.s_ecgF;
s_tti = handles.s_tti;
s_cd  = handles.s_cd;
fs    = handles.fs;

%%% Configure plot options
cla(handles.axes_ecg,'reset'); cla(handles.axes_tti,'reset'); cla(handles.axes_cd,'reset');
set(handles.axes_ecg, 'Nextplot', 'add');
set(handles.axes_tti, 'Nextplot', 'add');
set(handles.axes_cd , 'Nextplot', 'add');
   
%%%% Plot ECG
axes(handles.axes_ecg);
t = (0:length(s_ecg)-1)/fs;
if get(handles.checkNotch, 'Value')
    line(t, s_ecgF, 'Parent', handles.axes_ecg, 'Color',handles.lineC, 'Linewidth', handles.lineW, 'LineSmoothing','on');
else
    line(t, s_ecg, 'Parent', handles.axes_ecg, 'Color',handles.lineC, 'Linewidth', handles.lineW, 'LineSmoothing','on');    
end

ylabel('ECG (mV)'); 
set(handles.axes_ecg, 'XTick', [], 'Fontsize',10,'Fontweight','bold');
ecgLim = min(6, prctile(abs(s_ecg),99)*1.25); if ecgLim < 0.5; ecgLim=0.5; end
set(handles.axes_ecg, 'YLim', ecgLim*[-1 1]);

%%%% Plot TTI
axes(handles.axes_tti);
t = (0:length(s_tti)-1)/fs;
line(t, s_tti, 'Parent', handles.axes_tti, 'Color',handles.lineC, 'Linewidth', handles.lineW, 'LineSmoothing','on');
ylabel('TI (ohm)'); 
set(handles.axes_tti, 'XTick', [], 'Fontsize',10,'Fontweight','bold');
ttiLim = min(5, prctile(abs(s_tti),99)*1.25); if ttiLim < 2; ttiLim=2; end
set(handles.axes_tti, 'YLim', ttiLim*[-1 1]);

%%%% Plot CD
axes(handles.axes_cd);
t = (0:length(s_cd)-1)/fs;
line(t, handles.s_cd, 'Parent', handles.axes_cd, 'Color',handles.lineC, 'Linewidth', handles.lineW, 'LineSmoothing','on');
ylabel('CD (cm)'); 
xlabel('time (s)');
set(handles.axes_cd, 'YLim', [-6 1]);
set(handles.axes_cd, 'Fontsize',10,'Fontweight','bold');

%%%% Plot all rhythm annots in EKG
reg_str = get(handles.pop_register, 'String');
c_reg_str = reg_str(get(handles.pop_register, 'Value'));
c_reg = strmatch(c_reg_str, {handles.m_data.reg_name}, 'exact');

t_ann = handles.m_data(c_reg).t_ann;
ann = handles.m_data(c_reg).ann;
Ylim = get(handles.axes_ecg, 'Ylim');

for i = 1:length(t_ann)
    h_mess(i) = text(t_ann(i), Ylim(1) + 0.85*diff(Ylim), upper(ann(i)), 'Fontsize', 10, ...
            'Fontweight', 'bold', 'Parent', handles.axes_ecg, 'Clipping', 'on','BackgroundColor', [.7 .9 .7]);    
    h_line(i) = line(t_ann(i)*[1 1]-0.1, Ylim, 'Color', [0.5 0 0], 'linewidth', 1, 'Linestyle', ':', 'Parent', handles.axes_ecg);  
end

span = str2num(get(handles.edit_span, 'String'));
set(gca,'Xlim', [0 span]);


function configureSlider(handles)
    set(handles.slider_t,'Value',0);
    nw = ceil(length(handles.s_ecg)/(handles.fs*handles.span))-1; %%% Number of windows so view
    if nw == 0; nw = 1; end %%% Registers are too short (no valid, but just in case).
    set(handles.slider_t,'SliderStep',[1 1]/nw);

%%% Updated if we move slider, span, or checkboxes    
function plotCuts(handles)
fs = handles.fs;
colors=get(gca,'ColorOrder');

cut_axes = [handles.axes_cut1, handles.axes_cut2, handles.axes_cut3, handles.axes_cut4];
for i=1:length(cut_axes)
    cla(cut_axes(i),'reset');
end

cut_names = get(handles.pop_cut, 'String');
c_val     = get(handles.pop_cut, 'Value');

idx = 1:length(cut_names); idx = [idx(c_val:end) idx(1:c_val-1)];
idx = idx(1:min(4,length(idx)));

for i=1:length(idx)
   axes(cut_axes(i));
   pos = strmatch(cut_names{idx(i)},{handles.data.cut_name}, 'exact');
   s_ecg = handles.data(pos).s_ecg;
   %%% Denoise EKG
   if get(handles.checkDenoise,'Value')  
       tr_int = 1; %%% 1 sec transient
       s_ecg = [fliplr(s_ecg(1:fs*tr_int))  s_ecg(:)' fliplr(s_ecg(end-fs*tr_int+1:end))];
       s_ecg = filtfilt(handles.filt_HP, s_ecg);
       s_ecg = filtfilt(handles.filt_LP, s_ecg);
       s_ecg = filtfilt(handles.filt_SB, s_ecg);
       s_ecg = s_ecg(tr_int*fs+1:end-tr_int*fs); %%% Remove transient
   end
   set(gca,'NextPlot','add');
   if get(handles.checkfVF,'Value')
       plot([0 3],0.1*[1 1] ,'Linewidth',2,'Color', 0.75*[1 1 1]);
       plot([0 3],-0.1*[1 1],'Linewidth',2,'Color', 0.75*[1 1 1]);
   end
   t     = (0:length(s_ecg)-1)/handles.fs;
   plot(t, s_ecg,'Color', colors(1,:)); title(sprintf('%s,  %s', cut_names{idx(i)}, handles.data(pos).r_type), 'fontsize', 10, 'fontweight', 'bold');
   ecg_lim(2) = max(0.2, max(s_ecg));
   ecg_lim(1) = min(-0.2, min(s_ecg));
   set(gca, 'YLim', ecg_lim*1.1, 'XTick',0:3,'Fontsize', 10, 'Fontweight', 'bold');
   set(gca,'Box','on');
   YLim = get(gca,'YLim');
   int_color= [255 0 0]/255;
   t_i = handles.data(pos).orig_seg(1)/500; 
   t_plot = get(handles.axes_ecg,'XLim');
   if t_i >= t_plot(1) & t_i <= t_plot(2)
        patch('Faces',[1 2 3 4],'Vertices', [0 YLim(1); 3 YLim(1); 3 YLim(2); 0 YLim(2)],...
              'FaceColor', int_color,'FaceAlpha', 0.25, 'EdgeColor',int_color, 'linewidth', 2, 'EdgeAlpha', 0.5, 'Parent', gca);
   end
end

function handles = plotCutRect(handles, int_color)
% Plot rectangles around cuts
cut_name = get(handles.pop_cut, 'String');

    ecg_lim  = get(handles.axes_ecg, 'YLim'); 
    tti_lim  = get(handles.axes_tti, 'YLim'); 
    cd_lim   = get(handles.axes_cd, 'YLim');  
    
    h_rect = [];
    for i = 1:length(cut_name)
        pos = strmatch(cut_name{i}, {handles.data.cut_name}, 'exact');
        int_plot = handles.data(pos).orig_seg/handles.fs;
        
        h_rect(3*i-2) = patch('Faces',[1 2 3 4],'Vertices', [int_plot(1) ecg_lim(1); int_plot(2) ecg_lim(1); int_plot(2) ecg_lim(2); int_plot(1) ecg_lim(2)],...
            'FaceColor', int_color,'FaceAlpha', 0.25, 'EdgeColor',int_color, 'linewidth', 2, 'EdgeAlpha', 0.5, 'Parent', handles.axes_ecg);
        text(mean(int_plot), ecg_lim(2)+0.1*diff(ecg_lim), cut_name{i}, 'Fontsize', 12, 'Fontweight', 'bold',...
            'Horizontalalignment', 'center', 'Parent', handles.axes_ecg);
        
        h_rect(3*i-1) = patch('Faces',[1 2 3 4],'Vertices', [int_plot(1) tti_lim(1); int_plot(2) tti_lim(1); int_plot(2) tti_lim(2); int_plot(1) tti_lim(2)],...
            'FaceColor', int_color,'FaceAlpha', 0.25, 'EdgeColor',int_color, 'linewidth', 2, 'EdgeAlpha', 0.5, 'Parent', handles.axes_tti);
        
        h_rect(3*i)   = patch('Faces',[1 2 3 4],'Vertices', [int_plot(1) cd_lim(1); int_plot(2) cd_lim(1); int_plot(2) cd_lim(2); int_plot(1) cd_lim(2)],...
            'FaceColor', int_color,'FaceAlpha', 0.25, 'EdgeColor',int_color, 'linewidth', 2, 'EdgeAlpha', 0.5, 'Parent', handles.axes_cd);
    end
    handles.h_rect = h_rect;
    


% --- Executes on button press in pushRegPrev.
function pushRegPrev_Callback(hObject, eventdata, handles)
% hObject    handle to pushRegPrev (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)
pos = get(handles.pop_register, 'Value')-1;
n_rec = length(get(handles.pop_register, 'String'));
if pos < 1; pos=n_rec; end
set(handles.pop_register, 'Value', pos);
pop_register_Callback(handles.pop_register, [], handles);

% --- Executes on button press in pushRegNext.
function pushRegNext_Callback(hObject, eventdata, handles)
% hObject    handle to pushRegNext (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)
pos   = get(handles.pop_register, 'Value')+1;
n_rec = length(get(handles.pop_register, 'String'));
if pos > n_rec; pos=1; end
set(handles.pop_register, 'Value', pos);
pop_register_Callback(handles.pop_register, [], handles);


% --- Executes on button press in checkNotch.
function checkNotch_Callback(hObject, eventdata, handles)
% hObject    handle to checkNotch (see GCBO)
% eventdata  reserved - to be defined in a future version of MATLAB
% handles    structure with handles and user data (see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state of checkNotch
pos_slider = get(handles.slider_t,'Value');
plot_data(handles);
handles = plotCutRect(handles, [255 0 0]/255);
set(handles.slider_t, 'Value', pos_slider);
slider_t_Callback(handles.slider_t, [], handles);
guidata(gcf, handles);
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56 APPENDIX B. PROGRAM FILES

SMOTE.m

Creates synthetic data, source: MathWorks.

nearestneighbour.m

Computes the k-nearest neighbour, source: MathWorks.

filterData.m

Inputs: data struct, filters the data and returns the result.

createDataset BIG.m

Inputs: data struct and parameters for filtering and generating synthetic data, and

the patient id for training and test data. The function creates training and test set

containing all five classes with the corresponding labels. As explained in detail in

section 3.1.2

createDataset.m

Inputs: Parameters for filtering and the segments that are to be removed. The function

creates training and test set containing all five classes with the corresponding labels.

As explained in details in section 3.1.1

viewSister.m

GUI for analyzing segments generated, source: [3]

Figure B.1: GUI for analyzing segments in dataset, CD = compression depth, TI = Thoracic
Impedance.

B.2 Python code

The following Python files are embedded as python.zip

Main.py




CNN_ECGdata.py

# coding=utf-8
import os, logging, time
import tensorflow as tf
from some_functions import fc_layer, create_mini_batches, conv_layer, shuffle_data_set, create_validation_set, evaluate
from datetime import timedelta


logits = 0
def cnn_model(learning_rate,                # Learning rate for the optimizer (Adam)
              batch_size,                   # The batch size length
              num_layers,                   # Number of layers
              num_fc,                       # Number of fully connected layers after conv layers
              act_func,                     # Activation functions in the form of "RELU"
              padding,                      # Padding, either "SAME" or "VALID"
              dropout,                      # Dropout percentage of in the network
              hparam,                       # A string with parameters used in log folder
              input_size,                   # Size of the input data
              input_dim,                    # Dimension of the input data
              num_classes,                  # Number of classes in the dataset
              hm_epochs,                    # How many epochs
              filters,                      # Number of filters in conv layer
              hidden_nodes,                 # Number of hidden nodes in fully connected layer
              x_train,                      # Training data
              y_train,                      # Training data labels
              x_test,                       # Test data
              y_test,                       # Test data labels
              tensorboard_path,             # Tensorboard path that stores tensorboard event
              model_path,                   # Model path that stores our network model
              current_tensorboard_path,     # Path for the current run with given date and time
              GPU,                          # GPU = True, if GPU is used
              run,                          # Current run (different hparams)
              total_runs,                   # Total amount of hparam runs
              dataset,                       # What kind of dataset is used (example: BIG_dataset_filtered)
              Eval
              ):

  global logit

  # Making own print function which adds logging
  def myPrint(logger):
      logging.basicConfig(filename='{0}{1}'.format(current_tensorboard_path, '/log.log'), level=logging.DEBUG)
      logging.info(logger)
      print(logger)


  # Shuffle the dataset

  x_train, y_train = shuffle_data_set(x_train, y_train)
  x_test, y_test = shuffle_data_set(x_test, y_test)

  # Create Validation set:
  num_to_extract = int(x_train.shape[0] * 0.2)
  x_train, y_train, x_val, y_val = create_validation_set(x_train, y_train, num_to_extract=num_to_extract, shuffle=True)

  myPrint("\n" + "Creating validation set.. \n")
  myPrint('x_train = ' + str(x_train.shape[0]) + ', ' + str(x_train.shape[1]))
  myPrint('y_train = ' + str(y_train.shape[0]) + ', ' + str(y_train.shape[1]))
  myPrint('x_val = ' + str(x_val.shape[0]) + ', ' + str(x_val.shape[1]))
  myPrint('y_val = ' + str(y_val.shape[0]) + ', ' + str(y_val.shape[1]))
  myPrint('x_test = ' + str(x_test.shape[0]) + ', ' + str(x_test.shape[1]))
  myPrint('y_test = ' + str(y_test.shape[0]) + ', ' + str(y_test.shape[1]))


  tf.reset_default_graph()

  if dataset == 'BIG_dataset_filtered' or dataset == 'BIG_dataset_unfiltered':
      require_improvement = int((x_train.shape[0] / batch_size) * 5)
      n = 1000
      m = 50
      batch_size_val = 2500
  elif dataset == 'small_dataset_filtered' or dataset == 'small_dataset_unfiltered':
      require_improvement = 1000
      n = 100
      m = 5
      batch_size_val = x_val.shape[0]
      if int((x_train.shape[0] / batch_size)) == 13:  # 128 batch size
          require_improvement = 250
          n = 25
      elif int((x_train.shape[0] / batch_size)) == 26:  # 64 batch size
          require_improvement = 500
          n = 50

  # Running code on a GPU
  if GPU:
      # log_device_placement = spam on server if True
      # allow_soft_placement = tensorflow sets up automatic what to be ran on GPU
      config = tf.ConfigProto(allow_soft_placement=True, log_device_placement=False)
      #config.gpu_options.allow_growth = True

      sess = tf.Session(config=config)
      # Bug on server, changed the config.
      #sess = tf.Session(config=tf.ConfigProto(allow_soft_placement=True, log_device_placement=False))

  # Running code on a CPU
  else:
      sess = tf.Session()

  # Setup placeholders
  x = tf.placeholder(tf.float32, shape=[None, input_size], name="x")
  x_input = tf.reshape(x, [-1, input_size, input_dim])
  y = tf.placeholder(tf.float32, shape=[None, num_classes], name="labels")

  # Layers
  if num_layers == 2:
      conv1 = conv_layer(x_input, filters=filters, act_func=act_func, padding=padding, max_pool=False,
                         name='conv1')
      conv2 = conv_layer(conv1, filters=filters, act_func=act_func, padding=padding, max_pool=True,
                         name='conv2')
      shape = conv2.get_shape().as_list()
      num_units = shape[1] * filters
      flattened = tf.reshape(conv2, [-1, num_units])
      if num_fc == 1:
          flattened = tf.layers.dropout(flattened, rate=dropout, name='dropout')
          logit = fc_layer(flattened, num_units, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 2:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc1 = tf.layers.dropout(fc1, rate=dropout, name='dropout')
          logit = fc_layer(fc1, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 3:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc2 = fc_layer(fc1, hidden_nodes, hidden_nodes, act_func=act_func, name='fc2')
          fc2 = tf.layers.dropout(fc2, rate=dropout, name='dropout')
          logit = fc_layer(fc2, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      else:
          ValueError("num_fc must be either 1, 2 or 3")

  elif num_layers == 3:
      conv1 = conv_layer(x_input, filters=filters, act_func=act_func, padding=padding, max_pool=False,
                         name='conv1')
      conv2 = conv_layer(conv1, filters=filters, act_func=act_func, padding=padding, max_pool=False,
                         name='conv2')
      conv3 = conv_layer(conv2, filters=filters, act_func=act_func, padding=padding, max_pool=True,
                         name='conv3')
      shape = conv3.get_shape().as_list()
      num_units = shape[1] * filters
      flattened = tf.reshape(conv3, [-1, num_units])
      if num_fc == 1:
          flattened = tf.layers.dropout(flattened, rate=dropout, name='dropout')
          logit = fc_layer(flattened, num_units, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 2:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc1 = tf.layers.dropout(fc1, rate=dropout, name='dropout')
          logit = fc_layer(fc1, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 3:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc2 = fc_layer(fc1, hidden_nodes, hidden_nodes, act_func=act_func, name='fc2')
          fc2 = tf.layers.dropout(fc2, rate=dropout, name='dropout')
          logit = fc_layer(fc2, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      else:
          ValueError("num_fc must be either 1, 2 or 3")

  elif num_layers == 4:
      conv1 = conv_layer(x_input, filters=filters, act_func=act_func, padding=padding, max_pool=False, name='conv1')
      conv2 = conv_layer(conv1, filters=filters, act_func=act_func, padding=padding, max_pool=True, name='conv2')
      conv3 = conv_layer(conv2, filters=filters, act_func=act_func, padding=padding, max_pool=False, name='conv3')
      conv4 = conv_layer(conv3, filters=filters, act_func=act_func, padding=padding, max_pool=True, name='conv4')
      shape = conv4.get_shape().as_list()
      num_units = shape[1] * filters
      flattened = tf.reshape(conv4, [-1, num_units])
      if num_fc == 1:
          flattened = tf.layers.dropout(flattened, rate=dropout, name='dropout')
          logit = fc_layer(flattened, num_units, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 2:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc1 = tf.layers.dropout(fc1, rate=dropout, name='dropout')
          logit = fc_layer(fc1, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      elif num_fc == 3:
          fc1 = fc_layer(flattened, num_units, hidden_nodes, act_func=act_func, name='fc1')
          fc2 = fc_layer(fc1, hidden_nodes, hidden_nodes, act_func=act_func, name='fc2')
          fc2 = tf.layers.dropout(fc2, rate=dropout, name='dropout')
          logit = fc_layer(fc2, hidden_nodes, num_classes, act_func=act_func, name='fc_logits')
      else:
          ValueError("num_fc must be either 1, 2 or 3")
  else:
      ValueError("num_layers must be 2, 3 or 4")
  logitz = logit

  with tf.name_scope("xent"):
      xent = tf.reduce_mean(
          tf.nn.softmax_cross_entropy_with_logits(logits=logitz, labels=y), name="xent")
      tf.summary.scalar("xent", xent)

  with tf.name_scope("train"):
      train_step = tf.train.AdamOptimizer(learning_rate).minimize(xent)

  with tf.name_scope("accuracy"):
      correct_prediction = tf.equal(tf.argmax(logitz, 1), tf.argmax(y, 1))
      accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))
      # Create y_pred and y_true that's used for evaluation
      y_pred = tf.argmax(logitz, 1)
      y_true = tf.argmax(y, 1)
      tf.summary.scalar("accuracy", accuracy)

      summ = tf.summary.merge_all()
      saver = tf.train.Saver()

      sess.run(tf.global_variables_initializer())
      # writer = tf.summary.FileWriter(os.path.join(tensorboard_path, hparam)) # If you want hparam in foldername
      writer = tf.summary.FileWriter(os.path.join(tensorboard_path, str(run)))
      writer_test = tf.summary.FileWriter(os.path.join('{0}{1}{2}'.format(tensorboard_path, "/", str(run)), "Test"))
      writer.add_graph(sess.graph)

      # Create a txt file with hparam name in tensorboard folder
      textFilename_tensorboard = os.path.join('{0}{1}{2}'.format(tensorboard_path, "/", str(run)), hparam + ".txt")
      file = open(textFilename_tensorboard, "w")
      file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
      file.close()

      # Calculate how many steps we will iterate
      HM_STEPS = int(hm_epochs * (x_train.shape[0] / batch_size))
      myPrint('\nStarting run for :%s' % hparam)
      myPrint('\nHow many epochs:' + str(hm_epochs) + ', How many steps:' + str(HM_STEPS))

      # Creates a folder for each hparam in model folder
      # current_model_path = '{0}{1}{2}'.format(model_path, '/', hparam) # If you want hparam in foldername
      current_model_path = '{0}{1}{2}'.format(model_path, '/', run)
      os.makedirs(current_model_path)

      # Create a txt file with hparam name in model folder
      textFilename_model = os.path.join(current_model_path, hparam + ".txt")
      file = open(textFilename_model, "w")
      file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
      file.close()

      # Best validation accuracy seen so far.
      best_test_accuracy = 0.0

      # Creates a start validation cost
      val_cost = 9999

      # Iteration-number for last improvement to validation accuracy
      last_improvement = 0

      # Start-time, used for printing time-usage below.
      start_time = time.time()

      # Counter for total number of iterations performed so far
      total_iterations = 0

      # Variables used for batches
      index_in_epoch = 0
      index_in_epoch_val = 0
      for i in range(HM_STEPS):
          # Get batch of training and test examples.
          batch, index_in_epoch = create_mini_batches(x_train, y_train, batch_size, index_in_epoch)

          # Increase the total number of iterations performed.
          total_iterations += 1

          if i % m == 0:
              s = sess.run(summ, feed_dict={x: batch[0], y: batch[1]})
              batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size, index_in_epoch_val)
              s_test = sess.run(summ, feed_dict={x: batch_val[0], y: batch_val[1]})
              writer.add_summary(s, i)
              writer_test.add_summary(s_test, i)

          # Reporting accuracy every 100 steps
          if (i % n == 0) or (i == HM_STEPS - 1):
              cost, train_accuracy = sess.run([xent, accuracy],feed_dict={x: batch[0], y: batch[1]})

              batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size_val, index_in_epoch_val)
              test_cost, test_accuracy = sess.run([xent, accuracy], feed_dict={x: batch_val[0], y: batch_val[1]})

              # If there is an improvement in validation accuracy and cost
              # This step prevents overtraining
              if test_accuracy >= best_test_accuracy and test_cost <= val_cost:
                val_cost = test_cost

                # Update the best-known validation accuracy
                best_test_accuracy = test_accuracy

                # Set the iteration for the last improvement to current
                last_improvement = total_iterations

                # Save all variables to file
                saver.save(sess, os.path.join(current_model_path, "model.ckpt"), i)

                # A string to be printed below, shows improvement found
                improved_str = "*"
              else:
                  # An empty string to be printed below, shows no improvement found
                  improved_str = ""

              # Print status
              myPrint(
                  'Step: ' + str(i) +
                  '\tTrain_acc:' + str('%.4f' % train_accuracy) + ' |' +
                  '\tPercentage complete:' + str('%.2f' % ((float(i) / HM_STEPS) * 100) + '%') + ' |' +
                  '\thparam run ' + str(run) + '/' + str(total_runs) + ' |' +
                  '\tCost:' + str('%.4f' % cost) + ' |' +
                  '\tVal_cost:' + str('%.4f' % test_cost) + ' |' +
                  '\tVal_acc:' + str('%.4f' % test_accuracy) + " " + improved_str)

          # Checks if no improvement is made
          if total_iterations - last_improvement > require_improvement:
              myPrint("No improvement found in " + str(require_improvement) + " steps stopping program.")

              # Break out of the foor loop.
              break

          # Actual training
          sess.run(train_step, feed_dict={x: batch[0], y: batch[1]})

      if Eval:
          # Extracts the best model ckpt
          best_model = tf.train.get_checkpoint_state('{0}{1}'.format(current_model_path, '/'), latest_filename=None)

          # Restore best model
          saver.restore(sess=sess, save_path=best_model.model_checkpoint_path)

          index_in_epoch_test = 0
          hm_steps_test = int(x_test.shape[0] / batch_size)
          y_true_list = []
          y_pred_list = []
          for i in range(hm_steps_test):
              batch, index_in_epoch_test = create_mini_batches(x_test, y_test, batch_size, index_in_epoch_test)

              y_true_temp, y_pred_temp = sess.run([y_true, y_pred], feed_dict={x: batch[0], y: batch[1]})
              y_true_list.extend(y_true_temp)
              y_pred_list.extend(y_pred_temp)

          (tAcc_temp,
           UMS_temp,
           VT_Sen_temp,
           VF_Sen_temp,
           AS_Sen_temp,
           PR_Sen_temp,
           PE_Sen_temp,
           VT_PPV_temp,
           VF_PPV_temp,
           AS_PPV_temp,
           PR_PPV_temp,
           PE_PPV_temp,
           cm) = \
              evaluate(y_true_list, y_pred_list, x_test)

          myPrint(cm)

          # Ending time
          end_time = time.time()

          # Difference between start and end-time
          time_diff = end_time - start_time

          # Print time-usage
          myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
          sess.close()
          return tAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
                 VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp

      else:
          # Display best run
          myPrint("Best test result = " + str(best_test_accuracy) + " in step: " + str(last_improvement - 1))

          # Ending time
          end_time = time.time()

          # Difference between start and end-time
          time_diff = end_time - start_time

          # Print time-usage
          myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
          last_improvement_test = last_improvement - 1
          sess.close()
          return best_test_accuracy, last_improvement_test, hparam, run
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import tensorflow as tf
from some_functions import load_dataset, load_dataset_BIG
from pandas_ml import ConfusionMatrix


# Parameters
GPU = False
batch_size = 32
hm_test_runs = 3

# DATASET:
BIG_dataset_filtered = False
BIG_dataset = False
small_dataset_filtered = False
small_dataset = True


if BIG_dataset_filtered:
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset_BIG('OHCAdata/BIG_dataset_filtered/s_ecg_train_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_train_label_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_test_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_test_label_BIG_Filtered.mat')

elif BIG_dataset:
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset_BIG('OHCAdata/BIG_dataset/s_ecg_train_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_train_label_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_test_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_test_label_BIG.mat')
elif small_dataset_filtered:
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset('OHCAdata/small_dataset_filtered/s_ecg_train_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_train_label_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_test_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_test_label_Filtered.mat')
elif small_dataset:
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset('OHCAdata/small_dataset/s_ecg_train.mat',
                                                    'OHCAdata/small_dataset/s_ecg_train_label.mat',
                                                    'OHCAdata/small_dataset/s_ecg_test.mat',
                                                    'OHCAdata/small_dataset/s_ecg_test_label.mat')

print("\nLoading dataset...\n")

# Prints the shape of the data
print("Shape of dataset:")
print('X_train = ' + str(x_train.shape[0]) + ', ' + str(x_train.shape[1]))
print('y_train = ' + str(y_train.shape[0]) + ', ' + str(y_train.shape[1]))
print('X_test = ' + str(x_test.shape[0]) + ', ' + str(x_test.shape[1]))
print('y_test = ' + str(y_test.shape[0]) + ', ' + str(y_test.shape[1]))


print("\nEvaluating...\n")

# Total Accuracy - tAcc (%)
tAcc_list = []

# Sensitivity - SEN (%)
VT_Sen_list = []
VF_Sen_list = []
AS_Sen_list = []
PR_Sen_list = []
PE_Sen_list = []

# Positive predicted value - PPV (%)
VT_PPV_list = []
VF_PPV_list = []
AS_PPV_list = []
PR_PPV_list = []
PE_PPV_list = []


# Evaluation
# Extracts the best model ckpt
# Type in the directory for your best model
checkpoint_file = tf.train.latest_checkpoint('/Users/Daniel/Documents/Masteroppgave/ANN/logs/2017-05-24_09-30-49/model/1/')

graph = tf.Graph()
with graph.as_default():
    # Running code on GPU
    if GPU:
        # log_device_placement = spam on server if True
        # allow_soft_placement = tensorflow sets up automatic what to be ran on GPU
        sess = tf.Session(config=tf.ConfigProto(allow_soft_placement=True, log_device_placement=False))

    # Runs code on a CPU
    else:
        sess = tf.Session()

    with sess.as_default():
        # Load the saved meta graph and restore variables
        saver = tf.train.import_meta_graph("{}.meta".format(checkpoint_file))
        saver.restore(sess, checkpoint_file)

        # Get the placeholders from the graph by name
        input_x = graph.get_operation_by_name("x").outputs[0]
        input_y = graph.get_operation_by_name("labels").outputs[0]

        # Tensors we want to evaluate
        accuracy = graph.get_operation_by_name("accuracy/Mean").outputs[0]
        correct_prediction = graph.get_operation_by_name("accuracy/Equal").outputs[0]

        y_pred = graph.get_operation_by_name("accuracy/ArgMax_2").outputs[0]
        y_true = graph.get_operation_by_name("accuracy/ArgMax_3").outputs[0]

        for i in range(hm_test_runs):
            y_true_temp, y_pred_temp = sess.run([y_true, y_pred], feed_dict={input_x:x_test, input_y:y_test})

            cm = ConfusionMatrix(y_true=y_true_temp, y_pred=y_pred_temp)
            #cm.print_stats()
            cm_data = cm.stats_class.get_values()
            cm_data_overall = list(cm.stats_overall.values())

            # Total Accuracy - tAcc (%)
            tAcc_temp = cm_data_overall[0]*100
            tAcc_temp2 = (cm._df_confusion[0][0] + cm._df_confusion[1][1] + cm._df_confusion[2][2] +
                          cm._df_confusion[3][3] + cm._df_confusion[4][4]) / x_test.shape[0]*100

            # Sensitivity - SEN (%)
            VT_Sen_temp = cm_data[9][0]*100
            VF_Sen_temp = cm_data[9][1]*100
            AS_Sen_temp = cm_data[9][2]*100
            PR_Sen_temp = cm_data[9][3]*100
            PE_Sen_temp = cm_data[9][4]*100

            VT_Sen_temp2 = (cm._df_confusion[0][0] / (
                cm._df_confusion[0][0] + cm._df_confusion[1][0] + cm._df_confusion[2][0] + cm._df_confusion[3][0] +
                cm._df_confusion[4][0])) * 100
            VF_Sen_temp2 = (cm._df_confusion[1][1] / (
                cm._df_confusion[0][1] + cm._df_confusion[1][1] + cm._df_confusion[2][1] + cm._df_confusion[3][1] +
                cm._df_confusion[4][1])) * 100
            AS_Sen_temp2 = (cm._df_confusion[2][2] / (
                cm._df_confusion[0][2] + cm._df_confusion[1][2] + cm._df_confusion[2][2] + cm._df_confusion[3][2] +
                cm._df_confusion[4][2])) * 100
            PR_Sen_temp2 = (cm._df_confusion[3][3] / (
                cm._df_confusion[0][3] + cm._df_confusion[1][3] + cm._df_confusion[2][3] + cm._df_confusion[3][3] +
                cm._df_confusion[4][3])) * 100
            PE_Sen_temp2 = (cm._df_confusion[4][4] / (
                cm._df_confusion[0][4] + cm._df_confusion[1][4] + cm._df_confusion[2][4] + cm._df_confusion[3][4] +
                cm._df_confusion[4][4])) * 100

            # Positive predicted value - PPV (%)
            VT_PPV_temp = cm_data[11][0]*100
            VF_PPV_temp = cm_data[11][1]*100
            AS_PPV_temp = cm_data[11][2]*100
            PR_PPV_temp = cm_data[11][3]*100
            PE_PPV_temp = cm_data[11][4]*100

            VT_PPV_temp2 = (cm._df_confusion[0][0] / (
                cm._df_confusion[0][0] + cm._df_confusion[0][1] + cm._df_confusion[0][2] + cm._df_confusion[0][3] +
                cm._df_confusion[0][4]))*100
            VF_PPV_temp2 = (cm._df_confusion[1][1] / (
                cm._df_confusion[1][0] + cm._df_confusion[1][1] + cm._df_confusion[1][2] + cm._df_confusion[1][3] +
                cm._df_confusion[1][4])) * 100
            AS_PPV_temp2 = (cm._df_confusion[2][2] / (
                cm._df_confusion[2][0] + cm._df_confusion[2][1] + cm._df_confusion[2][2] + cm._df_confusion[2][3] +
                cm._df_confusion[2][4])) * 100
            PR_PPV_temp2 = (cm._df_confusion[3][3] / (
                cm._df_confusion[3][0] + cm._df_confusion[3][1] + cm._df_confusion[3][2] + cm._df_confusion[3][3] +
                cm._df_confusion[3][4])) * 100
            PE_PPV_temp2 = (cm._df_confusion[4][4] / (
                cm._df_confusion[4][0] + cm._df_confusion[4][1] + cm._df_confusion[4][2] + cm._df_confusion[4][3] +
                cm._df_confusion[4][4])) * 100

            # Appending results
            tAcc_list.append(tAcc_temp2)

            VT_Sen_list.append(VT_Sen_temp2)
            VF_Sen_list.append(VF_Sen_temp2)
            AS_Sen_list.append(AS_Sen_temp2)
            PR_Sen_list.append(PR_Sen_temp2)
            PE_Sen_list.append(PE_Sen_temp2)

            VT_PPV_list.append(VT_PPV_temp2)
            VF_PPV_list.append(VF_PPV_temp2)
            AS_PPV_list.append(AS_PPV_temp2)
            PR_PPV_list.append(PR_PPV_temp2)
            PE_PPV_list.append(PE_PPV_temp2)

        # Calculate the average of results
        tAcc = sum(tAcc_list)/len(tAcc_list)

        VT_Sen = sum(VT_Sen_list)/len(VT_Sen_list)
        VF_Sen = sum(VF_Sen_list)/len(VF_Sen_list)
        AS_Sen = sum(AS_Sen_list)/len(AS_Sen_list)
        PR_Sen = sum(PR_Sen_list)/len(PR_Sen_list)
        PE_Sen = sum(PE_Sen_list)/len(PE_Sen_list)

        VT_PPV = sum(VT_PPV_list)/len(VT_PPV_list)
        VF_PPV = sum(VF_PPV_list)/len(VF_PPV_list)
        AS_PPV = sum(AS_PPV_list)/len(AS_PPV_list)
        PR_PPV = sum(PR_PPV_list)/len(PR_PPV_list)
        PE_PPV = sum(PE_PPV_list)/len(PE_PPV_list)

        tAcc_D = []
        # Standard deviation:
        for i in range(hm_test_runs):
            tAcc_dev = (tAcc_list[i]-tAcc)**2
            tAcc_D.append(tAcc_dev)

        tAcc_Var = sum(tAcc_D)/hm_test_runs



        # table = [["", "Sen (%)", '%.1f' % VT_Sen],
        #        ["VT", "Spe (%)", '%.1f' % VT_Spe],
        #        ["", "PPV (%)", '%.1f' % VT_PPV],
        #        ["", "Sen (%)", '%.1f' % VF_Sen],
        #        ["VF", "Spe (%)", '%.1f' % VF_Spe],
        #        ["", "PPV (%)", '%.1f' % VF_PPV],
        #        ["", "Sen (%)", '%.1f' % AS_Sen],
        #        ["AS", "Spe (%)", '%.1f' % AS_Spe],
        #        ["", "PPV (%)", '%.1f' % AS_PPV] ,
        #        ["", "Sen (%)", '%.1f' % PR_Sen],
        #        ["PR", "Spe (%)", '%.1f' % PR_Spe],
        #        ["", "PPV (%)", '%.1f' % PR_PPV],
        #        ["", "Sen (%)", '%.1f' % PE_Sen],
        #        ["PE", "Spe (%)", '%.1f' % PE_Spe],
        #        ["", "PPV (%)", '%.1f' % PE_PPV],
        #        ["ALL", "tAcc (%)", '%.1f' % tAcc]
        #        ]
        # # Save evaluation file
        # np.savetxt('eval.csv', table, delimiter=",", fmt='%s')

        # print("\n")
        # print("Sensitivity", cm_data[9])
        # print("Specificity", cm_data[10])
        # print("PPV", cm_data[11])

        # print("\n")
        # print("tAcc", '%.1f' % tAcc)
        #
        # print("\n")
        # print("VT_Sensitivity", '%.1f' % VT_Sen)
        # print("VF_Sensitivity", '%.1f' % VF_Sen)
        # print("AS_Sensitivity", '%.1f' % AS_Sen)
        # print("PR_Sensitivity", '%.1f' % PR_Sen)
        # print("PE_Sensitivity", '%.1f' % PE_Sen)
        #
        # print("\n")
        # print("VT_Specificity", '%.1f' % VT_Spe)
        # print("VF_Specificity", '%.1f' % VF_Spe)
        # print("AS_Specificity", '%.1f' % AS_Spe)
        # print("PR_Specificity", '%.1f' % PR_Spe)
        # print("PE_Specificity", '%.1f' % PE_Spe)
        #
        # print("\n")
        # print("VT_PPV", '%.1f' % VT_PPV)
        # print("VF_PPV", '%.1f' % VF_PPV)
        # print("AS_PPV", '%.1f' % AS_PPV)
        # print("PR_PPV", '%.1f' % PR_PPV)
        # print("PE_PPV", '%.1f' % PE_PPV)


        #
        # print(cm)
        # print("test")
        # print(cm._df_confusion[0][0])
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FNN_ECGdata.py

# coding=utf-8
import os, logging, time
import tensorflow as tf
from some_functions import fc_layer, create_mini_batches, create_validation_set, shuffle_data_set, evaluate
from datetime import timedelta


def fnn_model(learning_rate,                # Learning rate for the optimizer (Adam)
              batch_size,                   # The batch size length
              num_layers,                   # Number of layers
              act_func,                     # Activation functions in the form of "RELU"
              dropout,                      # Dropout percentage of in the network
              hparam,                       # A string with parameters used in log folder
              input_size,                   # Size of the input data
              num_classes,                  # Number of classes in the dataset
              hm_epochs,                    # How many epochs
              hidden_nodes,                 # Number of hidden nodes in the network
              x_train,                      # Training data
              y_train,                      # Training data labels
              x_test,                       # Test data
              y_test,                       # Test data labels
              tensorboard_path,             # Tensorboard path that stores tensorboard event
              model_path,                   # Model path that stores our network model
              current_tensorboard_path,     # Path for the current run with given date and time
              GPU,                          # GPU = True, if GPU is used
              run,                          # Current run number
              total_runs,                   # Total amount of different runs with hyperparameters
              dataset,                       # What kind of dataset is used (example: BIG_dataset_filtered)
              Eval
              ):


    # Making own print function which adds logging
    def myPrint(logger):
        logging.basicConfig(filename='{0}{1}'.format(current_tensorboard_path, '/log.txt'), level=logging.INFO)
        logging.info(logger)
        print(logger)

    # Shuffle the dataset
    x_train, y_train = shuffle_data_set(x_train, y_train)
    x_test, y_test = shuffle_data_set(x_test, y_test)

    # Create Validation set:
    num_to_extract = int(x_train.shape[0]*0.2)
    x_train, y_train, x_val, y_val = create_validation_set(x_train, y_train, num_to_extract=num_to_extract, shuffle=True)

    myPrint("\n" + "Creating validation set.. \n")
    myPrint('x_train = ' + str(x_train.shape[0]) + ', ' + str(x_train.shape[1]))
    myPrint('y_train = ' + str(y_train.shape[0]) + ', ' + str(y_train.shape[1]))
    myPrint('x_val = ' + str(x_val.shape[0]) + ', ' + str(x_val.shape[1]))
    myPrint('y_val = ' + str(y_val.shape[0]) + ', ' + str(y_val.shape[1]))
    myPrint('x_test = ' + str(x_test.shape[0]) + ', ' + str(x_test.shape[1]))
    myPrint('y_test = ' + str(y_test.shape[0]) + ', ' + str(y_test.shape[1]))


    # Created like this so it's easy to change structure
    hidden_nodes1 = hidden_nodes  # Number of hidden nodes in layer 1
    hidden_nodes2 = hidden_nodes  # Number of hidden nodes in layer 2
    hidden_nodes3 = hidden_nodes  # Number of hidden nodes in layer 3
    hidden_nodes4 = hidden_nodes  # Number of hidden nodes in layer 4
    hidden_nodes5 = hidden_nodes  # Number of hidden nodes in layer 5

    tf.reset_default_graph()

    if dataset == 'BIG_dataset_filtered' or dataset == 'BIG_dataset_unfiltered':
        # Stoppning program is no improvement is found in 5 epochs
        require_improvement = int((x_train.shape[0] / batch_size) * 5)
        n = 1000
        m = 50
        #batch_size_val = 2500
        batch_size_val = x_val.shape[0]
    elif dataset == 'small_dataset_filtered' or dataset == 'small_dataset_unfiltered':
        # Stoppning program is no improvement is found in 1000 iteration, it's overkill for the small dataset but
        # is still used due to training time is low
        require_improvement = 1000
        n = 100
        m = 5
        batch_size_val = x_val.shape[0]
        if int((x_train.shape[0] / batch_size)) == 13: # 128 batch size
            require_improvement = 250
            n = 25
        elif int((x_train.shape[0] / batch_size)) == 26: # 64 batch size
            require_improvement = 500
            n = 50

    # Running code on GPU
    if GPU:
        # log_device_placement = spam on server if True
        # allow_soft_placement = tensorflow sets up automatic what to be ran on GPU
        sess = tf.Session(config=tf.ConfigProto(allow_soft_placement=True, log_device_placement=False))

    # Runs code on a CPU
    else:
        sess = tf.Session()

    # Setup placeholders, and reshape the data
    x = tf.placeholder(tf.float32, shape=[None, input_size], name="x")
    x_input = x
    y = tf.placeholder(tf.float32, shape=[None, num_classes], name="labels")

    if num_layers ==2:
        fc1 = fc_layer(x_input, input_size, hidden_nodes1, act_func=act_func, name="fc1")
        fc2 = tf.layers.dropout(fc1, rate=dropout, name='dropout')
        logits = fc_layer(fc2, hidden_nodes2, num_classes, act_func=act_func, name='fc2')
    elif num_layers == 3:
        fc1 = fc_layer(x_input, input_size, hidden_nodes1, act_func=act_func, name="fc1")
        fc2 = fc_layer(fc1, hidden_nodes1, hidden_nodes2, act_func=act_func, name='fc2')
        fc2 = tf.layers.dropout(fc2, rate=dropout, name='dropout')
        logits = fc_layer(fc2, hidden_nodes2, num_classes, act_func=act_func, name='fc3')
    elif num_layers == 4:
        fc1 = fc_layer(x_input, input_size, hidden_nodes1, act_func=act_func, name="fc1")
        fc2 = fc_layer(fc1, hidden_nodes1, hidden_nodes2, act_func=act_func, name='fc2')
        fc3 = fc_layer(fc2, hidden_nodes2, hidden_nodes3, act_func=act_func, name='fc3')
        fc3 = tf.layers.dropout(fc3, rate=dropout, name='dropout')
        logits = fc_layer(fc3, hidden_nodes3, num_classes, act_func=act_func, name='fc4')
    elif num_layers == 5:
        fc1 = fc_layer(x_input, input_size, hidden_nodes1, act_func=act_func, name="fc1")
        fc2 = fc_layer(fc1, hidden_nodes1, hidden_nodes2, act_func=act_func, name='fc2')
        fc3 = fc_layer(fc2, hidden_nodes2, hidden_nodes3, act_func=act_func, name='fc3')
        fc4 = fc_layer(fc3, hidden_nodes3, hidden_nodes4, act_func=act_func, name='fc4')
        fc4 = tf.layers.dropout(fc4, rate=dropout, name='dropout')
        logits = fc_layer(fc4, hidden_nodes4, num_classes, act_func=act_func, name='fc5')
    elif num_layers == 6:
        fc1 = fc_layer(x_input, input_size, hidden_nodes1, act_func=act_func, name="fc1")
        fc2 = fc_layer(fc1, hidden_nodes1, hidden_nodes2, act_func=act_func, name='fc2')
        fc3 = fc_layer(fc2, hidden_nodes2, hidden_nodes3, act_func=act_func, name='fc3')
        fc4 = fc_layer(fc3, hidden_nodes3, hidden_nodes4, act_func=act_func, name='fc4')
        fc5 = fc_layer(fc4, hidden_nodes4, hidden_nodes5, act_func=act_func, name='fc5')
        fc5 = tf.layers.dropout(fc5, rate=dropout, name='dropout')
        logits = fc_layer(fc5, hidden_nodes5, num_classes, act_func=act_func, name='fc6')
    else:
        raise ValueError("num_layers needs to be in the range of 2 to 6")


    with tf.name_scope("xent"):
        xent = tf.reduce_mean(tf.nn.softmax_cross_entropy_with_logits(logits=logits, labels=y), name="xent")
        tf.summary.scalar("xent", xent)

    with tf.name_scope("train"):
        train_step = tf.train.AdamOptimizer(learning_rate).minimize(xent)

    with tf.name_scope("accuracy"):
        correct_prediction = tf.equal(tf.argmax(logits, 1), tf.argmax(y, 1))
        accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))
        # Create y_pred and y_true that's used for evaluation
        y_pred = tf.argmax(logits,1)
        y_true = tf.argmax(y, 1)
        tf.summary.scalar("accuracy", accuracy)


    summ = tf.summary.merge_all()
    saver = tf.train.Saver()

    sess.run(tf.global_variables_initializer())
    #writer = tf.summary.FileWriter(os.path.join(tensorboard_path, hparam)) # If you want hparam in foldername
    writer = tf.summary.FileWriter(os.path.join(tensorboard_path, str(run)))
    #writer_test = tf.summary.FileWriter(os.path.join('{0}{1}{2}'.format(tensorboard_path, "/", str(run)), "Test"))
    writer.add_graph(sess.graph)

    # Create a txt file with hparam name in tensorboard folder
    textFilename_tensorboard = os.path.join('{0}{1}{2}'.format(tensorboard_path,"/", str(run)) , hparam + ".txt")
    file = open(textFilename_tensorboard, "w")
    file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
    file.close()

    # Calculate how many steps we will iterate
    HM_STEPS = int(hm_epochs * (x_train.shape[0] / batch_size))
    myPrint('\nStarting run for :%s' % hparam)
    myPrint('\nHow many epochs:' + str(hm_epochs) + ', How many steps:' + str(HM_STEPS))

    # Creates a folder for each hparam in model folder
    #current_model_path = '{0}{1}{2}'.format(model_path, '/', hparam) # If you want hparam in foldername
    current_model_path = '{0}{1}{2}'.format(model_path, '/', run)
    os.makedirs(current_model_path)

    # Create a txt file with hparam name in model folder
    textFilename_model = os.path.join(current_model_path , hparam + ".txt")
    file = open(textFilename_model, "w")
    file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
    file.close()

    # Best validation accuracy seen so far.
    best_test_accuracy = 0.0

    # Creates a start validation cost
    val_cost = 9999

    # Iteration-number for last improvement to validation accuracy
    last_improvement = 0

    # Start-time, used for printing time-usage below.
    start_time = time.time()

    # Counter for total number of iterations performed so far
    total_iterations = 0

    # Variables used for batches
    index_in_epoch = 0
    index_in_epoch_val = 0
    for i in range(HM_STEPS):
        # Get batch of training and test examples.
        batch, index_in_epoch = create_mini_batches(x_train, y_train, batch_size, index_in_epoch)

        # Increase the total number of iterations performed.
        total_iterations += 1

        if i % m == 0:
            s = sess.run(summ, feed_dict={x: batch[0], y: batch[1]})
            writer.add_summary(s, i)

            #batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size_val, index_in_epoch_val)
            #s_test = sess.run(summ, feed_dict={x: batch_val[0], y: batch_val[1]})
            #writer_test.add_summary(s_test,i)

        # Reporting accuracy every n steps
        if (i % n == 0) or (i == HM_STEPS - 1):
            cost, train_accuracy = sess.run([xent, accuracy],feed_dict={x: batch[0], y: batch[1]})

            batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size_val, index_in_epoch_val)
            test_cost, test_accuracy = sess.run([xent, accuracy], feed_dict={x: batch_val[0], y: batch_val[1]})

            # If there is an improvement in validation accuracy and cost
            # This step prevents overtraining
            # Adding .05 to the val_cost due to preventing model to stop too soon.
            if test_accuracy >= best_test_accuracy and test_cost <= val_cost:
                val_cost = test_cost
                # Update the best-known validation accuracy
                best_test_accuracy = test_accuracy

                # Set the iteration for the last improvement to current
                last_improvement = total_iterations

                # Save all variables to file
                saver.save(sess, os.path.join(current_model_path, "model.ckpt"), i)

                # A string to be printed below, shows improvement found
                improved_str = "*"
            else:
                # An empty string to be printed below, shows no improvement found
                improved_str = ""

            # Print status
            myPrint(
                'Step: ' + str(i) +
                '\tTrain_acc:' + str('%.4f' % train_accuracy) + ' |' +
                '\tPercentage complete:' + str('%.2f' % ((float(i) / HM_STEPS) * 100) + '%') + ' |' +
                '\thparam run ' + str(run) + '/' + str(total_runs) + ' |' +
                '\tCost:' + str('%.4f' % cost) + ' |' +
                '\tVal_cost:' + str('%.4f' % test_cost) + ' |' +
                '\tVal_acc:' + str('%.4f' % test_accuracy) + " " + improved_str)

        # Checks if no improvement is made
        if total_iterations - last_improvement > require_improvement:
            myPrint("No improvement found in " + str(require_improvement) + " steps stopping program.")

            # Break out of the foor loop.
            break

        # Actual training
        sess.run(train_step, feed_dict={x: batch[0], y: batch[1]})

    if Eval:
        # Extracts the best model ckpt
        best_model = tf.train.get_checkpoint_state('{0}{1}'.format(current_model_path, '/'), latest_filename=None)

        # Restore best model
        saver.restore(sess=sess, save_path=best_model.model_checkpoint_path)

        index_in_epoch_test = 0
        hm_steps_test = int(x_test.shape[0] / batch_size)
        y_true_list = []
        y_pred_list = []
        for i in range(hm_steps_test):
            batch, index_in_epoch_test = create_mini_batches(x_test, y_test, batch_size, index_in_epoch_test)

            y_true_temp, y_pred_temp = sess.run([y_true, y_pred], feed_dict={x: batch[0], y: batch[1]})
            y_true_list.extend(y_true_temp)
            y_pred_list.extend(y_pred_temp)

        (tAcc_temp,
         UMS_temp,
         VT_Sen_temp,
         VF_Sen_temp,
         AS_Sen_temp,
         PR_Sen_temp,
         PE_Sen_temp,
         VT_PPV_temp,
         VF_PPV_temp,
         AS_PPV_temp,
         PR_PPV_temp,
         PE_PPV_temp,
         cm) = \
        evaluate(y_true_list, y_pred_list, x_test)

        myPrint(cm)

        # Ending time
        end_time = time.time()

        # Difference between start and end-time
        time_diff = end_time - start_time

        # Print time-usage
        myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
        sess.close()
        return tAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
               VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp

    else:
        # Display best run
        myPrint("Best test result = " + str(best_test_accuracy) + " in step: " + str(last_improvement - 1))

        # Ending time
        end_time = time.time()

        # Difference between start and end-time
        time_diff = end_time - start_time

        # Print time-usage
        myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
        last_improvement_test = last_improvement - 1
        sess.close()
        return best_test_accuracy, last_improvement_test, hparam, run
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Main.py

import os
os.environ['TF_CPP_MIN_LOG_LEVEL'] = '3'    # Disable all debugging information from tensorflow
os.environ["CUDA_VISIBLE_DEVICES"]="2"      # Set the program to use only thus GPU device
from FNN_ECGdata import fnn_model
from CNN_ECGdata import cnn_model
from RNN_ECGdata import rnn_model
from some_functions import load_dataset, make_hparam_string, load_dataset_BIG
import datetime, time, logging
from datetime import timedelta
import numpy as np

### PARAMETERS ###

# HYPERPARAMETERS
LEARNING_RATE = [1E-4]
BATCH_SIZE = [32]
NUM_LAYERS = [4]
DROPOUT = [0.2]
ACT_FUNC = ["RELU6"]
FORGET_BIAS = [0.3,0.4,0.5]
FILTERS = [16]
PADDING = ["SAME"]
NUM_FC = [3]
HIDDEN_NODES = [300]

# PARAMETERS
FNN = False
CNN = True
RNN = False
GPU = False
hyperparameters = True    # False equals evaluation of the model

# LOG DIRECTORY
Dropbox = False
Lokalt = True
badne7_server = False
go4_server = False

# DATASET:
BIG_dataset_filtered = False
BIG_dataset = False
small_dataset_filtered = True
small_dataset = False


HM_EPOCHS = 150
INPUT_DIM = 1


# RNN stuff
INPUT_STEP = INPUT_DIM
NUM_TESTS = 1


if Dropbox:
    # Dropbox:
    LOGDIR = '/Users/Daniel/Dropbox/Masteroppgave/ANN2/logs/'
elif Lokalt:
    # Lokalt:
    LOGDIR = '/Users/Daniel/Documents/Masteroppgave/ANN/logs/'
elif badne7_server:
    # UNIX SERVER:
    LOGDIR = '/home/stud/deidsvag/Masteroppgave/ANN2/logs/'
elif go4_server:
    # go4 server:
    LOGDIR = '/local/home/deidsvag/python3/logs/'





# Creates log directories
if not os.path.exists(LOGDIR):
  os.makedirs(LOGDIR)
  print('No tensorboard folder found, Successfully created folder {}'.format(LOGDIR))

  # Add delay so directory can be made
  time.sleep(1)

  # Make a new folder to save tensorboard model inside
  current_tensorboard_path = '{0}{1}'.format(LOGDIR,
                                             datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d_%H-%M-%S'))
  os.makedirs(current_tensorboard_path)

  # Make subfolders for Tensorboard and model
  tensorboard_path = '{0}{1}'.format(current_tensorboard_path, '/tensorboard')
  os.makedirs(tensorboard_path)
  model_path = '{0}{1}'.format(current_tensorboard_path, '/model')
  os.makedirs(model_path)
else:
  # Make a new folder to save tensorboard model inside
  current_tensorboard_path = '{0}{1}'.format(LOGDIR,
                                             datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d_%H-%M-%S'))
  os.makedirs(current_tensorboard_path)
  # Make subfolders for Tensorboard and model
  tensorboard_path = '{0}{1}'.format(current_tensorboard_path, '/tensorboard')
  os.makedirs(tensorboard_path)
  model_path = '{0}{1}'.format(current_tensorboard_path, '/model')
  os.makedirs(model_path)


def myPrint(logger):
    logging.basicConfig(filename='{0}{1}'.format(current_tensorboard_path,'/log.log'),level=logging.DEBUG)
    logging.info(logger)
    print(logger)


if BIG_dataset_filtered:
    dataset = 'BIG_dataset_filtered'
    myPrint("\nLoading " + dataset + "..")
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset_BIG('OHCAdata/BIG_dataset_filtered/s_ecg_train_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_train_label_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_test_BIG_Filtered.mat',
                                                        'OHCAdata/BIG_dataset_filtered/s_ecg_test_label_BIG_Filtered.mat')

elif BIG_dataset:
    dataset = 'BIG_dataset_unfiltered'
    myPrint("\nLoading " + dataset + "..")
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset_BIG('OHCAdata/BIG_dataset/s_ecg_train_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_train_label_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_test_BIG.mat',
                                                        'OHCAdata/BIG_dataset/s_ecg_test_label_BIG.mat')


elif small_dataset_filtered:
    dataset = 'small_dataset_filtered'
    myPrint("\nLoading " + dataset + "..")
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset('OHCAdata/small_dataset_filtered/s_ecg_train_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_train_label_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_test_Filtered.mat',
                                                    'OHCAdata/small_dataset_filtered/s_ecg_test_label_Filtered.mat')

elif small_dataset:
    dataset = 'small_dataset_unfiltered'
    myPrint("\nLoading " + dataset + "..")
    # Loading dataset
    x_train, y_train, x_test, y_test = load_dataset('OHCAdata/small_dataset/s_ecg_train.mat',
                                                    'OHCAdata/small_dataset/s_ecg_train_label.mat',
                                                    'OHCAdata/small_dataset/s_ecg_test.mat',
                                                    'OHCAdata/small_dataset/s_ecg_test_label.mat')



# Prints the shape of the data
myPrint('x_train = ' + str(x_train.shape[0]) + ', ' + str(x_train.shape[1]))
myPrint('y_train = ' + str(y_train.shape[0]) + ', ' + str(y_train.shape[1]))
myPrint('x_test = ' + str(x_test.shape[0]) + ', ' + str(x_test.shape[1]))
myPrint('y_test = ' + str(y_test.shape[0]) + ', ' + str(y_test.shape[1]))


INPUT_SIZE = x_train.shape[1]
NUM_CLASSES = y_train.shape[1]

time_start = time.time()
#todo Put the code on a diet, rewrite code using classes
def main():
  run = 0
  best_run=0
  if FNN:
      total_runs = len(HIDDEN_NODES)*len(LEARNING_RATE) * len(BATCH_SIZE) * len(NUM_LAYERS) * len(ACT_FUNC) * len(DROPOUT)
      if hyperparameters:
          Eval = False
          for hidden_nodes in HIDDEN_NODES:
            for learning_rate in LEARNING_RATE:
              for batch_size in BATCH_SIZE:
                for num_layers in NUM_LAYERS:
                  for act_func in ACT_FUNC:
                    for dropout in DROPOUT:

                      # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
                      hparam = make_hparam_string(network="FNN",
                                                  learning_rate=learning_rate,
                                                  batch_size=batch_size,
                                                  num_layers=num_layers,
                                                  act_func=act_func,
                                                  dropout=dropout,
                                                  hidden_nodes=hidden_nodes)

                      run += 1

                      # Running the code
                      best_test_run, \
                      last_improv_test, \
                      hparam, \
                      run = \
                          fnn_model(learning_rate=learning_rate,    # Learning rate for the optimizer (Adam)
                                batch_size=batch_size,              # The batch size length
                                num_layers=num_layers,              # Number of layers
                                act_func=act_func,                  # Activation functions in the form of "RELU"
                                dropout=dropout,                    # Dropout percentage of in the network
                                hparam=hparam,                      # A string with parameters used in log folder
                                input_size=INPUT_SIZE,              # Size of the input data
                                num_classes=NUM_CLASSES,            # Number of classes in the dataset
                                hm_epochs=HM_EPOCHS,                # How many epochs
                                hidden_nodes=hidden_nodes,          # Number of hidden nodes in the network
                                x_train=x_train,                    # Training data
                                y_train=y_train,                    # Training data labels
                                x_test=x_test,                      # Test data
                                y_test=y_test,                      # Test data labels
                                tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                                model_path=model_path,              # Model path that stores our network model
                                current_tensorboard_path=
                                current_tensorboard_path,           # Path for the current run with given date and time
                                GPU=GPU,                            # GPU = True, if GPU is used
                                run=run,                            # Current run number
                                total_runs=total_runs,              # Total amount of different runs with hyperparameters
                                dataset=dataset,
                                Eval=Eval
                                    )

                      if run >= 1:
                          # Store the best run
                          if best_test_run > best_run:
                              best_run = best_test_run
                              best_run_id = run
                              last_improv_test_id = last_improv_test
                              hparam_id = hparam

                          else:
                              continue

          # Print the best run
          myPrint("\nBest test result = " + str(best_run) +
                " in step: " + str(last_improv_test_id) + " and run id: " + str(best_run_id) +
                "\nhparam: " + str(hparam_id))


      # Test best hparam
      else:
        Eval = True

        # Total Accuracy - MulAcc (%)
        MulAcc_list = []

        # Unweighted mean of sensitivities - UMS (%)
        UMS_list = []

        # Sensitivity - SEN (%)
        VT_Sen_list = []
        VF_Sen_list = []
        AS_Sen_list = []
        PR_Sen_list = []
        PE_Sen_list = []

        # Positive predicted value - PPV (%)
        VT_PPV_list = []
        VF_PPV_list = []
        AS_PPV_list = []
        PR_PPV_list = []
        PE_PPV_list = []

        # Standard deviations:
        MulAcc_D = []

        UMS_D = []

        VT_Sen_D = []
        VF_Sen_D = []
        AS_Sen_D = []
        PR_Sen_D = []
        PE_Sen_D = []

        VT_PPV_D = []
        VF_PPV_D = []
        AS_PPV_D = []
        PR_PPV_D = []
        PE_PPV_D = []

        hm_test_runs = 10
        for i in range(hm_test_runs):
            # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
            hparam = make_hparam_string(network="FNN",
                                        learning_rate=LEARNING_RATE[0],
                                        batch_size=BATCH_SIZE[0],
                                        num_layers=NUM_LAYERS[0],
                                        act_func=ACT_FUNC[0],
                                        dropout=DROPOUT[0],
                                        hidden_nodes=HIDDEN_NODES[0])

            run += 1

            # Running the code
            MulAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
            VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp  = \
                fnn_model(learning_rate=LEARNING_RATE[0],  # Learning rate for the optimizer (Adam)
                          batch_size=BATCH_SIZE[0],  # The batch size length
                          num_layers=NUM_LAYERS[0],  # Number of layers
                          act_func=ACT_FUNC[0],  # Activation functions in the form of "RELU"
                          dropout=DROPOUT[0],  # Dropout percentage of in the network
                          hparam=hparam,  # A string with parameters used in log folder
                          input_size=INPUT_SIZE,  # Size of the input data
                          num_classes=NUM_CLASSES,  # Number of classes in the dataset
                          hm_epochs=HM_EPOCHS,  # How many epochs
                          hidden_nodes=HIDDEN_NODES[0], # Number of hidden nodes in the network
                          x_train=x_train,  # Training data
                          y_train=y_train,  # Training data labels
                          x_test=x_test,  # Test data
                          y_test=y_test,  # Test data labels
                          tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                          model_path=model_path,  # Model path that stores our network model
                          current_tensorboard_path=
                          current_tensorboard_path,  # Path for the current run with given date and time
                          GPU=GPU,  # GPU = True, if GPU is used
                          run=run,  # Current run number
                          total_runs=hm_test_runs,  # Total amount of different runs with hyperparameters
                          dataset=dataset,
                          Eval=Eval
                          )

            # Appending results
            MulAcc_list.append(MulAcc_temp)

            UMS_list.append(UMS_temp)

            VT_Sen_list.append(VT_Sen_temp)
            VF_Sen_list.append(VF_Sen_temp)
            AS_Sen_list.append(AS_Sen_temp)
            PR_Sen_list.append(PR_Sen_temp)
            PE_Sen_list.append(PE_Sen_temp)

            VT_PPV_list.append(VT_PPV_temp)
            VF_PPV_list.append(VF_PPV_temp)
            AS_PPV_list.append(AS_PPV_temp)
            PR_PPV_list.append(PR_PPV_temp)
            PE_PPV_list.append(PE_PPV_temp)

        # Calculate the average of results
        MulAcc = sum(MulAcc_list) / len(MulAcc_list)

        UMS = sum(UMS_list) / len(UMS_list)

        VT_Sen = sum(VT_Sen_list) / len(VT_Sen_list)
        VF_Sen = sum(VF_Sen_list) / len(VF_Sen_list)
        AS_Sen = sum(AS_Sen_list) / len(AS_Sen_list)
        PR_Sen = sum(PR_Sen_list) / len(PR_Sen_list)
        PE_Sen = sum(PE_Sen_list) / len(PE_Sen_list)

        VT_PPV = sum(VT_PPV_list) / len(VT_PPV_list)
        VF_PPV = sum(VF_PPV_list) / len(VF_PPV_list)
        AS_PPV = sum(AS_PPV_list) / len(AS_PPV_list)
        PR_PPV = sum(PR_PPV_list) / len(PR_PPV_list)
        PE_PPV = sum(PE_PPV_list) / len(PE_PPV_list)

        # Standard deviation:
        for i in range(hm_test_runs):
            # Total Accuracy - MulAcc (%)
            MulAcc_dev = (MulAcc_list[i] - MulAcc)**2
            MulAcc_D.append(MulAcc_dev)

            # Unweighted mean of sensitivities - UMS (%)
            UMS_dev = (UMS_list[i] - UMS) ** 2
            UMS_D.append(UMS_dev)

            # Sensitivity - SEN (%)
            VT_Sen_dev = (VT_Sen_list[i] - VT_Sen)**2
            VT_Sen_D.append(VT_Sen_dev)

            VF_Sen_dev = (VF_Sen_list[i] - VF_Sen)**2
            VF_Sen_D.append(VF_Sen_dev)

            AS_Sen_dev = (AS_Sen_list[i] - AS_Sen)**2
            AS_Sen_D.append(AS_Sen_dev)

            PR_Sen_dev = (PR_Sen_list[i] - PR_Sen)**2
            PR_Sen_D.append(PR_Sen_dev)

            PE_Sen_dev = (PE_Sen_list[i] - PE_Sen)**2
            PE_Sen_D.append(PE_Sen_dev)

            # Positive predicted value - PPV (%)
            VT_PPV_dev = (VT_PPV_list[i] - VT_PPV)**2
            VT_PPV_D.append(VT_PPV_dev)

            VF_PPV_dev = (VF_PPV_list[i] - VF_PPV)**2
            VF_PPV_D.append(VF_PPV_dev)

            AS_PPV_dev = (AS_PPV_list[i] - AS_PPV)**2
            AS_PPV_D.append(AS_PPV_dev)

            PR_PPV_dev = (PR_PPV_list[i] - PR_PPV)**2
            PR_PPV_D.append(PR_PPV_dev)

            PE_PPV_dev = (PE_PPV_list[i] - PE_PPV)**2
            PE_PPV_D.append(PE_PPV_dev)

        MulAcc_SD = sum(MulAcc_D)/hm_test_runs

        UMS_SD = sum(UMS_D) / hm_test_runs

        VT_Sen_SD = sum(VT_Sen_D) / hm_test_runs
        VF_Sen_SD = sum(VF_Sen_D) / hm_test_runs
        AS_Sen_SD = sum(AS_Sen_D) / hm_test_runs
        PR_Sen_SD = sum(PR_Sen_D) / hm_test_runs
        PE_Sen_SD = sum(PE_Sen_D) / hm_test_runs

        VT_PPV_SD = sum(VT_PPV_D) / hm_test_runs
        VF_PPV_SD = sum(VF_PPV_D) / hm_test_runs
        AS_PPV_SD = sum(AS_PPV_D) / hm_test_runs
        PR_PPV_SD = sum(PR_PPV_D) / hm_test_runs
        PE_PPV_SD = sum(PE_PPV_D) / hm_test_runs


        table = [["VT", "PPV (%)", '%.2f' % VT_PPV, '%.2f' % VT_PPV_SD],
                ["VT", "Sen (%)", '%.2f' % VT_Sen,'%.2f' % VT_Sen_SD],
                ["VF", "PPV (%)", '%.2f' % VF_PPV, '%.2f' % VF_PPV_SD],
                ["VF", "Sen (%)", '%.2f' % VF_Sen, '%.2f' % VF_Sen_SD],
                ["AS", "PPV (%)", '%.2f' % AS_PPV, '%.2f' % AS_PPV_SD],
                ["AS", "Sen (%)", '%.2f' % AS_Sen, '%.2f' % AS_Sen_SD],
                ["PR", "PPV (%)", '%.2f' % PR_PPV, '%.2f' % PR_PPV_SD],
                ["PR", "Sen (%)", '%.2f' % PR_Sen, '%.2f' % PR_Sen_SD],
                ["PE", "PPV (%)", '%.2f' % PE_PPV, '%.2f' % PE_PPV_SD],
                ["PE", "Sen (%)", '%.2f' % PE_Sen, '%.2f' % PE_Sen_SD],
                ["", "MulAcc (%)", '%.2f' % MulAcc, '%.2f' % MulAcc_SD],
                ["", "UMS (%)", '%.2f' % UMS, '%.2f' % UMS_SD]
                ]

        myPrint(table)
        # Save evaluation file
        np.savetxt('{0}{1}{2}'.format(current_tensorboard_path, "/", "eval.csv"), table, delimiter=",", fmt='%s')


  # --------------------------------------------------------------------------------------------------------------------


  elif CNN:
      tot_runs = len(FILTERS) * len(LEARNING_RATE) * len(BATCH_SIZE) * len(NUM_LAYERS) * \
                    len(ACT_FUNC) * len(DROPOUT) *len(NUM_FC)* len(PADDING) * len(HIDDEN_NODES)

      if hyperparameters:
        Eval = False
        for filters in FILTERS:
          for learning_rate in LEARNING_RATE:
            for batch_size in BATCH_SIZE:
              for num_layers in NUM_LAYERS:
                for act_func in ACT_FUNC:
                  for dropout in DROPOUT:
                    for num_fc in NUM_FC:
                      for padding in PADDING:
                        for hidden_nodes in HIDDEN_NODES:

                          # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
                          hparam = make_hparam_string(network="CNN",
                                                      learning_rate=learning_rate,
                                                      batch_size=batch_size,
                                                      num_layers=num_layers,
                                                      act_func=act_func,
                                                      dropout=dropout,
                                                      num_fc=num_fc,
                                                      padding=padding,
                                                      filters=filters,
                                                      hidden_nodes=hidden_nodes)

                          run += 1

                          # Running the code
                          best_test_run, \
                          last_improv_test, \
                          hparam, \
                          run = \
                              cnn_model(learning_rate=learning_rate,    # Learning rate for the optimizer (Adam)
                                    batch_size=batch_size,              # The batch size length
                                    num_layers=num_layers,              # Number of layers
                                    num_fc=num_fc,                      # Number of fully connected layers after conv layers
                                    act_func=act_func,                  # Activation functions in the form of "RELU"
                                    padding=padding,                    # Padding, either "SAME" or "VALID"
                                    dropout=dropout,                    # Dropout percentage of in the network
                                    hparam=hparam,                      # A string with parameters used in log folder
                                    input_size=INPUT_SIZE,              # Size of the input data
                                    input_dim=INPUT_DIM,                # Dimension of the input data
                                    num_classes=NUM_CLASSES,            # Number of classes in the dataset
                                    hm_epochs=HM_EPOCHS,                # How many epochs
                                    filters=filters,                    # Number of filters in conv layer
                                    hidden_nodes=hidden_nodes,          # Number of hidden nodes in the network
                                    x_train=x_train,                    # Training data
                                    y_train=y_train,                    # Training data labels
                                    x_test=x_test,                      # Test data
                                    y_test=y_test,                      # Test data labels
                                    tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                                    model_path=model_path,              # Model path that stores our network model
                                    current_tensorboard_path=
                                    current_tensorboard_path,           # Path for the current run with given date and time
                                    GPU=GPU,                            # GPU = True, if GPU is used
                                    run=run,                            # Current run (different hparams)
                                    total_runs=tot_runs,                # Total amount of hparam runs
                                    dataset=dataset,
                                    Eval=Eval
                                    )


                          # Store the best run
                          if best_test_run > best_run:
                              best_run = best_test_run
                              best_run_id = run
                              last_improv_test_id = last_improv_test
                              hparam_id = hparam

                          else:
                              continue

        # Print the best run
        myPrint("\nBest test result = " + str(best_run) +
              " in step: " + str(last_improv_test_id) + " and run id: " + str(best_run_id) +
              "\nhparam: " + str(hparam_id))

      # Test best hparam
      else:
          Eval = True

          # Total Accuracy - MulAcc (%)
          MulAcc_list = []

          # Unweighted mean of sensitivities - UMS (%)
          UMS_list = []

          # Sensitivity - SEN (%)
          VT_Sen_list = []
          VF_Sen_list = []
          AS_Sen_list = []
          PR_Sen_list = []
          PE_Sen_list = []

          # Positive predicted value - PPV (%)
          VT_PPV_list = []
          VF_PPV_list = []
          AS_PPV_list = []
          PR_PPV_list = []
          PE_PPV_list = []

          # Standard deviations:
          MulAcc_D = []

          UMS_D = []

          VT_Sen_D = []
          VF_Sen_D = []
          AS_Sen_D = []
          PR_Sen_D = []
          PE_Sen_D = []

          VT_PPV_D = []
          VF_PPV_D = []
          AS_PPV_D = []
          PR_PPV_D = []
          PE_PPV_D = []

          hm_test_runs = 10
          for i in range(hm_test_runs):
              # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
              hparam = make_hparam_string(network="CNN",
                                          learning_rate=LEARNING_RATE[0],
                                          batch_size=BATCH_SIZE[0],
                                          num_layers=NUM_LAYERS[0],
                                          act_func=ACT_FUNC[0],
                                          dropout=DROPOUT[0],
                                          num_fc=NUM_FC[0],
                                          padding=PADDING[0],
                                          filters=FILTERS[0],
                                          hidden_nodes=HIDDEN_NODES[0])

              run += 1

              # Running the code
              MulAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
              VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp = \
                  cnn_model(learning_rate=LEARNING_RATE[0],  # Learning rate for the optimizer (Adam)
                            batch_size=BATCH_SIZE[0],  # The batch size length
                            num_layers=NUM_LAYERS[0],  # Number of layers
                            num_fc=NUM_FC[0],  # Number of fully connected layers after conv layers
                            act_func=ACT_FUNC[0],  # Activation functions in the form of "RELU"
                            padding=PADDING[0],  # Padding, either "SAME" or "VALID"
                            dropout=DROPOUT[0],  # Dropout percentage of in the network
                            hparam=hparam,  # A string with parameters used in log folder
                            input_size=INPUT_SIZE,  # Size of the input data
                            input_dim=INPUT_DIM,  # Dimension of the input data
                            num_classes=NUM_CLASSES,  # Number of classes in the dataset
                            hm_epochs=HM_EPOCHS,  # How many epochs
                            filters=FILTERS[0],  # Number of filters in conv layer
                            hidden_nodes=HIDDEN_NODES[0],  # Number of hidden nodes in the network
                            x_train=x_train,  # Training data
                            y_train=y_train,  # Training data labels
                            x_test=x_test,  # Test data
                            y_test=y_test,  # Test data labels
                            tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                            model_path=model_path,  # Model path that stores our network model
                            current_tensorboard_path=
                            current_tensorboard_path,  # Path for the current run with given date and time
                            GPU=GPU,  # GPU = True, if GPU is used
                            run=run,  # Current run (different hparams)
                            total_runs=hm_test_runs,  # Total amount of hparam runs
                            dataset=dataset,
                            Eval=Eval
                            )

              # Appending results
              MulAcc_list.append(MulAcc_temp)

              UMS_list.append(UMS_temp)

              VT_Sen_list.append(VT_Sen_temp)
              VF_Sen_list.append(VF_Sen_temp)
              AS_Sen_list.append(AS_Sen_temp)
              PR_Sen_list.append(PR_Sen_temp)
              PE_Sen_list.append(PE_Sen_temp)

              VT_PPV_list.append(VT_PPV_temp)
              VF_PPV_list.append(VF_PPV_temp)
              AS_PPV_list.append(AS_PPV_temp)
              PR_PPV_list.append(PR_PPV_temp)
              PE_PPV_list.append(PE_PPV_temp)

          # Calculate the average of results
          MulAcc = sum(MulAcc_list) / len(MulAcc_list)

          UMS = sum(UMS_list) / len(UMS_list)

          VT_Sen = sum(VT_Sen_list) / len(VT_Sen_list)
          VF_Sen = sum(VF_Sen_list) / len(VF_Sen_list)
          AS_Sen = sum(AS_Sen_list) / len(AS_Sen_list)
          PR_Sen = sum(PR_Sen_list) / len(PR_Sen_list)
          PE_Sen = sum(PE_Sen_list) / len(PE_Sen_list)

          VT_PPV = sum(VT_PPV_list) / len(VT_PPV_list)
          VF_PPV = sum(VF_PPV_list) / len(VF_PPV_list)
          AS_PPV = sum(AS_PPV_list) / len(AS_PPV_list)
          PR_PPV = sum(PR_PPV_list) / len(PR_PPV_list)
          PE_PPV = sum(PE_PPV_list) / len(PE_PPV_list)

          # Standard deviation:
          for i in range(hm_test_runs):
              # Total Accuracy - MulAcc (%)
              MulAcc_dev = (MulAcc_list[i] - MulAcc) ** 2
              MulAcc_D.append(MulAcc_dev)

              # Unweighted mean of sensitivities - UMS (%)
              UMS_dev = (UMS_list[i] - UMS) ** 2
              UMS_D.append(UMS_dev)

              # Sensitivity - SEN (%)
              VT_Sen_dev = (VT_Sen_list[i] - VT_Sen) ** 2
              VT_Sen_D.append(VT_Sen_dev)

              VF_Sen_dev = (VF_Sen_list[i] - VF_Sen) ** 2
              VF_Sen_D.append(VF_Sen_dev)

              AS_Sen_dev = (AS_Sen_list[i] - AS_Sen) ** 2
              AS_Sen_D.append(AS_Sen_dev)

              PR_Sen_dev = (PR_Sen_list[i] - PR_Sen) ** 2
              PR_Sen_D.append(PR_Sen_dev)

              PE_Sen_dev = (PE_Sen_list[i] - PE_Sen) ** 2
              PE_Sen_D.append(PE_Sen_dev)

              # Positive predicted value - PPV (%)
              VT_PPV_dev = (VT_PPV_list[i] - VT_PPV) ** 2
              VT_PPV_D.append(VT_PPV_dev)

              VF_PPV_dev = (VF_PPV_list[i] - VF_PPV) ** 2
              VF_PPV_D.append(VF_PPV_dev)

              AS_PPV_dev = (AS_PPV_list[i] - AS_PPV) ** 2
              AS_PPV_D.append(AS_PPV_dev)

              PR_PPV_dev = (PR_PPV_list[i] - PR_PPV) ** 2
              PR_PPV_D.append(PR_PPV_dev)

              PE_PPV_dev = (PE_PPV_list[i] - PE_PPV) ** 2
              PE_PPV_D.append(PE_PPV_dev)

          MulAcc_SD = sum(MulAcc_D) / hm_test_runs

          UMS_SD = sum(UMS_D) / hm_test_runs

          VT_Sen_SD = sum(VT_Sen_D) / hm_test_runs
          VF_Sen_SD = sum(VF_Sen_D) / hm_test_runs
          AS_Sen_SD = sum(AS_Sen_D) / hm_test_runs
          PR_Sen_SD = sum(PR_Sen_D) / hm_test_runs
          PE_Sen_SD = sum(PE_Sen_D) / hm_test_runs

          VT_PPV_SD = sum(VT_PPV_D) / hm_test_runs
          VF_PPV_SD = sum(VF_PPV_D) / hm_test_runs
          AS_PPV_SD = sum(AS_PPV_D) / hm_test_runs
          PR_PPV_SD = sum(PR_PPV_D) / hm_test_runs
          PE_PPV_SD = sum(PE_PPV_D) / hm_test_runs

          table = [["VT", "PPV (%)", '%.2f' % VT_PPV, '%.2f' % VT_PPV_SD],
                   ["VT", "Sen (%)", '%.2f' % VT_Sen, '%.2f' % VT_Sen_SD],
                   ["VF", "PPV (%)", '%.2f' % VF_PPV, '%.2f' % VF_PPV_SD],
                   ["VF", "Sen (%)", '%.2f' % VF_Sen, '%.2f' % VF_Sen_SD],
                   ["AS", "PPV (%)", '%.2f' % AS_PPV, '%.2f' % AS_PPV_SD],
                   ["AS", "Sen (%)", '%.2f' % AS_Sen, '%.2f' % AS_Sen_SD],
                   ["PR", "PPV (%)", '%.2f' % PR_PPV, '%.2f' % PR_PPV_SD],
                   ["PR", "Sen (%)", '%.2f' % PR_Sen, '%.2f' % PR_Sen_SD],
                   ["PE", "PPV (%)", '%.2f' % PE_PPV, '%.2f' % PE_PPV_SD],
                   ["PE", "Sen (%)", '%.2f' % PE_Sen, '%.2f' % PE_Sen_SD],
                   ["", "MulAcc (%)", '%.2f' % MulAcc, '%.2f' % MulAcc_SD],
                   ["", "UMS (%)", '%.2f' % UMS, '%.2f' % UMS_SD]
                   ]

          myPrint(table)
          # Save evaluation file
          np.savetxt('{0}{1}{2}'.format(current_tensorboard_path, "/", "eval.csv"), table, delimiter=",", fmt='%s')



  # ----------------------------------------------------------------------------------------------------
  elif RNN:
      total_runs = len(LEARNING_RATE) * len(BATCH_SIZE) * len(NUM_LAYERS) * len(DROPOUT) * len(FORGET_BIAS)

      if hyperparameters:
        Eval = False
        for learning_rate in LEARNING_RATE:
          for batch_size in BATCH_SIZE:
            for num_layers in NUM_LAYERS:
              for dropout in DROPOUT:
                for forget_bias in FORGET_BIAS:

                  # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
                  hparam = make_hparam_string(network="RNN",
                                              learning_rate=learning_rate,
                                              batch_size=batch_size,
                                              num_layers=num_layers,
                                              dropout=dropout,
                                              forget_bias=forget_bias)

                  run += 1

                  # Runnning the code
                  best_test_run, \
                  last_improv_test, \
                  hparam, \
                  run = \
                      rnn_model(learning_rate=learning_rate,    # Learning rate for the optimizer (Adam)
                            batch_size=batch_size,              # The batch size length
                            input_size=INPUT_SIZE,              # Size of the input data
                            num_classes=NUM_CLASSES,            # Number of classes in the dataset
                            input_step=INPUT_STEP,              # The length of the step size
                            num_layers=num_layers,              # Number of layers
                            dropout=dropout,                    # Dropout percentage of in the network
                            forget_bias=forget_bias,            # Biases of the forget gate are initialized by default
                                                                # to 1 in order to reduce the scale of forgetting at the
                                                                # beginning of the training.
                            hm_epochs=HM_EPOCHS,                # How many epochs
                            hparam=hparam ,                     # A string with parameters used in log folder
                            x_train=x_train,                    # Training data
                            y_train=y_train,                    # Training data labels
                            x_test=x_test,                      # Test data
                            y_test=y_test,                      # Test data labels
                            tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                            model_path=model_path,              # Model path that stores our network model
                            current_tensorboard_path=
                            current_tensorboard_path,           # Path for the current run with given date and time
                            GPU=GPU,                            # GPU = True, if GPU is used
                            run=run,                            # Current run (different hparams)
                            total_runs=total_runs,              # Total amount of hparam runs
                            dataset=dataset,
                            Eval=Eval
                            )

                  # Store the best run
                  if best_test_run > best_run:
                      best_run = best_test_run
                      best_run_id = run
                      last_improv_test_id = last_improv_test
                      hparam_id = hparam

                  else:
                      continue

        # Print the best run
        myPrint("\nBest test result = " + str(best_run) +
              " in step: " + str(last_improv_test_id) + " and run id: " + str(best_run_id) +
              "\nhparam: " + str(hparam_id))

      # Test best hparam
      else:
          Eval = True

          # Total Accuracy - MulAcc (%)
          MulAcc_list = []

          # Unweighted mean of sensitivities - UMS (%)
          UMS_list = []

          # Sensitivity - SEN (%)
          VT_Sen_list = []
          VF_Sen_list = []
          AS_Sen_list = []
          PR_Sen_list = []
          PE_Sen_list = []

          # Positive predicted value - PPV (%)
          VT_PPV_list = []
          VF_PPV_list = []
          AS_PPV_list = []
          PR_PPV_list = []
          PE_PPV_list = []

          # Standard deviations:
          MulAcc_D = []

          UMS_D = []

          VT_Sen_D = []
          VF_Sen_D = []
          AS_Sen_D = []
          PR_Sen_D = []
          PE_Sen_D = []

          VT_PPV_D = []
          VF_PPV_D = []
          AS_PPV_D = []
          PR_PPV_D = []
          PE_PPV_D = []

          hm_test_runs = 10
          for i in range(hm_test_runs):
              # Construct a hyperparameter string for each one (example: lr_1E-3,batch_size=128)
              hparam = make_hparam_string(network="RNN",
                                          learning_rate=LEARNING_RATE[0],
                                          batch_size=BATCH_SIZE[0],
                                          num_layers=NUM_LAYERS[0],
                                          dropout=DROPOUT[0],
                                          forget_bias=FORGET_BIAS[0])

              run += 1

              # Runnning the code
              MulAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
              VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp = \
                  rnn_model(learning_rate=LEARNING_RATE[0],  # Learning rate for the optimizer (Adam)
                            batch_size=BATCH_SIZE[0],  # The batch size length
                            input_size=INPUT_SIZE,  # Size of the input data
                            num_classes=NUM_CLASSES,  # Number of classes in the dataset
                            input_step=INPUT_STEP,  # The length of the step size
                            num_layers=NUM_LAYERS[0],  # Number of layers
                            dropout=DROPOUT[0],  # Dropout percentage of in the network
                            forget_bias=FORGET_BIAS[0],  # Biases of the forget gate are initialized by default
                            # to 1 in order to reduce the scale of forgetting at the
                            # beginning of the training.
                            hm_epochs=HM_EPOCHS,  # How many epochs
                            hparam=hparam,  # A string with parameters used in log folder
                            x_train=x_train,  # Training data
                            y_train=y_train,  # Training data labels
                            x_test=x_test,  # Test data
                            y_test=y_test,  # Test data labels
                            tensorboard_path=tensorboard_path,  # Tensorboard path that stores tensorboard event
                            model_path=model_path,  # Model path that stores our network model
                            current_tensorboard_path=
                            current_tensorboard_path,  # Path for the current run with given date and time
                            GPU=GPU,  # GPU = True, if GPU is used
                            run=run,  # Current run (different hparams)
                            total_runs=hm_test_runs,  # Total amount of hparam runs
                            dataset=dataset,
                            Eval=Eval
                            )

              # Appending results
              MulAcc_list.append(MulAcc_temp)

              UMS_list.append(UMS_temp)

              VT_Sen_list.append(VT_Sen_temp)
              VF_Sen_list.append(VF_Sen_temp)
              AS_Sen_list.append(AS_Sen_temp)
              PR_Sen_list.append(PR_Sen_temp)
              PE_Sen_list.append(PE_Sen_temp)

              VT_PPV_list.append(VT_PPV_temp)
              VF_PPV_list.append(VF_PPV_temp)
              AS_PPV_list.append(AS_PPV_temp)
              PR_PPV_list.append(PR_PPV_temp)
              PE_PPV_list.append(PE_PPV_temp)

          # Calculate the average of results
          MulAcc = sum(MulAcc_list) / len(MulAcc_list)

          UMS = sum(UMS_list) / len(UMS_list)

          VT_Sen = sum(VT_Sen_list) / len(VT_Sen_list)
          VF_Sen = sum(VF_Sen_list) / len(VF_Sen_list)
          AS_Sen = sum(AS_Sen_list) / len(AS_Sen_list)
          PR_Sen = sum(PR_Sen_list) / len(PR_Sen_list)
          PE_Sen = sum(PE_Sen_list) / len(PE_Sen_list)

          VT_PPV = sum(VT_PPV_list) / len(VT_PPV_list)
          VF_PPV = sum(VF_PPV_list) / len(VF_PPV_list)
          AS_PPV = sum(AS_PPV_list) / len(AS_PPV_list)
          PR_PPV = sum(PR_PPV_list) / len(PR_PPV_list)
          PE_PPV = sum(PE_PPV_list) / len(PE_PPV_list)

          # Standard deviation:
          for i in range(hm_test_runs):
              # Total Accuracy - MulAcc (%)
              MulAcc_dev = (MulAcc_list[i] - MulAcc) ** 2
              MulAcc_D.append(MulAcc_dev)

              # Unweighted mean of sensitivities - UMS (%)
              UMS_dev = (UMS_list[i] - UMS) ** 2
              UMS_D.append(UMS_dev)

              # Sensitivity - SEN (%)
              VT_Sen_dev = (VT_Sen_list[i] - VT_Sen) ** 2
              VT_Sen_D.append(VT_Sen_dev)

              VF_Sen_dev = (VF_Sen_list[i] - VF_Sen) ** 2
              VF_Sen_D.append(VF_Sen_dev)

              AS_Sen_dev = (AS_Sen_list[i] - AS_Sen) ** 2
              AS_Sen_D.append(AS_Sen_dev)

              PR_Sen_dev = (PR_Sen_list[i] - PR_Sen) ** 2
              PR_Sen_D.append(PR_Sen_dev)

              PE_Sen_dev = (PE_Sen_list[i] - PE_Sen) ** 2
              PE_Sen_D.append(PE_Sen_dev)

              # Positive predicted value - PPV (%)
              VT_PPV_dev = (VT_PPV_list[i] - VT_PPV) ** 2
              VT_PPV_D.append(VT_PPV_dev)

              VF_PPV_dev = (VF_PPV_list[i] - VF_PPV) ** 2
              VF_PPV_D.append(VF_PPV_dev)

              AS_PPV_dev = (AS_PPV_list[i] - AS_PPV) ** 2
              AS_PPV_D.append(AS_PPV_dev)

              PR_PPV_dev = (PR_PPV_list[i] - PR_PPV) ** 2
              PR_PPV_D.append(PR_PPV_dev)

              PE_PPV_dev = (PE_PPV_list[i] - PE_PPV) ** 2
              PE_PPV_D.append(PE_PPV_dev)

          MulAcc_SD = sum(MulAcc_D) / hm_test_runs

          UMS_SD = sum(UMS_D) / hm_test_runs

          VT_Sen_SD = sum(VT_Sen_D) / hm_test_runs
          VF_Sen_SD = sum(VF_Sen_D) / hm_test_runs
          AS_Sen_SD = sum(AS_Sen_D) / hm_test_runs
          PR_Sen_SD = sum(PR_Sen_D) / hm_test_runs
          PE_Sen_SD = sum(PE_Sen_D) / hm_test_runs

          VT_PPV_SD = sum(VT_PPV_D) / hm_test_runs
          VF_PPV_SD = sum(VF_PPV_D) / hm_test_runs
          AS_PPV_SD = sum(AS_PPV_D) / hm_test_runs
          PR_PPV_SD = sum(PR_PPV_D) / hm_test_runs
          PE_PPV_SD = sum(PE_PPV_D) / hm_test_runs

          table = [["VT", "PPV (%)", '%.2f' % VT_PPV, '%.2f' % VT_PPV_SD],
                   ["VT", "Sen (%)", '%.2f' % VT_Sen, '%.2f' % VT_Sen_SD],
                   ["VF", "PPV (%)", '%.2f' % VF_PPV, '%.2f' % VF_PPV_SD],
                   ["VF", "Sen (%)", '%.2f' % VF_Sen, '%.2f' % VF_Sen_SD],
                   ["AS", "PPV (%)", '%.2f' % AS_PPV, '%.2f' % AS_PPV_SD],
                   ["AS", "Sen (%)", '%.2f' % AS_Sen, '%.2f' % AS_Sen_SD],
                   ["PR", "PPV (%)", '%.2f' % PR_PPV, '%.2f' % PR_PPV_SD],
                   ["PR", "Sen (%)", '%.2f' % PR_Sen, '%.2f' % PR_Sen_SD],
                   ["PE", "PPV (%)", '%.2f' % PE_PPV, '%.2f' % PE_PPV_SD],
                   ["PE", "Sen (%)", '%.2f' % PE_Sen, '%.2f' % PE_Sen_SD],
                   ["", "MulAcc (%)", '%.2f' % MulAcc, '%.2f' % MulAcc_SD],
                   ["", "UMS (%)", '%.2f' % UMS, '%.2f' % UMS_SD]
                   ]

          myPrint(table)
          # Save evaluation file
          np.savetxt('{0}{1}{2}'.format(current_tensorboard_path, "/", "eval.csv"), table, delimiter=",", fmt='%s')


  else:
      ValueError("Need to run either FNN, CNN or RNN equals True")

  # Ending time
  time_end = time.time()

  # Difference between start and end-time
  time_dif = time_end - time_start

  # Print time-usage
  myPrint("Total time used: " + str(timedelta(seconds=int(round(time_dif)))))

  myPrint('\ntensorboard --logdir=' + str(LOGDIR) + 'to view graph')


if __name__ == '__main__':
  main()
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RNN_ECGdata.py

from some_functions import multi_rnn_layer, create_mini_batches, create_validation_set, shuffle_data_set, evaluate
import tensorflow as tf
import os, logging, time
from datetime import timedelta


def rnn_model(learning_rate,            # Learning rate for the optimizer (Adam)
              batch_size,               # The batch size length
              input_size,               # Size of the input data
              num_classes,              # Number of classes in the dataset
              input_step,               # The length of the step size
              num_layers,               # Number of layers
              dropout,                  # Dropout percentage of in the network
              forget_bias,              # Biases of the forget gate are initialized by default to 1 in order to reduce
                                        # the scale of forgetting at the beginning of the training.
              hm_epochs,                # How many epochs
              hparam,                   # A string with parameters used in log folder
              x_train,                  # Training data
              y_train,                  # Training data labels
              x_test,                   # Test data
              y_test,                   # Test data labels
              tensorboard_path,         # Tensorboard path that stores tensorboard event
              model_path,               # Model path that stores our network model
              current_tensorboard_path, # Path for the current run with given date and time
              GPU,                      # GPU = True, if GPU is used
              run,                      # Current run (different hparams)
              total_runs,               # Total amount of hparam runs
              dataset,                   # What kind of dataset is used (example: BIG_dataset_filtered)
              Eval
              ):


  # Making own print function which adds logging
  def myPrint(logger):
      logging.basicConfig(filename='{0}{1}'.format(current_tensorboard_path, '/log.log'), level=logging.DEBUG)
      logging.info(logger)
      print(logger)



  # Shuffle the dataset
  x_train, y_train = shuffle_data_set(x_train, y_train)
  x_test, y_test = shuffle_data_set(x_test, y_test)

  # Create Validation set:
  num_to_extract = int(x_train.shape[0]*0.2)
  x_train, y_train, x_val, y_val = create_validation_set(x_train, y_train, num_to_extract=num_to_extract, shuffle=True)

  myPrint("\n" + "Creating validation set.. \n")
  myPrint('x_train = ' + str(x_train.shape[0]) + ', ' + str(x_train.shape[1]))
  myPrint('y_train = ' + str(y_train.shape[0]) + ', ' + str(y_train.shape[1]))
  myPrint('x_val = ' + str(x_val.shape[0]) + ', ' + str(x_val.shape[1]))
  myPrint('y_val = ' + str(y_val.shape[0]) + ', ' + str(y_val.shape[1]))
  myPrint('x_test = ' + str(x_test.shape[0]) + ', ' + str(x_test.shape[1]))
  myPrint('y_test = ' + str(y_test.shape[0]) + ', ' + str(y_test.shape[1]))


  tf.reset_default_graph()
  # Running code on GPU

  if dataset == 'BIG_dataset_filtered' or dataset == 'BIG_dataset_unfiltered':
      require_improvement = int((x_train.shape[0] / batch_size) * 5)
      n = 1000
      m = 50
      batch_size_val = 2500
  elif dataset == 'small_dataset_filtered' or dataset == 'small_dataset_unfiltered':
      require_improvement = 1000
      n = 100
      m = 5
      batch_size_val = x_val.shape[0]
      if int((x_train.shape[0] / batch_size)) == 13:  # 128 batch size
          require_improvement = 250
          n = 25
      elif int((x_train.shape[0] / batch_size)) == 26:  # 64 batch size
          require_improvement = 500
          n = 50
  if GPU:
      # log_device_placement = spam on server if True
      # allow_soft_placement = tensorflow sets up automatic what to be ran on GPU
      sess = tf.Session(config=tf.ConfigProto(allow_soft_placement=True, log_device_placement=False))

  # Runs code on a CPU
  else:
      sess = tf.Session()

  # Setup placeholders
  x = tf.placeholder(tf.float32, shape=[None, input_step, input_size], name="x")
  y = tf.placeholder(tf.float32, shape=[None, num_classes], name="labels")

  # Single cell
  # logits = rnn_layer(x, input_size, num_classes, input_step, forget_bias, name='output')
  # Multiple cells
  logits = multi_rnn_layer(data_input=x,
                           size_in=input_size,
                           size_out=num_classes,
                           num_layers=num_layers,
                           dropout=dropout,
                           forget_bias=forget_bias,
                           name='multi_rnn_layer_logits')


  with tf.name_scope("xent"):
        xent = tf.reduce_mean(tf.nn.softmax_cross_entropy_with_logits(
            logits=logits, labels=y), name="xent")
        tf.summary.scalar("xent", xent)

  with tf.name_scope("train"):
        train_step = tf.train.AdamOptimizer(learning_rate).minimize(xent)

  with tf.name_scope("accuracy"):
        correct_prediction = tf.equal(tf.argmax(logits, 1), tf.argmax(y, 1))
        accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))
        # Create y_pred and y_true that's used for evaluation
        y_pred = tf.argmax(logits,1)
        y_true = tf.argmax(y, 1)
        tf.summary.scalar("accuracy", accuracy)

  # Merging all summaries and creates a saver function
  summ = tf.summary.merge_all()
  saver = tf.train.Saver()

  sess.run(tf.global_variables_initializer())
  # writer = tf.summary.FileWriter(os.path.join(tensorboard_path, hparam)) # If you want hparam in foldername
  writer = tf.summary.FileWriter(os.path.join(tensorboard_path, str(run)))
  writer_test = tf.summary.FileWriter(os.path.join('{0}{1}{2}'.format(tensorboard_path, "/", str(run)), "Test"))
  writer.add_graph(sess.graph)

  # Create a txt file with hparam name in tensorboard folder
  textFilename_tensorboard = os.path.join('{0}{1}{2}'.format(tensorboard_path, "/", str(run)), hparam + ".txt")
  file = open(textFilename_tensorboard, "w")
  file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
  file.close()

  # Calculate how many steps we will iterate
  HM_STEPS = int(hm_epochs * (x_train.shape[0] / batch_size))
  myPrint('\nStarting run for :%s' % hparam)
  myPrint('\nHow many epochs:' + str(hm_epochs) + ', How many steps:' + str(HM_STEPS))

  # Creates a folder for each hparam in model folder
  # current_model_path = '{0}{1}{2}'.format(model_path, '/', hparam) # If you want hparam in foldername
  current_model_path = '{0}{1}{2}'.format(model_path, '/', run)
  os.makedirs(current_model_path)

  # Create a txt file with hparam name in model folder
  textFilename_model = os.path.join(current_model_path, hparam + ".txt")
  file = open(textFilename_model, "w")
  file.write("Run " + str(run) + " with hparam: \n" + str(hparam))
  file.close()

  # Best validation accuracy seen so far.
  best_test_accuracy = 0.0

  # Creates a start validation cost
  val_cost = 9999

  # Iteration-number for last improvement to validation accuracy
  last_improvement = 0

  # Start-time, used for printing time-usage below.
  start_time = time.time()

  # Counter for total number of iterations performed so far
  total_iterations = 0

  # Variables used for batches
  index_in_epoch = 0
  index_in_epoch_val = 0
  for i in range(HM_STEPS):
      # Get batch of training and test examples.
      batch, index_in_epoch = create_mini_batches(x_train, y_train, batch_size, index_in_epoch)
      batch_x = batch[0]
      batch_y = batch[1]
      # Reshaping the data is needed for rnn
      batch_x = batch_x.reshape(batch_size, input_step, input_size)

      # Increase the total number of iterations performed.
      total_iterations += 1

      if i % m == 0:
          s = sess.run(summ, feed_dict={x: batch_x, y: batch_y})
          writer.add_summary(s, i)

          # This is just to be able to have validation and training in the same plot in tensorboard
          batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size_val, index_in_epoch_val)
          batch_val_x = batch_val[0]
          batch_val_y = batch_val[1]
          batch_val_x = batch_val_x.reshape(-1, input_step, input_size)
          s_test = sess.run(summ, feed_dict={x: batch_val_x, y: batch_val_y})
          writer_test.add_summary(s_test, i)

      # Reporting accuracy every 100 steps
      if (i % n == 0) or (i == HM_STEPS - 1):
          cost, train_accuracy = sess.run([xent, accuracy],feed_dict={x: batch_x, y: batch_y})

          batch_val, index_in_epoch_val = create_mini_batches(x_val, y_val, batch_size_val, index_in_epoch_val)
          batch_val_x = batch_val[0]
          batch_val_y = batch_val[1]
          batch_val_x = batch_val_x.reshape(-1, input_step, input_size)
          test_cost, test_accuracy = sess.run([xent, accuracy], feed_dict={x: batch_val_x, y: batch_val_y})

          # If there is an improvement in validation accuracy and cost
          # This step prevents overtraining
          if test_accuracy >= best_test_accuracy and test_cost <= val_cost:
              val_cost = test_cost
              # Update the best-known validation accuracy
              best_test_accuracy = test_accuracy

              # Set the iteration for the last improvement to current
              last_improvement = total_iterations

              # Save all variables to file
              saver.save(sess, os.path.join(current_model_path, "model.ckpt"), i)

              # A string to be printed below, shows improvement found
              improved_str = "*"
          else:
              # An empty string to be printed below, shows no improvement found
              improved_str = ""

          # Print status
          myPrint(
              'Step: ' + str(i) +
              '\tTrain_acc:' + str('%.4f' % train_accuracy) + ' |' +
              '\tPercentage complete:' + str('%.2f' % ((float(i) / HM_STEPS) * 100) + '%') + ' |' +
              '\thparam run ' + str(run) + '/' + str(total_runs) + ' |' +
              '\tCost:' + str('%.4f' % cost) + ' |' +
              '\tVal_cost:' + str('%.4f' % test_cost) + ' |' +
              '\tVal_acc:' + str('%.4f' % test_accuracy) + " " + improved_str)

      # Checks if no improvement is made
      if total_iterations - last_improvement > require_improvement:
          myPrint("No improvement found in " + str(require_improvement) + " steps stopping program.")

          # Break out of the foor loop.
          break

      # Actual training
      sess.run(train_step, feed_dict={x: batch_x, y: batch_y})

  if Eval:
      # Extracts the best model ckpt
      best_model = tf.train.get_checkpoint_state('{0}{1}'.format(current_model_path, '/'), latest_filename=None)

      # Restore best model
      saver.restore(sess=sess, save_path=best_model.model_checkpoint_path)

      index_in_epoch_test = 0
      hm_steps_test = int(x_test.shape[0] / batch_size)
      y_true_list = []
      y_pred_list = []
      for i in range(hm_steps_test):
        batch, index_in_epoch_test = create_mini_batches(x_test, y_test, batch_size, index_in_epoch_test)
        x_test_x = batch[0]
        y_test_x = batch[1]

        x_test_x = x_test_x.reshape(-1, input_step, input_size)

        y_true_temp, y_pred_temp = sess.run([y_true, y_pred], feed_dict={x: x_test_x, y: y_test_x})
        y_true_list.extend(y_true_temp)
        y_pred_list.extend(y_pred_temp)

      (tAcc_temp,
       UMS_temp,
       VT_Sen_temp,
       VF_Sen_temp,
       AS_Sen_temp,
       PR_Sen_temp,
       PE_Sen_temp,
       VT_PPV_temp,
       VF_PPV_temp,
       AS_PPV_temp,
       PR_PPV_temp,
       PE_PPV_temp,
       cm) = \
          evaluate(y_true_list, y_pred_list, x_test)

      myPrint(cm)

      # Ending time
      end_time = time.time()

      # Difference between start and end-time
      time_diff = end_time - start_time

      # Print time-usage
      myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
      sess.close()
      return tAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
             VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp

  else:
      # Display best run
      myPrint("Best test result = " + str(best_test_accuracy) + " in step: " + str(last_improvement - 1))

      # Ending time
      end_time = time.time()

      # Difference between start and end-time
      time_diff = end_time - start_time

      # Print time-usage
      myPrint("Time used this run: " + str(timedelta(seconds=int(round(time_diff)))))
      last_improvement_test = last_improvement - 1
      sess.close()
      return best_test_accuracy, last_improvement_test, hparam, run
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some_functions.py

from scipy.io import loadmat
import numpy as np
import tensorflow as tf
import math
import h5py
from pandas_ml import ConfusionMatrix


def load_dataset(X_train_file, y_train_file, X_test_file, y_test_file):
    X_train = loadmat(X_train_file)['s_ecg_train']
    y_train = loadmat(y_train_file)['s_ecg_train_label']
    X_test = loadmat(X_test_file)['s_ecg_test']
    y_test = loadmat(y_test_file)['s_ecg_test_label']
    return X_train, y_train, X_test, y_test


def load_dataset_BIG(X_train_file, y_train_file, X_test_file, y_test_file):
    X_train = np.swapaxes(h5py.File(X_train_file)['s_ecg_train'], 0, 1)
    y_train = loadmat(y_train_file)['s_ecg_train_label']
    X_test = np.swapaxes(h5py.File(X_test_file)['s_ecg_test'], 0, 1)
    y_test = loadmat(y_test_file)['s_ecg_test_label']
    return X_train, y_train, X_test, y_test


def shuffle_data_set(X, y):
    idx = np.random.permutation(X.shape[0])
    X = X[idx, :]
    y = y[idx, :]
    return X, y


def create_mini_batches(inputs, labels, mini_batch_size, index_in_epoch):
    start = index_in_epoch
    index_in_epoch += mini_batch_size

    if index_in_epoch > inputs.shape[0]:
        # Finished epoch
        inputs, labels = shuffle_data_set(inputs, labels)

        # Start next epoch
        start = 0
        index_in_epoch = mini_batch_size

    end = index_in_epoch
    batch = inputs[start:end],labels[start:end]
    return batch, index_in_epoch



def create_validation_set(X, Y, num_to_extract, shuffle):
    if shuffle:
        X, Y = shuffle_data_set(X, Y)
    X_train = X[num_to_extract::]
    y_train = Y[num_to_extract::, :]
    X_val = X[0:num_to_extract, :]
    y_val = Y[0:num_to_extract, :]
    return X_train, y_train, X_val, y_val


def fc_layer(data_input, size_in, size_out, act_func,name="fc"):
  with tf.name_scope(name):
    w = tf.Variable(tf.truncated_normal([size_in, size_out], stddev=1/math.sqrt(float(size_in))), name="W")
    b = tf.Variable(tf.constant(0.1, shape=[size_out]), name="B")
    pre_activate = tf.matmul(data_input, w) + b

    if act_func == 'RELU': # ReLU for deep networks
        act = tf.nn.relu(pre_activate)
    elif act_func == 'RELU6':
        act = tf.nn.relu6(pre_activate)
    elif act_func == 'TANH': # hyperbolic tangent for shallow networks (less than 3 hidden layers)
        act = tf.tanh(pre_activate)
    else:
        raise ValueError

    tf.summary.histogram("weights", w)
    tf.summary.histogram("biases", b)
    tf.summary.histogram("activations", act)
    return act


def conv_layer(data_input, filters, act_func, padding, max_pool, name="conv"):
  with tf.name_scope(name):
    if act_func == 'RELU': # ReLU for deep networks
        act = tf.nn.relu
    elif act_func == 'RELU6':
        act = tf.nn.relu6
    elif act_func == 'TANH': # hyperbolic tangent for shallow networks (less than 3 hidden layers)
        act = tf.tanh
    else:
        raise ValueError

    conv = tf.layers.conv1d(
        inputs=data_input,      # Tensor input
        filters=filters,        # Integer, the dimensionality of the output space (i.e. the number of filters in the convolution).
        kernel_size=2,          # An integer, specifying the length of the 1D convolution window.
        strides=1,              # An integer, specifying the stride length of the convolution.
        padding=padding,        # One of "valid" or "same" (case-insensitive).
        activation=act)         # Activation function. Set it to None to maintain a linear activation.

    if max_pool:
        return tf.layers.max_pooling1d(conv, pool_size=2, strides=2, padding=padding)
    else:
        return conv


def multi_rnn_layer(data_input, size_in, size_out, num_layers, dropout, forget_bias, name="rnn"):
    with tf.name_scope(name):
        w = tf.Variable(tf.truncated_normal([size_in, size_out], stddev=0.1), name="W")
        b = tf.Variable(tf.constant(0.1, shape=[size_out]), name="B")

        # https://research.google.com/pubs/archive/43905.pdf peephole
        # Defining the cell
        cell = tf.contrib.rnn.LSTMCell(num_units=size_in, forget_bias=forget_bias, use_peepholes=True)
        # tf.contrib.rnn.DropoutWrapper (adding dropouts: (cell, input_keep_prob=1, output_keep_prob=1.0))
        cell_dropout = tf.contrib.rnn.DropoutWrapper(cell, output_keep_prob=dropout)
        # Stacking rnn cells
        stack = tf.contrib.rnn.MultiRNNCell([cell_dropout] * num_layers)
        # The second output is the last state and will not be used
        output, _ = tf.nn.dynamic_rnn(stack, data_input, dtype=tf.float32)
        # Reshaping to match weights and bias
        output = tf.reshape(output, [-1, size_in])

        # Summaries for tensorboard
        tf.summary.histogram("weights", w)
        tf.summary.histogram("biases", b)
        tf.summary.histogram("outputs", output)
        return tf.matmul(output, w) + b


def rnn_layer(data_input, size_in, size_out, input_step, dropout, forget_bias, name="rnn"):
    with tf.name_scope(name):
        # Prepare data shape to match `rnn` function requirements
        # Current data input shape: (batch_size, n_steps, n_input)
        # Required shape: 'n_steps' tensors list of shape (batch_size, n_input)
        # Permuting batch_size and n_steps
        data_input = tf.transpose(data_input, [1, 0, 2])
        # Reshaping to (n_steps*batch_size, n_input)
        data_input = tf.reshape(data_input, [-1, size_in])
        # Split to get a list of 'n_steps' tensors of shape (batch_size, n_input)
        data_input = tf.split(data_input, input_step, 0)

        w = tf.Variable(tf.truncated_normal([size_in, size_out], stddev=0.1), name="W")
        b = tf.Variable(tf.constant(0.1, shape=[size_out]), name="B")

        # lstm_cell = tf.contrib.rnn.BasicLSTMCell(size_in, forget_bias=forget_bias, activation=act_func)
        # https://research.google.com/pubs/archive/43905.pdf peephole
        lstm_cell = tf.contrib.rnn.LSTMCell(size_in, forget_bias=forget_bias, use_peepholes=True)  # activation=act_func
        # Adding dropouts: (cell, input_keep_prob=1, output_keep_prob=1.0))
        cell_dropout = tf.contrib.rnn.DropoutWrapper(lstm_cell, output_keep_prob=dropout)
        outputs, states = tf.contrib.rnn.static_rnn(cell_dropout, data_input, dtype=tf.float32)

        # Summaries for tensorboard
        tf.summary.histogram("weights", w)
        tf.summary.histogram("biases", b)
        tf.summary.histogram("outputs", outputs)
        # Linear activation, using rnn inner loop last output
        return tf.matmul(outputs[-1], w) + b


def make_hparam_string(network, learning_rate, batch_size, num_layers, dropout, act_func=None, num_fc=None, padding=None, filters=None, hidden_nodes=None, forget_bias=None):
    if padding is None and num_fc is None and act_func is None: # RNN
        return "%s, lr_%.0E, batch_size=%d, num_layers=%d, dropout=%s, for_bi=%s" % \
               (network, learning_rate, batch_size, num_layers, dropout, forget_bias)

    elif padding is None and num_fc is None and filters is None and forget_bias is None: # FNN
        return "%s, lr_%.0E, batch_size=%d, num_layers=%d, dropout=%s, act_f=%s, hid_node=%s" % \
               (network, learning_rate, batch_size, num_layers, dropout, act_func, hidden_nodes)

    else:
        return "%s, lr_%.0E, batch_size=%d, num_layers=%d, dropout=%s, act_f=%s, num_fc=%s, pad=%s, filt=%s, hid_node=%s" % \
               (network, learning_rate, batch_size, num_layers, dropout, act_func, num_fc, padding, filters, hidden_nodes)


def evaluate(y_true_list,y_pred_list, x_test):


    cm = ConfusionMatrix(y_true=y_true_list, y_pred=y_pred_list)

    # Total Accuracy - tAcc (%)
    tAcc_temp = (cm._df_confusion[0][0] + cm._df_confusion[1][1] + cm._df_confusion[2][2] +
                 cm._df_confusion[3][3] + cm._df_confusion[4][4]) / x_test.shape[0] * 100

    # Sensitivity - SEN (%)
    VT_Sen_temp = (cm._df_confusion[0][0] / (
        cm._df_confusion[0][0] + cm._df_confusion[1][0] + cm._df_confusion[2][0] + cm._df_confusion[3][0] +
        cm._df_confusion[4][0])) * 100
    VF_Sen_temp = (cm._df_confusion[1][1] / (
        cm._df_confusion[0][1] + cm._df_confusion[1][1] + cm._df_confusion[2][1] + cm._df_confusion[3][1] +
        cm._df_confusion[4][1])) * 100
    AS_Sen_temp = (cm._df_confusion[2][2] / (
        cm._df_confusion[0][2] + cm._df_confusion[1][2] + cm._df_confusion[2][2] + cm._df_confusion[3][2] +
        cm._df_confusion[4][2])) * 100
    PR_Sen_temp = (cm._df_confusion[3][3] / (
        cm._df_confusion[0][3] + cm._df_confusion[1][3] + cm._df_confusion[2][3] + cm._df_confusion[3][3] +
        cm._df_confusion[4][3])) * 100
    PE_Sen_temp = (cm._df_confusion[4][4] / (
        cm._df_confusion[0][4] + cm._df_confusion[1][4] + cm._df_confusion[2][4] + cm._df_confusion[3][4] +
        cm._df_confusion[4][4])) * 100

    # Positive predicted value - PPV (%)
    VT_PPV_temp = (cm._df_confusion[0][0] / (
        cm._df_confusion[0][0] + cm._df_confusion[0][1] + cm._df_confusion[0][2] + cm._df_confusion[0][3] +
        cm._df_confusion[0][4])) * 100
    VF_PPV_temp = (cm._df_confusion[1][1] / (
        cm._df_confusion[1][0] + cm._df_confusion[1][1] + cm._df_confusion[1][2] + cm._df_confusion[1][3] +
        cm._df_confusion[1][4])) * 100
    AS_PPV_temp = (cm._df_confusion[2][2] / (
        cm._df_confusion[2][0] + cm._df_confusion[2][1] + cm._df_confusion[2][2] + cm._df_confusion[2][3] +
        cm._df_confusion[2][4])) * 100
    PR_PPV_temp = (cm._df_confusion[3][3] / (
        cm._df_confusion[3][0] + cm._df_confusion[3][1] + cm._df_confusion[3][2] + cm._df_confusion[3][3] +
        cm._df_confusion[3][4])) * 100
    PE_PPV_temp = (cm._df_confusion[4][4] / (
        cm._df_confusion[4][0] + cm._df_confusion[4][1] + cm._df_confusion[4][2] + cm._df_confusion[4][3] +
        cm._df_confusion[4][4])) * 100

    UMS_temp = 1 / 5 * (VT_Sen_temp + VF_Sen_temp + AS_Sen_temp + PR_Sen_temp + PE_Sen_temp)

    # # cm_data = cm.stats_class.get_values()
    # # cm_data_overall = list(cm.stats_overall.values())
    #
    # # # Total Accuracy - tAcc (%)
    # # tAcc_temp = cm_data_overall[0] * 100
    # #
    # # # Sensitivity - SEN (%)
    # # VT_Sen_temp = cm_data[9][0] * 100
    # # VF_Sen_temp = cm_data[9][1] * 100
    # # AS_Sen_temp = cm_data[9][2] * 100
    # # PR_Sen_temp = cm_data[9][3] * 100
    # # PE_Sen_temp = cm_data[9][4] * 100
    # #
    # # # Positive predicted value - PPV (%)
    # # VT_PPV_temp = cm_data[11][0] * 100
    # # VF_PPV_temp = cm_data[11][1] * 100
    # # AS_PPV_temp = cm_data[11][2] * 100
    # # PR_PPV_temp = cm_data[11][3] * 100
    # # PE_PPV_temp = cm_data[11][4] * 100

    return tAcc_temp, UMS_temp, VT_Sen_temp, VF_Sen_temp, AS_Sen_temp, PR_Sen_temp, PE_Sen_temp, \
               VT_PPV_temp, VF_PPV_temp, AS_PPV_temp, PR_PPV_temp, PE_PPV_temp, cm






__MACOSX/._some_functions.py
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The main script, specify parameters such as network structure, log directory, and

dataset. The script creates a log directory and stores tensorboard and models in

subdirectories. The code then runs either with different hyperparameters or evaluate

specific models as described in section 3.2. Main.py is visualized in figure 3.4

some functions.py

A script that contains functions as:

• load dataset

• load dataset Big

• shuffle data set

• create mini batches

• create validation set

• fc layer, creates a fully connected layer

• conv layer, creates a convolutional connected layer

• multi rnn layer, creates n-deep layer consisting of LSTM cells

• rnn layer, creates 1 layer consisting of LSTM cells

• make hparam string, creates a hyperparameter string

FNN ECGdata.py, CNN ECGdata.py, RNN ECGdata.py

Script to create and train FNN, CNN, RNN model(s), and shuffles the dataset and cre-

ates validation set. It then creates cost functions and training optimizers. In addition

to creating file writers to store data to be able to visualize the network and its content

in tensorboard1. The model is then trained for the specified amount of epochs and

stores the best model and does an early stopping as explained in section 2.2.4. The

model can either train on different hyperparameters or evaluates on the test data and

calculates the performance of a confusion matrix as described in section 3.2.3.

eval.py

This script loads a previously saved model without creating the network structure and

evaluates its performance. The code can also be rewritten to use the best model as a

classifier. This code has not been used in the final process in results but is added for

future work.

B.2.1 Prerequisites

To be able to run the code in Python, the following libraries needs to be installed.

• python v.3.5

• tensorflow

• os

• datetime, time, logging

1See Appendix B.2.2 for details
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• numpy

• pandas ml

• math

• h5py

B.2.2 TensorFlow

The fastest growing open source software library for machine learning is developed by Google

and are called TensorFlow. ”TensorFlow is an interface for expressing machine learning algo-

rithms, and an implementation for executing such algorithms”[27]. It was originally designed

to meet Google’s need for systems capable of building and training neural networks to meet the

requirements of creating advanced machine learning tools. Such as speech recognition systems,

computer vision, text analytics, and search. It’s a software that is both used for research and

production and is created such that it’s easy to go from research to implementing it directly into

products without having the need to rewrite code. The networks constructed in TensorFlow can

be run on GPU for faster training.

Tensoboard

In addition, TensorFlow comes with a so-called flashlight to the black box hidden layers are in

neural networks, called tensorboard. Tensorboard gives information about the network such that

it’s possible to visualize the code. This can be seen in figure B.3 and B.3. Tensorboard makes

it possible to see weights, biases being trained and various other important elements.
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Figure B.2: Tensorboard’s visualization of the best CNN network structure
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Figure B.3: Tensorboard’s visualization of the best CNN network structure, where some boxes
are opened for details
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