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ABSTRACT
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Master of Science Thesis
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This thesis presents the advantages of a flexible, scalable machine learning system that can
be merged into cloud systems. The ones capable of offering computer system resources over the
internet. The main objective of the thesis consists of providing to Neuro Event Labs a solution to
generate machine learning classifier models in a short execution time, capable of increasing the
accuracy over existing company baseline model.

The developed solution is capable of training a binary classifier models with different param-
eters and is able to handle large amounts of input data. The creation of a new binary classifier
models is done by running a single model training script.

The results of creating a new classifier training implementation show a reduced execution time
when creating a model by optimizing the processing of the data and automating the generation
of a model. Comparing the current model used by the company against the new binary classifier
model shows improvement. This improvement consists of reduction of the amount of false-positive
events across several patients.

The work of this thesis demonstrates that an adaptable system for training binary classifiers
reduces the amount of training time and generates stable models by reducing the number of
false-positive epilepsy seizure detection events.

Keywords: Machine learning, Amazon Web Services, comparison, epilepsy, running time, false
positive, docker, binary classifier
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1 INTRODUCTION

Health tech businesses focus on helping the health sector by incorporating new tech-
nologies. The way machine learning is taking place in this new business involves medical
data, and data collection from hospitals and research teams. With access to this medical
data representing patients with different conditions, machine learning tools can detect
patterns, generating a model capable of detecting abnormal behavior on patients. Some
utilities can be as simple as a detection of abnormal shadows in a X-RAY image and
make the doctor alert to see where the abnormality is. The models would simplify the
doctor’s workload by providing more information that can make them focus on a better
solution for the patient instead of wasting time on detecting the anomalies. However, new
businesses are focusing on providing the health sector ways of optimizing their workload
by providing with the necessary technological tools. Neuro Event Labs is a clear example
of these companies, which facilitate the work of doctors to analyze patients with epilepsy.

However, since this is a new industry area the amount of incoming data to be processed is
constantly increasing, which creates the need of new and more accurate models in order
to generate better inference for new incoming information. In order to save a huge amount
of incoming data without presenting danger of losing data, they can be stored into cloud
systems. As a consequence the companies need to automate the generation of machine
learning models. In order to always process with the most updated version of a classifier
model, avoiding the need of more hardware resources capable of performing the training
and generation of a new model with a huge amount of data. Providing a solution to train
a machine learning model in the cloud gives the option to companies to generate new
models with different parameters with a faster implementation into the production side of
the company. This is the case of Neuro Event Labs company, which started with a simple
statistical model to detect the appearance of epilepsy seizures. Now the company needs
to develop better machine learning models with the new incoming data, in order to help
the doctors and nurses to evaluate the seizures of the patients.

Neuro Event Labs company was founded in 2015 with the objective to help patients with
epilepsy by facilitating doctor’s work. The company provides the service of a non-invasive
medical device to hospitals and patients, which is capable of detecting the appearance
of epilepsy seizures. The service provided by the company consists of a video recording
with an infrared camera of the patient, during night or daytime, and hands out these
videos to trained nurses who can watch the video and where the appearance of a seizure
is. By analyzing these videos, the nurses generate annotations files that contain the



information of the seizure they identified to proceed and handle these annotations to the
doctor in order to assess the seizure and proceed with medication. The optimization work
offered by Neuro Event Labs company will be explained in Section 2, which consists on
shortening the time spent by the nurse in watching the whole videos of a patient, by
just watching the videos with possible appearance of seizure. As mentioned above the
amount of incoming data is constantly increasing, making the need for new machine
learning models to detect the appearance of an epilepsy seizure. Therefore the need
of an efficient training system. This thesis aims to provide a solution for this need to
Neuro Events Labs in order to generate machine learning models that are capable of
reducing the amount of false positives detection of epilepsy seizures. Training the models
with different parameters and increasing the data, in order to increase the accuracy of
detecting the appearance of epilepsy seizures. In order to accomplish this work, this
thesis is divided into different sections.

First, Section 2 presents the necessary background to understand the work of the thesis
and its objective. Section 2.1 provides an explanation to the terminology of epilepsy and
a brief description of this disorder, as the different types of motor seizures are presented
for this disorder. Section 2.2 presents the focus and needs of the company Neuro Event
Labs of having an online binary classifier training system. To then proceed to Section
2.3 explaining the information necesary to generate a new machine learning model, pre-
senting the definition of the data, the classifiers, features, and metrics to evaluated the
performance.

Section 3 introduces the resources that provide the ability to integrate machine learning
and cloud computing systems. First by explaining the current implementation and their
weak point in section 3.1. In order to proceed an introduce and explain these two areas,
machine learning and cloud computing systems in Section 3.2, and then explaining the
current companies available to provide this integration. This background will give the set
up to understand the changes needed for creating a new model. Presenting in Section
3.3 description of Docker that is used by the current companies mentioned in Section
3.2. Besides it will present the weakness of the current implementation followed by the
company in Section 3.4 and the changes implemented in order to have a suitable solution
for the thesis objective.

Section 4 presents an analysis of the new implementation results against the current
implementation of the company. This is done by presenting a comparison of the current
machine learning models with the new machine learning models. Consisting of analyzed
the running time of generating a new model and the accuracy and variation of finding a
standardized threshold capable of reducing the amount of false-positive appearance of
epilepsy seizures.

Finally, we will conclude the work by analyzing the benefits of implementing a more flexi-
ble training tool capable of being deployed into a cloud system.



2 THEORETICAL BACKGROUND

2.1 Epilepsy information

The following section presents information about what epilepsy is as well as the seizure
types presented in a patient, followed by the biomarkers that represent them.

Epilepsy is a neurological disease with different effects in children and adults. This neu-
rological disorder is capable of causing unusual behaviors and movements of the person
for a certain amount of time [10]. These unusual behaviors are classified as seizures
after the same kind of behavior is observed several times is possible to determined to be
an epileptic seizure, or a different kind of neurological disorder.

Epileptic seizures can be classified into three categories: generalized taking place in
both part of the brain, focal limited to a certain part of the brain, and epileptic spasms
occurs by sudden extention or flexion of body parts it can be in a huge movement or
small movements like shaking the hands, without good knodledge if affects both sides of
the brain. The seizures can start by being one kind of type, for example, focal and then
develop into a generalized seizure [32]. Another definition given to a focal seizure is motor
or not motor seizure to differentiate when a seizure involves some physical movement
and when it does not. There are several sub-types of seizures for focal seizure and
generalized seizures. In the case of the generalized seizures, the sub-types can be,
tonic-clonic, clonic, tonic, myoclonic, and absence seizure. For the company matters,
and this thesis work, the seizures used are generalized types of motor seizures, which
are explained in detail next.

2.1.1 Clonic

Clonic seizure starts in one area of the brain as a focal seizure and then extends to other
parts. This seizure provokes the person to have jerking moves, followed by stiffening
making the patients in some cases fall [5].

2.1.2 Tonic

Tonic seizure affects both brain sides during the sleeping time of patients. In this case
the patient could go stiff in a different part of their body, some contractions in their voice
box producing the sound of crying [36]. This differentiates from the clonic seizure since it



doesn’t present any jerking or movement beside the stiffening.

2.1.3 Tonic-Clonic

This kind of seizure is composed of the two sub-types of focal seizure, tonic, and clonic. It
starts by the tonic phase where the person gets stiff and can produce some noises similar
to crying or breath taking [36], after this the person presents some jerking movements
and spams making the person move from several parts of their body, especially arms and
legs.

2.1.4 Myoclonic

These seizures consist of sudden and fast movements that look like a small shock and in
some cases can be confused with spams, and as it can affect several muscles and not
be in one part of the brain can be classified as generalized or focal seizure [32].

2.1.5 Hypermotoric

These seizures are characterized by large and big movements of the patient, in some
cases when the person is laying down on the bed the seizure can provoke the patient to
stand up and lay down again for several seconds in some cases minutes [38].

2.2 Neuro Event Labs

Neuro Event Labs is a company founded with the mission of helping doctors with the tools
of computer vision and machine learning to understand more the situation of epileptic
patients. The main focus of the company is to record them during a specific time and
based on these videos produce information that can help the doctors to determine the
types of seizure a patient has and continue with their treatment. The product of the
company consists of a device to record the patients and a monitoring page where the
nurses can watch the videos from different patients and annotate what seizure they had
and add information about what kind of movements or notes about the seizure for further
analysis. These videos can be captured in the home of the patients or in some hospitals
by an infrared camera which can record also in the darkness.

Most of the recording of the patients is done during their sleep where the videos can
be between 8-10h. During their sleep, many seizures or none can be present. Nurses
watch the videos and annotate the seizure time and type or if another movement than
seizure was present. This annotation consists of a digital register with the information of
the seizure, the time when it occurs, the type of seizure it was, and more description that
can help to understand the seizure. This is a heavy workflow that is being automated
from the side of Neuro Event labs. The automation consists of obtaining signals from



the video indicating different bio-markers of a seizure as movement or sound. Based on
the signals extracted from the videos the techniques of machine learning are applied in
order to generate statistical [8] representation of classified data, in other words, a model
classification. In this case, since the company detects the presence of a seizure or not it
used a binary classifier model. By this inference, the workflow of the nurse is reduced to
the inference events consisting of small videos. Annotation work can be scoped to only
this possible seizure indicating the true positive events.

Some of the monitored patients give their permission to the company to use their videos
for research purposes. These are used to understand the indicators factors of a seizure
and capable of being processed with computer vision tools. With these tools, some sig-
nals are obtained in order to feed the training of a binary classifier model. These patient
videos are processed in order to obtain different signals and uploaded them into a S3
bucket. An S3 bucket is a container for different objects stored in Amazon Web Services
[40].

Since it is a company still developing and researching, the signals extracted to train a
model where obtained from a reduced number of patients that concede their consent to
using their data for research purposes. With this small number of patients, the signals
obtained to fed the models were not robust enough, making the binary classifier model
with low accuracy creating a heavy workflow as presented in Figure 2.1. However now the
number of patients giving permission to use their monitoring periods is increasing, in the
same way of needing more accurate models. This makes necessary to have a solution
where new binary classifier models can be generated and deployed faster. At the same
time with the option of increasing the amount of data, where the training process can be
executed faster with easy access to the data set. This makes it also easier to deploy a
model to the cloud with more accessibility to generate inferences for unseen patients.
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Figure 2.1. Workflow performed to obtain a new model. GT refers to ground truth

2.3 Detecting epilepsy seizure

In the following section it will be presented the steps followed to detect an epilepsy seizure
with an existing binary classifier model.

2.3.1 Machine learning in epilepsy field

As we mention in the introduction machine learning is taking a big role in the health area,
for this reason, there is some methodology of machine learning involved in the epilepsy
area. In this section we will give a brief summary of some of the techniques that are now
taking part in the integration of machine learning in the detection of epilepsy seizures.

The way epilepsy can be seen and have been analyzed from different points of view is
from an electroencephalogram (EEG). The EEG consists of multiple sensors connected
to the head of the person and then to the computer. This tracks and records the brain
wave patterns [20]. From this wave pattern, several types of research have been used
to create different approaches to detect the seizures avoiding the hard work of interpret-



ing the EEG by nurses or doctors. One example of the approaches is present in the
paper of Automatic Epileptic Seizure Detection Using Scalp EEG and Advanced Artifi-
cial Intelligence Techniques [11] where they extract the Fourier Transform, median, peak,
sample entropy, the sum of the squared magnitude, correlation dimension, skewness,
and kurtosis. These features are fed to different classifiers in order to obtain the correct
classification.

As using EEG to detect epilepsy seizures there are other investigations taking place, the
only problem is that limits the movement of the patient since they have to wear the device
when is sleeping or in their daily activities. The difference with Neuro Event Labs service
is a non-invasive technology that provides more mobility to the patient since the camera
is placed just above the bed giving more liberty to the user to move.

2.3.2 Data format

Since epilepsy disorder has already been explained, same as the company background,
in the following section, we will proceed to explain the data currently available for use in
the company Neuro Event Labs, and data format.

Once a patient video is recorded, it is uploaded to the dashboard where the nurses can
watch them and add the annotations for seizure type, start and end times. Also, these
videos are downloaded and processed by computer vision tools where the following sig-
nals are obtained and stored in a file with the timestamp of when the signal was detected,
so then it can be seen easily if the movement was part of a seizure or not.

Signals extract from videos

Audio scalar

This signal is composed of different audio features extracted by the library LibXtract.

[19]
— RMS amplitude(Root mean square — Kurtosis
amplitude) — Sum
— Variance — Spectral Centroid
— HPS(Harmonic product spectrum) — Spectral variance
— Sharpness — Spectral Standard Deviation
— Loudness — Spectral Skewness
— Mean — Spectral Kurtosis
— Standard Deviation — Spectral Inharmonity
— Average Deviation — Spectral Slope

— Skewness — lIrregularityK



— lrregularityd — Flatness
— ZCR(Zero crossing rate) — Tonality
— Roll off — Fail safe FO

Each of these values are obtained per frame and concatenated together into a file
conforming the output of the signal as a single file. File composed by a vector xa
generated as

xa;(t) = FA;(s(t))
1=0,...,N—1. N = number of audioscalar features listed previously. (2.1)

t=0,..T—1. T = number of frames.

where FA (features of audioscalar), correspond to the list of features define in the
previous list and s correspond to the complete signal.

Bgnsubtract

A foreground mask obtained by applying a background/foreground segmentation
algorithm [23]. Making this signal compose of one intensity value per frame. Gen-
erating as a final output a vector define as

xb(t) = intensity_foreground(s(t))

t=20,..T—1. T = number of frames.

Dynamic image

Calculate dynamic images based on [3], where the dynamic images represent the
motion content of the video frames into a single image.

Oscillation

An element conform for three different movement histograms, oscillation, velocity,
and acceleration. The oscillation histograms consist of the detection of directional
changes of input optical flow data vectors during a specified time interval[24, 31].
Making the output composed of 12 different files for each input video. Each output
is the value of the directional changes according to a determined threshold that
indicates how much the angle of direction has to change to be calculated.

Audio classifier (screamdetector)

This element is based on the inference of a trained CNN model to detect screams
and cryings sounds on a video, created by the company Neuro Event Labs. It
conforms the output of each video a vector consisting of values between 0.0 and
1.0 indicating per frame the presence of a scream or cry.



Soundvolume

Max absolute value of the sound magnitude of a frame from the video.

Each of these signals is processed from the video obtaining one value per frame and
save them into files with the name as the timestamp when the signal is recorded and the
type of signal, with the purpose of easier further analysis and process to identify when
the signal occurs. The information of these signals can highlight different characteristics
of the seizures of the patients. For example, when a patient is presenting a clonic seizure
it can have more movement then the variation of the signal of oscillation is giving this
kind of information related to a clonic seizure. Also, it can be the case where the patient
presents movement and screaming factors making them correlated with biomarkers of a
tonic-clonic seizure.

Events from signals

From some of these signal’s events are generated in according to a determinate threshold
so when the signal z;(¢) is above the threshold it counts as an event, i.e, x;(¢t) > T'H then
mark that event at time ¢ saving the information of

Beginning of the event in timestamp format.

Beginning Date in format Year-Month-Day Hour-Minute-Seconds.

End of the event in timestamp format.

Magnitude value of the signal in the time the event is marked.

Maximum magnitude of the signal in the time the event is marked.

Minimum magnitude of the signal in the time the event is marked.

into a JSON file. These JSON files concatenates all the events found in all the signal from
the whole period of video process. The magnitude values correspond to the values per
frame, calculated from the video according to each signal. In the case of the bgnsubtract
signal four types of events are generated, which provide relevant information of the move-
ment of the video. These events are classified as bgnsubtract_high_fps_diff noticeable,
bgnsubtract_high_fps_large, bgnsubtract_high_fps_noticeable, bgnsubtract_low_fps_large,
and bgnsubtract_low_fps_noticeable. In the case of the oscillation signal only one event

is generated denominated as oscillation_large.

Annotations

Each patient video that has been recorded and processed through the pipeline to obtain
the signals and events explained above, has also an annotation file that indicates which
type of seizure is present. These annotations have been changed through the finding of
new factors that can help to identify a seizure. However, the main factors composing an
annotation are:
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¢ |ID of the seizure event, generated automatically and in a unique integer format for
each seizure event for each patient.

e Begin of the seizure event in timestamp format.

e End of the seizure event in timestamp format.

e Type of the seizure event in bit format.

e Classification of the event if is a seizure, non-seizure or what type of file it is.

¢ Analysis of how the annotation was created.

e Text notes of the event.

o Metadata this section is composed of a group of information corresponding to the
descriptors of the seizure event.

These annotations are classified by the nurses according to the types of motor seizures

e Tonic.

e Clonic.

¢ Tonic-Clonic.
e Spam.

e Myoclonic.

¢ Unclassified.
e Hypermotoric.
e Irrelevant.

e Unrelated.

2.3.3 Algorithm to detect epilepsy seizure

This section explains the existing company algorithm, used as baseline. First step to un-
derstand and identify seizures was to analyze each of these signals and visualize them.
With this process, it was possible to see how the representation of the signals can be indi-
cators of a determinate seizure. Since the combination of signals can indicate a seizure
the approach needed to detect a seizure is to train a classifier model that receives as
input the signals and the annotations. The approach is to create a model for each one
of the types of motor seizures in order to create a binary classification system capable
of detecting how similar a seizure event detect from a video is for a determinate type of
seizure, for example, a Tonic seizure or a Clonic. The purpose of this classifier model
system is to provide a rating value for each model. By having for input the signals ob-
tained from a recording video and a annotation file indicating possible events then by
output generated with the binary classifier models a findings file containing the seizure
event with the beginning and end of each of this one. Then proceeded to concatenate all
the events and assigning its rating value for each event generated by the inference of the
model and according to this ratting value provide the type of seizures that describe the
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event. For example if the inference was run using a model that detects clonic seizures
and one that detects hyperkinetic seizure. The output file should contain the information
of the beginning of the event, end of the event, inference magnitude value obtain from
model clonic and inference magnitude value obtain from model hyperkinetic. In this case
by running the events for just to models then it easier to see if for model clonic the infer-
ence value was of 0.98 and for hyperkinetic the value was 0.50 then the seizure can be
classified as clonic.

Model training process needs to work in the following way, first is expected to read the
annotations and according to the type of seizure, desire to create an epilepsy model
mark these ones as positive samples in order to make the binary classification training of
negative and positive events only.

Since the seizures are not from the same length, there is a need to standardize a window
length so all the events fed to the training of a model will be with the same length. The
approach to standardize this length is to choose a base event, from the events generate
in the pipeline, and explain in Section 2.3.2, which represents most of the movement on
the frames and highlights the possible events of the video recording. From this base
event, sample windows of a fixed length are created, that represent the seizure length
in a fragment it way making all the events with the same length. Meaning if a seizure
event is of 40 seconds length and the window size is of 20 seconds the samples obtain
from this seizure event are two, making these two events the ones feed it to the binary
model classifier. Once the windows samples are extracted with their beginning time and
end time it searches for the signals, from Section 2.3.2, that match during this window
sample, and append it to this window. This in order to have all the signals and events
in the same time series format so the classifier can work correctly by grouping these
values. However, since the values of the signals are in a vector raw form, some extra
data is needed to obtain features capable of describing all of these signals in order to be
able to feed them to a classifier and learn from this.

From the signals and events that have been extracted from each video, a statistical cal-
culation will be extracted from them in order to represent them better and understand the
difference between each other. Once the features are in the correct format the annota-
tion label of positive or negative sample is matched to each sample. This in order to be
able to feed the binary classifiers and run the training model system using a k-fold cross
validation grouped according to the patients. Meaning used some patients for testing and
others for training.

2.3.4 Feature selection

In order to obtain relevant information from the signals and events mentioned in Section
2.3.2 some features are necessary to extract in order to use them as input for the training
of a binary classifier model according to the algorithm described in Section 2.3.3. The
signals obtained from each video are raw data series of float numbers, from which it is
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necessary to find some features from this time series that make a high representation of
their characteristics in order to find some good cluster at the moment to do the classifica-
tion models.

The features chosen to be extracted from the series are based, first in the relevance of
the most common statistical calculations which can give an understanding of the data in
a more general way. On the other hand, other features are selected more in accordance
with the shape of the data and based on the reference of the library tsfresh [37] that
extracted features for large time series. Based on statistical research some of these
features were selected to represent the variance of the data in order to generated clusters
that distinguish the differences of the motor seizures. The extraction of these features is
gathered in the vector f as:

f= [, X, 02, per_u, per_mid, Skew, Kurtosis, oz, |energy|, Peaks] (2.3)

Mean

Average of the number to understand a central tendency of the values of the data [7, 21].

1 N
n=wN ; . (2.4)

N =Number of elements contained in the signal vector.

Median

Representation of the central value of the sorted data [7].

(V-1

[x = sorted,| ] (2.5)

Variance

The spread between the numbers in the data. How different is the number between each
value in the data.

Z(%‘ - M)2
f y — =1
v N
Quantile

Quantiles normally represent the data according to certain divisions in the sorted data,
in this case, it obtains the value in the data that is 95% above the rest of the data [7].
For features of each signal is calculated using the function predefined by NumPy quantile
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[39].

Percentage above the mean

Percentage of raw data above the mean. Calculate as:

count(z; > )

foer = ——"5— (2.7)

Percentage above the midpoint

Percentage of the data above the midpoint. The midpoint is calculated as

Q1+ Q3 (2.8)

mid_point = 5

With the value of the midpoint the percentage above this is calculated as

count(x; > midyoint
fper_mid = ( N P ) (29)

Skew

Determines the lack of symmetry of the data [22]. It is calculated using the module
scipy.stas.skew [39] that follows the formula of Fisher-Pearson coefficient of skewness

f o kg o N(N*l) ms
Skew—k?)% - N —9 m3%

(2.10)

Kurtosis

Identify if the tails of the distribution have extreme values [22]. Calculated following the
predefined function of scipy stats [39]

fKurtosis = = (21 1)

Standard error of the mean
Representation of the accuracy of the mean to represent all the data following the function

definition in SciPy stats [39].

Jos (2.12)

=
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Absolute energy

The sum of the square values from the time series [14, 26].

N
f|ener‘gy| = Z xiz (21 3)
=1

Peaks

In the visualization of the signals, some present a distinguishing factor when it is a seizure
in the video. For example, the sound volume it can represent some peaks when the
person presents a seizure generally when the person generates a scream there are some
peaks in the data. Peaks feature helps to recognize if the raw data series contains a peak
or not. In order to obtain the values of the peaks, redefined function of tsfresh is used
[37].

2.3.5 Classifier models

The machine learning techniques to generate the classification of the data consist in
three different techniques: supervised learning, unsupervised learning, and reinforce-
ment learning [6]. Supervised learning consists of using labeled input samples to train a
model. Because it is a technique that depends of a supervisor that input a data with a
respective label, it's a common technique used for creating classification models. In the
case of unsupervised learning, the data provide to this technique doesn’t have any label-
ing and is the job of the algorithm to learn from this data and create the classification and
find the differences [6]. Finally, the other technique of machine learning, reinforcement
learning consists on explore the data and reward each of its values in order to find its
classification without previous learning [33].

Since it was mention previously in Section 2.3.2 the data generated and provide by the
company consist on signals with a label that indicates the type of seizure, for this reason
the most suitable machine learning technique is supervised learning. As the need of
the company consist on having a model for each one of the types of the motor epileptic
seizures the best type of classifiers is the binary classifier. One of the simples but efficient
supervised learning technique is decision trees. In this case it is a fast approach to
implement for the type of data we present that consist of different information that can
provide different clusters and decision trees can determine their correct class [29]. The
classifiers taken into consideration for the implementation of the Section 2.3.3

Random Forest Classifier.

Extra Trees Classifier.

Gradient Boosting Classifier.
XGBClassifier(XGBoost Classifier).
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These classifiers were chosen for the reason that they learn in an intuitive way from the
data and find the interaction between the features.

Random Forest Classifier

This classifier creates a large ammount of decision trees where each one has a
class prediction, generating as result the class with the most votes. This model
protects the variance between inner classes in each tree, it is a fast classifier to help
understand the behavior of the data [4]. In order to use Random Forest Classifier
and tune it to have better accuracy, it presents the following parameters [25]:

— n_estimators: this define the number of trees created in order to group them
at the end to have a result.

— criterion: this define how the data will be split. It consists of two options entropy
and giny. The entropy is chosen since it requires to measures the disorder of
the data.

— class_weight: this adjust the classification error, making the classifying punish
in a higher value.

Extra trees classifier

This classifier is similar to the Random Forest where it generates several decision
trees with the difference that each tree is constructed from the original training sam-
ple. However, the features and the way it slipt the tree in different node is generated
by a random mathematical criterial. For theses characteristics,this classifier was
selected because we know the features we are feeding to our training some have
a huge correlation, but some just bring the noise of the event, so this random split
can find a good correlation between the features. This classifier is not affected at a
high level by these noise features [12, 25]. Preseniting the following parameters:

— n_estimators: number of trees created in order to group them at the end to
have a result.

— criterion: similar to the Random Forest it defines how the data will be split.
It consists of two options: entropy and giny. The entropy is chosen since its
require to measure the disorder of the data.

— class_weight: as it was mentioned above it adjusted the classes in order to
punish harder the classification.

Gradient boosting classifier

This classifier consists in producing a prediction model based on ensemble and as
its name said boosting weak prediction models. Basing the creation of each of their
trees by the AdaBoost classifier creating simply trees where the instances that are
difficult to analyzed assign more weigh [28]. Gradient boosting classifier boost this
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method by minimizing the loss between the actual class and the predicted class.
The gradient boosting classifier was selected by the way of generating the model
that is a workflow process and each tree is created by the knowledge acquired from
the previous one [25], this is a good option to see a comparison between the result
of random forest and this classifier in order to identify how much data is being fitting
to the model since the Gradient boosting does not handle in a good way the noise.
The parameters that define this classifier are the following [25]:

n_estimators: defines the number of boosting stages to perform.

criterion: function to measure how the data will be split. Using for default
the friedman_mse. Corresponding to the mean square error improved by the
Friedman score.

Loss: measure indicating how good the model’'s coefficients are at fitting the
underlying data

Learning rate: adjust the contribution of each tree in order to avoid overfitting.

XGBoost

XGBoost classifiers originated as a way of optimizing the gradient boosting by of-
fering the tools to create different trees in parallel giving training faster and accurate
[25].

— Learning rate: similar to the Gradient boost classifier used to avoid overfitting.

— Booster: it defines the type of booster. The booster determines the type of
learner is going to be used, tree or linear. The options are gbtree correspond-
ing to gradient boost tree, dart that drops trivial trees according to the method
of Vinayak and Gilad-Bachrach, where they drop the trivial trees in order to
solve the overfitting [16].

2.3.6 Evaluation metrics

In order to evaluate the performance of the binary classifier models it is necessary to
calculate some metrics. Since the classifiers presented in the previous section corre-
spond to binary decision trees classifiers one common measure is the receiver operating
characteristic (ROC) curve. This is represented in a graphically way the comparison be-
tween true positive to false-positive rates [29]. However, it is also important to evaluate
the performance of the model not only by the accuracy but by evaluating the sensitivity
vs precision in order to observe how stable the classifier model can be.

One important aspect to take into consideration of the metrics to used to evaluate the
performance of the models is that the data is processed in segment windows making the
calculation of sensitivity and precision in a different and more specific way. In the case of



17

the precision it is calculated as

TP
ision = ——— 214
Precision TP+ ] ( )

where the T'P corresponds to the number of positive events according to a threshold that
hit a real event in the ground truth. Counting only one hit since there are several events
created by the model capable of hit the same annotation, we consider only one hit as true
positive.

Then the FP corresponds to the number of events marked as positive according to a
threshold, but do not hit an event in the ground truth. With this information, the sensitivity
is calculated as
Sensitivity = e (2.15)
Pn

where Pn corresponds to the number of positive events in the ground truth.

Finally, the false-positive rate is the number of events marked as positive according to
a threshold, but that does not hit a real annotation, divided by the number of negative

events of the finding files.

FP
- 2.1
FPR N (2.16)

where N is the number of negative events in the findings file.
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3 RESEARCH METHODOLOGY AND MATERIALS

3.1 Implementation to detect epilepsy seizure

The old process followed by Neuro Event Labs to train a first binary classifier model was
to download the data into a computer. Then process the video into the pipeline in order
to obtain the signals mentioned in section 2.3.2. After this the signals were uploaded to
buckets of S3 so other people of the company could access them and download. Refer
in Figure.3.1

Database with
annotations

Download

obtain signals and events

Save ' Process Save ' Donwload
Vigeo recorded 53 Bucket Container pipeline 53 Bucket
with the scripts to Findings

Data obtain from run the
container pipeline

events files events
File in the format of 2, -
Events Samples and label Calculate features
it XY Save
of positive and of signals and _
negative events *= Features
) & Y=Label
Annotation files 53 Bucket
Features=F Training with with patient data

cross-validation

Signals Samples witl
Signal and N
signals and

Run model

Predictions

Figure 3.1. Process followed by Neuro Event Labs to train a model, with the data repre-
sentation. The vector F corresponded to the features that are going to be calculated from
the signals and events and that are explained in Section 2.3.5.
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Originally, there existed one implementation and workflow to create a model that can
predict seizures for a patient, but this model was trained with 10 patients and few seizures
for each patient. This will be explained in the following section.

Once all the files are available in the computer the preprocessing of the data starts with
different scripts. First, it starts by reading all the signals. The format in which the sig-
nals are stored is different as to how the events are saved and that is why the current
implementation managed them both in a different way, in separate scripts.

First, it starts by processing the signals and saved them into a data-friendly format for
Python. The signals are saved into a pickle zip file as a dictionary of dictionaries. The
main keys of this dictionary are the names of the extracted signals having as a value
a dictionary with the key of the timestamps of the event indicating when the signal is
happening. For each one of these timestamps as keys their values are the float values of
the signals in series format as the Figure 3.2

{ Signal_name : {Timestamp: [values]}
: {Timestamp: [values]}

{ Signal_name_2 : {Timestamp: [\:ralues]}

Figure 3.2. Structure of the signals into the pickle file.
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and because some of the signals are in the format of multiple values into the same file it
split this into one dimensional signal with the label of the original signal and the number
corresponding to the split, for example, the audioscalar signal has 25 values in the same
file so all the following labels are audioscalar_1, audioscalar_2, etc.

Once all the signals are processed into a dictionary they are saved into a pickle file
identified by a patient ID in a folder that will be used for further processing. Then the
following information to be processed is the annotations of seizure made by the nurse
mentioned in Section 2.3.1, that correspons to the ground truth of the training. Since it
was mentioned before the format of the annotations is constantly changing, and because
it depends on the human factor of annotating the exact time of the seizure the times
can be longer than expected. For these issues, the annotations are fixed into a certain
amount of time and taking out the ones that do not have any of the elements mentioned
in Section 2.3.1 that are relevant to identify a positive or negative event. Then all of them
are saved into a data frame in a hd5 file containing the following values

¢ |D: identification of the event.

¢ Patient: ID of the patient which corresponds to the ground truth.
e Begin: starting of the beginning of the event.

e End: end time for the event.

¢ Classification: classifications used for the patient, referring to the information of the
movement type, giving the name according to its ID.

e Type: seizure type represented by an ID that can match with the name according to
the classification. Corresponding to the seizures defined in Section 2.3.1.

e Descriptors: a factor describes the seizure.

¢ Y:indication if it is a positive, negative, or irrelevant event for the training.
After the annotations are processed then the events are read and processed. The events
are the ones generated by the pipeline of computer vision, described in Section 2.3.2,

that according to the signals and some statistical analysis creates these events in JSON
format conformed with:

Timestamp of the beginning of the event.

Begining of the event in the format of year, month, day, and time.

Timestamp of the end of the event.

End of the event in the format of year, month, day, and time.

e Maximum magnitude of the event.

Minimum magnitude of the event.

This information is saved in a data frame in the same way the ground truth is saved, and
it adds the patient ID to identify from which patient the event is stored. With the signals,
events, and ground truth information stored in different files the preprocessing consists of
obtaining samples from this data. This is because the seizures can be from one second
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to 30 seconds, and even more as it was mention in the previous section. As it was men-
tion in Section 2.3.3 the events need to be standarize by a base event and a window size
of 20 seconds. In this case, it is considered the event of bgnsubtract_low_fps_noticeable
mention in Section 2.3.2, meaning a bgnsubtract where the threshold to detect the move-
ment is low so that every movement in the video is detected. From this base event, the
samples are taken in a window of 20 seconds then it proceeds to obtain the other sig-
nals that are in this window of 20 seconds and stored everything in a data frame with the
following columns

e begin,
e end,
e patient,
e base event id,
e class: classification,
e gt id: annotation id of the event,
e type,
e descriptors,
and the signals of
e audiosacalar: this signal is split into 25 columns where each column corresponds
to one of the features explained in 2.3.2
e oscillation: split into 12 columns according to the different thresholds,
e bgnsubtract_high_fps,
e screamdetector,
e soundvolume,
e bgnsubtract_high_fps_diff,
and the events of

e bgnsubtract_high_fps_diff_noticeable,
e bgnsubtract_high_fps_large,

e bgnsubtract_high_fps_noticeable,

e bgnsubtract_low_fps_large,

e bgnsubtract_low_fps_noticeable,

e oscillation_large,

e sound_activity,

e sound_audible,

e sound loud,
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explained in the Section 2.3.2. Once the signals and events are processed into the correct
format in samples of 20 seconds the features presented in Section 2.3.4 are obtained for
each one of this time series samples. After applying each one of the formulas of the
vector 2.3 the values are stored in a different data set with the results, having a total of
550 columns. Since there are 55 different values of signals and 10 features extracted from
each of them. This new data set is the one used in the training process as the features
of each ground truth event. Each column corresponds to a signal and the feature value
obtained from the signal

training dataset;(s) = fi(s)
1=0,....N —1. N = features selected to be extracted defined in Equation 2.3. N= 10
s=0,..,5—-1 S = signals and event save in the data frame describe in Section 2.3.2
being S=55
(3.1)

The labeling of each column is denominated as the name of the signal and the feature
for example soundvolume_mean.

Once the tranining_dataset is built it proceeded to train the classifiers. The creation of a
binary classifier consists on a setup file that configures the classifier present in Section
2.3.5 with different parameters. First, it sets up the number of folds to do cross-validation
training, this number of folds is defined as the number of patients added to the training.
After that, it samples the data according to the patients and divides them into testing and
training samples. Another aspect that is set up is a mutual info regression in order to
select the best features to feed into the training of the binary classifiers. The need of
having a feature selection method comes from having in total 550 different features of
one single event, where some of these features can give important information for the
training of the classifier when others are irrelevant and need to be discarded. The feature
selection method is set up by the library sklearn from Python. Once the feature selection
is saved another list is created with different predefined classifiers.

Each one of the classifiers defined in Section 2.3.5 was set up with different options
some with the values in default and in others changing the following values: the number
of estimators, the class weight, loss, learning rate, and the booster, so instead of having
just a list of 4 classifiers it obtains a list of 14 classifiers as is shown in Table 3.1.
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Table 3.1. Definition of classifiers. The values of correspond to the parameter that is not
defined for that classifier.

RandomForestClassifier Entropy 100 None - - -

RandomForestClassifier Entropy 500 None -

RandomForestClassifier Entropy 100 Balanced - - -

ExtraTreesClassifier Entropy 500 None - -

GradientBoostingClassifier friedman_mse 100 - Deviance 0.01 -
Exponentia

GradientBoostingClassifier friedman_mse 100 - | 0.01 -

GradientBoostingClassifier friedman_mse 100 - Deviance 0.1 -
Exponentia

GradientBoostingClassifier friedman_mse 100 - | 0.1 -

GradientBoostingClassifier friedman_mse 500 - Deviance 0.01 -
Exponentia

GradientBoostingClassifier friedman_mse 500 - | 0.01 -

XGBClassifier - - - - 0.3 gbtree

XGBClassifier - - - - 0.1 gbtree

XGBClassifier - - - - 0.3 dart

XGBClassifier - - - - 0.3 dart §

Then these classifier configurations are trained with the k-fold crossvalidation and the
feature selection having a total of 20 configurations to train a model. Each model is trained
with a certain amount of patients where the positive events are given while the negative
events are generated randomly. Then the training takes place as a parallel configuration
training each of these configurations and saving the results in three different database
files for the recalls of 0.9, 0.8 and 0.5. Each file contain the following information: fold
index, feature transformation index, precision, recall, and train accuracy.

Having this information into three different files the results can be shown in order to an-
alyze and choose the best classifier. First, it shows the number of folds, the number of
feature selection methods and the number of classifiers. Followed the recall level from
which the result will be shown. After this information, it shows the best 10 feature selec-
tions and their information

o Indices of the feature selection.
o Number of the features selected.

Mode of the feature selection method.

Score function of the feature selection transformer.

Feature transformation index.

Average of the precision for this feature transformer.
e Variance of the precision for this feature transformer.

Followed by the best features selected, to proceed and show the best classifiers for each
feature selection.

Once the index of the best feature selection is identified and the index of the best classifier
according to this feature selection another script is run in order to generate and save this
model in a pickle file so it can be used to create the inference of other data and test
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this model with different patients. The information saved in the pickle file is the feature
selection method and classifier follow by the information of the configuration

e Base event.

e Window size.

e Selected signals.

e Feature list mention in equation 2.3.

e Patients.

e Types of seizure.

e Descriptors of the seizure.

e FPS(frame per second).
At the same time, an info file is generated to be human-readable and understand what
the job of the model is. This info file contains

o Number of features selected.

Feature selection.

Patients.

Type.

Descriptors.

Directory from the data was collected.

e Signals and events used for the training.

After a classifier model is generated in order to evaluate its performance, the model is run
in unseen data in order to generate JSON files that contain the inference events detected
by the model classified as a seizure. This JSON file is denominated as findings file. With
this generated file the evaluation of the model can take place by calculating the metrics
presented in Section 2.3.6. These metrics are calculated by reading the JSON file of
the ground truth annotation and the JSON file with the findings generated by the model.
With these metrics generated, a visual representation is generated in order to observe
the increasing or decreasing of the values with different thresholds and detect an optimal
threshold for detecting all the seizures according to a model. An example of the graphics
generated are present in the Figure 3.3
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Figure 3.3. Visualization of the analysis of the real annotations against the events found
by the model.

3.2 Machine learning and cloud computing

This section will presented the different resources that are exits to generate classifier
models in the cloud, for a new implementation.

Cloud computing according to the NIST definition is a model to get in the network different
configurable computing resources for example networks, servers, storage, and applica-
tions [2]. This has two branches one is the public one and another the private one. In
the case of private cloud, this service is established by the company where their services
and operations are created in the cloud for internal users and do not depend on third
companies to have their resources. In the case of public cloud service another company
provides these services [30], this is the option for many companies that do not have the
capacity to store a lot of data or to control different resources. Some companies that offer
these public cloud services are IBM, Microsoft Azure, Amazon Web Services(AWS), and
Google Cloud Platform.

In the beginning, the cloud services provided lots of data storage space, processing
capacity, and more stable connectivity between their different services. The services that
now cloud computing offers involve the use of machine learning [27] in order to perform
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some analysis of the big data sets and find out some correlations that can indicate some
benefits to the company or for different research purposes.

Some of the cloud computing companies offer the option to have already set up machine
learning model training in order that will only receive the data and deploy a model for
this income data. However, in some cases, the companies want to implement their own
model training, in order to fulfill all the requirements of the model need by the company.
To have an example of public cloud companies that offer the opportunity to train a model
according to certain data that the client has preserved is Google cloud platform providing
the option of having python scripts inside the training process similar to the Amazon Web
services. Both will be briefly explained in the following subsections.

3.2.1 Google Cloud Platform

This service started in 2008 first offering the opportunity to clients of running their web
services using Google infrastructure [35]. After this, the amount of service that Google
cloud platform offers has increased having the most relevant services [13] as

e Compute engine.

Cloud run.

Al and machine learning.

Cloud storage.
Cloud SQL.
e Big query.

In the case of Al and machine learning implementations, Google Cloud is like a service
offering the opportunity to integrate a pre-prepared Al model or a custom model into
applications. It also offers already some services developed by Google as text to speech,
vision Al, video Al, and others. Another advantage is hardware resources, as for example
more GPUs for machine learning development making the creation of new models faster
to run and by using the Cloud storage access and preserve huge amounts of data in order
to train the model. It also provides some preconfigured containers optimized for deep
learning to adapt them to the data that is going to be used. Another service provided is
a version of TensorFlow Enterprise [13] in order to offer to the companies, the possibility
of creating models that are scalable and faster, and providing assistance in the face of
presenting error or problems to train a model or deploy it.

Google Cloud Al and machine learning service offers the possibility to train a model with
the preset container definition of training for
e TensorFlow, open source machine learning library [34].

e TensorFlow Estimator, high level API that simpliefs machine learning. Some are
pre-made [34].

e XGboost, machine learning library implementing gradient boosting algorithms [15].
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For these predefined containers the user has to first to download the specific container
and change the path to their personal configurations. Each of these containers consist of
the following topology [13]

¢ README.md.

requirements.txt.

setup.py.
hptuning_config.yaml.

trainer:

— __init__.py.
model.py.

task.py.
util.py.

The file of setup.py specifies the libraries that are needed to be used in order to run the
training and the directories from where the training should take place. The file hptun-
ing_config.yaml configures the settings of the model that can be set as default or cus-
tomized and in the case of customization it should be specified at the moment of running
the program. Google Cloud manages training using the services of storage, resources,
and containers. For the case of storage before running any training the user needs to cre-
ate a bucket, a space in the Google Cloud where the container train model will be stored
and where the results will be saved, also is necessary to have the data in the Google
Cloud. Once all the files are set up in order to run the training in the cloud and upload the
container to the cloud [13], the following command need to be run:
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gcloud ai—platform jobs submit training $JOB NAME \
—package—path trainer/ \
—module—name trainer.task \
—region $REGION \
—python—version 3.5 \
—runtime—version 1.13 \
—job—dir $JOB_DIR \
—stream—logs

Program 3.1. Packing and submit container train scripts to cloud.

It is possible to create a personal container with some specific model and training param-
eters by creating a container structure in the same way as the Google predefined in order
to run the program successfully. Then it needs to be packed and uploaded to the bucked
and jobdir as the command above in Program 3.1

3.2.2 Amazon Web Services

Amazon Web Services started in 2006 [1] by providing basic web services, and now it has
increased to proportionate more kinds of services to business. Among these services [1]
are

e Analytics.

e Application Integration.

e Augmented reality and Virtual Reality.

e Blockchain.

e Business Applications.

e Compute.

¢ Containers.

e Developer Tools.

e Database.

e Machine Learning Storage.
For the machine learning services, AWS offers augmented Al, elastic deep learning infer-
ence, forecast, chatbots, real-time recommendations, deep learning on Amazon Elastic
Compute Cloud (Amazon EC2), Docker images for deep learning, TensorFlow, and Sage-
Maker to build, train and deploy machine learning models [1]. These are some of the most

relevant services that Amazon provides in order to help the companies to used machine
learning algorithms.
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Amazon Elastic Container

Amazon Elastic Container Service (ECS) proportionated the capacity to run docker con-
tainers in a faster way using the different resources necessary to perform a task. These
docker containers are based on Linux application with code that performs certain activity
[1]. ECS works by different tasks that are defined in a JSON file, each of these tasks can
use the same container or different containers that do different activities.

AWS containers

This service consist of Docker images pre-installed with deep learning frameworks like
Tensorflow and PyTorch [1], making it better to deploy them into SageMaker in order to
build and train some models. This is based on docker containers where it packs the
scripts and environment to run a determinate job. These containers make it easier and
faster to deploy the training around different clusters and with different kinds of data.

SageMaker

SageMaker provides the opportunity to make use of machine learning in an easier way
without knowing how to implement a machine learning modeling [1]. It makes use of the
prestablish containers for a different model and asks the user to adapt the paths of the
information.

One option provided by SageMaker is to deploy the containers predefined of TensorFlow
or Keras, a deep learning API written in Python and run in top of TensorFlow [18]. The
basic functionality of the process consists in two buckets and one container. It requires a
bucket where the input information is stored and a bucket where the output data will be
stored, then it runs the training runner file that sets up the environment of the container
and trains the model with the input data that it receives.



30

3.3 Docker

Docker provides the benefit to package applications [9], in order to run it in different
environments without installing the application. The way docker works is that it compress
the scripts and dependencies into a package name as an image. The new image can
be created from another setup image where the modifications that are done will update
the layers of the image or it can generate a new image with all customized settings [9].
When there is an image in a system, one or several containers can be run at the same
time. Different containers do not intervene with each other since each one is isolated [9]
making it flexible to stop any of them when needed.

docker build docker run

—_—t
- T

Files to pack Dockerfile Image Container

Figure 3.4. Architecture of docker applications

3.4 Implementation

This section presents the solution for faster and more accurate service for the online
model training to the company Neuro Event Labs than the previous implementation. As
it was mentioned before, the company’s current workflow is based on the AWS services
where the data and other tasks take place in AWS. In order to continue with this same
infrastructure, the best implementation is the use of AWS containers. In this case, it is
necessary to create a container of deep learning which performs the runner task for the
new model training. Considering that the set up of the previous implementation depends
on different scripts to be run one after another it is not suitable to be packaged into a
Docker image. Since the user does not have the option to give the buckets where the
data will be stored. In this case, it is necessary to adapt the old implementation into an
automated code that can be packed into an image and run into the AWS as a different
task. At the same time since there are already some customized training options for
the models and it is required to train different classifiers, it is a good option to create a
new container and place it in the ECS in order to train the model instead of using the
predefined deep learning containers. Obtaining the following architecture show in Figure
3.5 for the new binary classifier system.
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Figure 3.5. Architecture for a new training system

There are three main changing points that need to be covered from the old implemen-
tation: the processing of the data, the training of the model, and the deployment of the
model. Since we have already mentioned the structure of the docker containers and how
they need to be developed in order to add them to the ECS and perform the task, we
need the following scripts:

¢ Run training: This script should be the base for all the training of a new model and
trigger as a new task in ECS. From this script should be possible to process the
data and feed it to the training of the binary classifiers.

e Processing data: convert the files of JSON annotations and the files of signals and
events into a single dataset.

e Prepare training environment: set up the configuration of the models and how they
will be trained.

e Deploy model: train model and save it to a specific path.

As we can see there are some basic scripts that currently are taking place as many
different steps. Some essential code changes are explained in the following sections.
First, the changes that need to take place in order to process the data are explained,
then the changes needed to train a model are explained and the section is concluded
by giving the explanation of the new scripts created in order to make a docker image to
upload to the EC2 and trigger the training of a new model.

3.4.1 Data processing

Ground truth

The ground truth that is used for the train of a model is changing every time since the
nurses are finding new ways to describe a seizure and identify it. There is a new termi-
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nology that can be added to these seizures or there are some events that can be really
identified as negative samples but are normally confused as positive. For these different
scenarios it is necessary to have a training system scalable that reads from different lo-
cations according to the labels of the locations and does not read directly from the files
what kind of descriptors or types it has. The reason for this is since there are some old
data that uses the classification method by type and that represent important seizures,
but they get lost when the training is set up to be by descriptors labeling since this event
does not have a descriptor.

In order to make the training more scalable, the training of a new model need to be
changed to read the ground truth from specific locations and by this perform the labeling
of the samples by the providedd locations. Meaning that all the annotations of positive
samples should be saved in a same location in order to be able to read all these positive
samples into the same file and labeling as positive, without taking in consideration what
format of annotation contains. The three main labels that are needed to be in considera-
tion at the moment of performing a training are

¢ Positive samples.

¢ Negative samples.

e Irrelevant samples.
Meaning it will be necessary to provide the location of these three different samples. This
location can be a bucket in S3 or folders in a local computer. However, each one of the
directories should contain JSON files that correspond to the patients that are going to be
used to train a new binary classifier. At the same time that all of these JSON files should
contain at least these values

e Begin: the timestamp of when the event starts.

e End: the timestamp for when the event ends.
Since the files are given according to a certain location there is not necessary that con-
tains extra information since the label it will be assigned according to their location.

e Positive samples labeled as 1.

e Negative samples labeled as -1.

¢ Irrelevant samples labeled as 0.
Normally in a classification problem, will be not always negative and positive samples.
The irrelevant samples correspond to the fragments of the video that in effect are a
seizure but are not the kind of seizure that is desired to be detected, in this case, such

sample is not required to be detected and therefore it will not be at all in the training of
the model.

Negative samples can be generated randomly from the signals explained in Section 2.3.2
by windows of 20 seconds and that has a match with other signals. Since there can be
generated a huge number of negative samples before fitting the data to the training of
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a classifier, the negative samples are reduced according to the specified negative ratio
threshold. Another way to select the negative samples can be done after training the
first model. The inference output from this model can be used to guide the selection of
false-positive outputs. After trimming too short samples those can be used as negative
samples to create an even more accurate model. This approach can improve the training
dataset by adding negative samples that are easily confused as positive samples.

The processing of the ground truth will be performed in a single script by just reading the
JSON files and storing them in a single dataset with the values

e Patient id.
e Begin: timestamp of the beginning of the annotated seizure event.
e End: timestamp of the end of the annotated seizure event.

e Y: label indicating it is a positive, negative or irrelevant sample.

Signals

In order to perform the training of a binary classifier, some predefined signals and events
require transformation and processing in order to feed them to the training of the classifier,
as it was explained in Section 3.1. However, this group of data can change as new signals
and events are extracted from the recording video of the patients, that can be added to
the group of predefined signals and events or can replace them. In order to maintain the
data processing algorithm fast and adaptable to new types of data it is necessary to make
the algorithm concise and focus only on the target group of data to use. This is enabled
by designing the algorithm to just download and transforming the data necessary to train
the classifier, all in a single step. This by avoiding intermediate steps of download all the
data, filtering, and cleaning the data before process it in the correct format to obtain the f
features.

Since the tools to analyze the events from a video continue advancing, and the presence
of new signals that can be correlated to a biomarker is also increasing it is necessary
to present an algorithm that adapts to any kind of data and does not expect always the
same kind of data. For being more specific expect the dimension of the data will not
be always 1, 12, or 25 as it was referred in Section 2.3.2 but that dimension of the data
depends on each file and the algorithm should infer it from it. The current implementation
was expecting to receive the dimension number of the data, for example in the case of
oscillation that are 12 different values from the 12 different thresholds the data that is
saved in the files are in the format of dimension 12. These files of n dimensions need
to be split into single time series in order to match the format of the other signals and
generate from them the features specified in Section 2.3.4.

In this new implementation, the dimension of the file assumes once it read it so it should
not request extra information from the user or predefined values in the code in order to
run the program. This makes the code more automated it to read new kind of signals that
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can be in a future generated by the pipeline.

3.4.2 Generate binary classifier

For performing a fast training of a binary classifier, the changes that need to be done are
first create the k-fold cross validation training iteration by each patient with their corre-
sponding signals and events. Another aspect that is important to change is the saving
of the new model. Prepare the training with the configuration provided and then train the
14 classifiers shown in Table 3.1 and save the best model. This is done in order to be
available to deployed the binary classifier system and the model into AWS and used the
tools of ECS to run a container. On the other hand, it gives the flexibility to obtain the
inference from new incoming patient data in a faster way by having the model already set
into a specific path.

The model that is going to be saved from the training of the binary classifiers consists of
the one that presents a higher average precision and lower variance of precision. The
average precision is calculated as the average of the set of precision values. This set is
conformed by grouping the precision obtained by each k-fold cross-validation iteration in a
recall value of 0.9. The variance consists of the variance of the data of this set of precision
values. The reason why high average precision and low variance are chosen is that then
the precision across all the k-fold training iteration maintains stable high precision with a
high value of recall (sensitivity).

Once the best model is located it is saved into a pkl file, a serialized object in the format
of pickle, together with an info file that contains the following information:

o Classifier type.
e Feature selection used.
e Patients used to perform the training.

e Path from where the data to train the model was obtained. In order to keep track of
which version of the signals and events are used since the data obtained from the
videos constantly updates.

e Signals and events. In order to keep track of which data the model was trained
since there is the case of the need for some models without certain signals.

This info file provides the necessary information to understand how the model was trained
in order to keep track of the information provided to train the binary classifier, in order to
replicate the training or provide a deeper analysis of the binary classifier in the detection
of epilepsy seizures. Both of these files are saved in the path given by the running file
and can be accessed in the future to create inferences from different patients.



35

3.4.3 Runner file

As it was mentioned in Section 3.2.2 there is the need to have a runner script that will
receive the location of the input data and another location where to save the trained binary
classifier. In the following section, the functionality of the runner file will be explained.

The runner script can be run with several different kinds of combinations. Achieving the
requirements of the company for having a more flexible and faster training algorithm that
generates a binary classifier model for detecting an epilepsy seizure. In order to be able
to perform a fast algorithm, it should take into consideration the changes mentioned in
the previous section, regarding the process of reading and download the data.

The runner script counts with three main options to be used. First option to run the runner
script is to start the training algorithm by processing the data that is provided, the signals,
events, and annotation files, and then fit it to the batch training classifiers in order to
obtain the best one of this set of 14 classifiers. The second option consists on obtaining
the features from the already processed data, in this case, the runner script only reads
the files that already contain the samples in the correct shape, and is only expected to
extract the features of f. Finally, the third option to run the script is directly starting the
batch cross-validation training of the 14 classifiers with a dataset provided in the shape
of X and Y, where X is the list of features and Y is the list of corresponding labels.

The arguments of this runner script have different definitions and some of them are re-
quired in order to perform the training of the binary classifier. These arguments are
explained precisely in the following list:

o patients

Required in order to perform any of the tasks of the training program. Either pro-
cessing the data into a correct format or just training a new binary classifier with the
already process data.

It requires the ID of the patients, expecting decimal numbers and more than one
patient value in order to perform the training. In case this argument it’s not provided
the program triggers an error indicating the patients have not been provided.

e signals

The signals argument corresponds to the signals that required to be used for the
training of a binary classifier, defined in Section 2.3.2. In the case where this argu-
ment is not provided, it uses the default signals of:

— bgnsubtract_high_fps,

— oscillation,

— soundvolume,
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— bgnsubtract_high_fps_diff,

— screamdetector,

— audioscalar.
In order to be available to run the runner script, this argument can be left out of the
call to run the script since its have being define with some predefined values. How-

ever if it is required to train a classifier with different types of signals this argument
should be provided.

events

Events argument is not required to perform the tasks of the runner script because
it has a predefined value in order to perform the training. These predefined values
correspond to the events used for default to train a binary classifier, explained in
Section 2.3.2. In order to perform another type of classifier and specified different
kinds of events, this argument should be provided to the runner script. The default
values that define this argument are

— bgnsubtract_high_fps_diff_noticeable,
— bgnsubtract_high_fps_large,
— bgnsubtract_high_fps_noticeable,

— bgnsubtract_low_fps_large,

bgnsubtract_low_fps_noticeable,

oscillation_large,

sound_activity,

sound_audible,

sound_loud.

positive_gt

Argument that receives the location path for the JSON files that contain the positive
seizure annotation events for each patient. Required in order to process the data of
the signals, events, and annotations of the patients.

negative_gt

Argument not required in order to perform the training of a classifier. It expects the
path that provides the location of the JSON files that contain the annotations of the
seizure events classified as negative samples, if no directory is given it generates
random negative samples.
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e irrelevant_gt

This argument is not required to perform the training of a classifier. It receives the
path of the directory with the JSON files of the seizure events that are not required
to used as part of the dataset feed to the training rather that should be left out of
the processing.

¢ pipeline_dir

Requires an argument in order to perform the task of training a new classifier since
the processing data step. It expects the path for the location for the signals and
videos. If this location is an empty folder the signals and events provided as an
argument will be downloaded for each patient into this location. If the location is
not empty it will avoid the step of downloading the data and proceed to process the
signals and events, provided by the argument and specified in Section 2.3.2, into
the correct time-series format and creating the match to their corresponding label
of positive, negative or irrelevant samples.

e s3_bucket

Argument that is just required in case new data needs to be processed and for
this purpose it needs to be download from a S3 directory. It expects the bucket
that contains the signals and events generated by the pipeline (defined in Section
2.3.2). Used to download the data into the pipeline_dir in order to process the data
in the correct format described in Section 2.3.4, in order to feed the training of a
binary classifier.

o kaitai_s3

This argument is required in case of presenting signals and events in the format of
binary files compressed by kaitai functionalities. Being Kaitai a declarative language
that describe binary structs [17]. Receive the path to the bucket in s3 that contains
the structs of kaitai, in order to process this type of files. If no path is given the
directory is the same as the s3_bucket.

o kaitai_dir

An argument to specify the saving location for the structs of kaitai provide from the
argument kaitai_s3.
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e training_dir

Once the signals and events are processed into the format define in Section 3.1
Figure 3.2 they are saved in the path provided to this argument. It is required in
order to perform the training of a binary classifier. This argument points to the
location of the processed signals and events in the format of Figure 3.2 however it
has the exception that can be part of the processing of these files or it will just read
the already processing files.

e model_dir

Argument that specifies the path of the location to save the final binary classifier
model and the information used in the training. This path can be a local directory
or a path to an S3 bucket where the information of the model and the best model
obtained by the batch iteration of the different classifiers is saved. It contains the
dataset in the format of X and Y, where X contains all the features f extracted from
the signals and events and Y corresponds to their labels of positive, negative, and
irrelevant samples. The results of the k-fold iteration processing by recall 0.9 and
the classifier model are serialized into a pickle file with its info file.

e window_size

The argument is set to a default value of 20 seconds and that is not required in
order to trigger the processing of the data or the training of a binary classifier. It
refers to the window size used to generate the samples from each video in order to
perform training with these samples.

o base event

This argument is set to the default value of bgnsubtract_low_fps_noticeable. As it
was defined in Section 2.3.4 this value represents the event that is taken to extract
the more representative motion events from each video of each patient to create
the signals of the sample of the length of the window size.

o fps

Optional argument since it is defined by default to 30 frames per second. It refers
to the number of frames per second from which the signals and events are taken.

e heg_ratio

Argument set to default as 10. It is only required when none negative samples are
given in a JSON format file. Negative samples are generated randomly and in order
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to preserve a good balance of the number of positive and negative samples this
value negative ratio, indicates the ratio to drop up negative samples.

e append_samples

This argument is not required to run the program, having its default value is false.
However, it can be used to increment the dataset of samples that have been used
to train a new binary classifier. Indicating if there are samples that wanted to be
appended to an existing dataset of samples or if the dataset wants to be created
from zero. When the argument is set as false and it is expected to process new
data the dataset will be created from zero containing only the data provided during
this running task. If the argument is set as true it will process the new data provide
and append it to the existing dataset.

3.4.4 Evaluation methodology

In order to evaluate the performance of the new binary classifier model against the old
model used currently by the company, it is required to find the performance of the model
by different thresholds. To be able to do this a process mentioned in Section 2.3.6 is
followed, calculating the precision, sensitivity, and false-positive rate for different patients.
Once the values are calculated, a graphical representation to compare the curves of each
classifier is provided and the performance of these ones can be compared. However, this
only provides a standard visualization aspect and in order to have an accurate classifier
to detect the epilepsy seizures, it is needed that their performance remains constant in a
high threshold and that the false-positive rate reduces.

In order to perform this last analysis, an algorithm based on the values calculated by
Section 2.3.6 was implemented. This algorithm takes as input:

e List of patients from which is going to obtain the analytical values for model evalua-
tion.

e Path where the data from each patient is located, their annotation JSON file, and
their inference of findings JSON file.

e Name of the binary classifier model that is to be analyzed.

o Destination file for the information of each patient according to the optimal threshold.

Once it has the values of precision, sensitivity, and the false-positive rate at different
thresholds, it finds the optimal threshold for each of the patients. This optimal threshold
corresponds to the value that provides a high sensitivity value according to a determinate
range and that presents a high precision. Each of these optimal thresholds are concate-
nated into a single array in order to calculated the variance, mean, median, and standard
deviation. By having these statistical values from the optimal thresholds, the approach
taken to define the best threshold for the classifier across different patients consisted on
selecting the mean of the optimal threshold values. Having, as a result, a table with the
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values of

e p_id: patient ID.

threshold: the value of the optimal threshold.

precision: precision value obtained at the optimal threshold.

sensitivity: sensitivity value obtained at the optimal threshold.

FPR: false-positive rate obtained at the optimal threshold.

TP: true positive samples according to the optimal threshold.

FP: false-positive samples according to the optimal threshold.
e P: positive samples from the inference findings file.
e N: negative samples from the inference findings file.

These values are displayed to the user once the script is run and can be saved to a CSV
file provided at the moment of running the script.
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4 RESULTS

The following section will present the results obtained by training a new binary classifier to
detect epileptic seizures. Presenting the results and a comparison against the old binary
classifiers models.

4.1 Running time

After the changes in the code were implemented and the runner script was created in
order to perform the training, the new algorithm was run in order to obtain new binary
classifiers. The first model that was trained was a clonic model using the patients that
present clonic seizures.

The running performance time was measured for both implementations in order to com-
pare it. The old algorithm implementation described in Section 3.1 ran in a total of 2.67
hours, starting from converting the data into the correct format in order to feed the binary
classifiers. The running time did not consider the time expended by looking at the results
generated from the batch training iterations.

However, with the new implementation, the running time was of 1.5 hours considering
downloading the data, processing it, feeding the batch iteration of binary classifiers with
this data and proceeding to save the best binary classifier into a specific path in order to
be used for inference in new data of patients.

4.2 Evaluation of performance

In order to perform a better algorithm’s analysis of the new implementation versus the old
one, it was decided to save the other two best classifier models in order to compare their
performance with the old binary classifier model. Selecting the best classifiers with high
average precision and low variance. Comparing them with the current classifier model
used by the company referred to as model_rf. To perform the analysis the classifier
models were used to create the inference for different patients. The inference was run
for the patients 118, 224, 34, 40, 59, and 81, obtaining JSON files with the predicted
events detected. Where only patient 34 and 40 were used on the training but since they
present a high number of seizures were used to check their performance. These patients
were the ones selected since they present the clearer annotations and have already been
processed by the pipeline obtaining their signals. With these JSON files denominated as
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findings files, were used against the ground truth JSON annotation files with the tools
previously mentioned in Section 3.1 and 3.4.4.

Firstin order to analyze the general performance of the model we run the script mentioned
in 2.3.7 for patients 81 and 59. Neither of these patients was used in the training. Patient
81 presents a high amount of clonic epileptic seizures. From the script mentioned in
Section 3.1 the performance of the new binary classifier models can be compared against
the current model used by the company.

The ROC curve obtained from the calculation of true positive rate vs false-positive rate.
In the graph generated for patient 81 Figure 4.1 it can be seen that less false-positive and
higher true positive result is reached with a smaller threshold by the new binary classifier
models, model_0_3 model 0 _8 and model 0 10, while the old model_rf clonic reach it
on a high value of threshold and with a high value of false-positive rate.
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Figure 4.1. ROC curve for patient 81.

For patient 59 similar results are obtained as from patient 81. The number of true positive
rate is at their maximum with a small value of false-positive rate and maintains constant
through several threshold values. As it can be seen in Figure 4.2
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Figure 4.2. ROC curve for patient 59.

To be able to understand the accuracy of the models in detecting the appearance of
epilepsy seizures, the following graph is generated. This in contrast to the above graphics
presents the absolute value of the total number of the true positive samples generated
against the false-positive samples. With this representation, it can be easier to under-
stand the accuracy of the binary classifier models in detecting epilepsy seizures.

For the patient 81 it can be seen that false-positives samples generated by the new binary
classifier model has been reduced in comparison to the original model classifier. This by
seeing how the curve in Figure 4.3 reaches its peak of true positive samples with the
smaller value of false-positive samples.
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Figure 4.3. Total number of true positives seizure samples against false-positive seizure

samples for patient 81.

Same case can be seen from the curve for patient 59 in Figure 4.4 that the model_rf
only reaches the maximum of true positive samples with a huge amount of false-positive
samples. By presenting a huge amount of false-positive samples makes the work of the
nurse heavier. In the worst-case nurse would have to watch 5000 events in order to catch
all seizures. Although these are short events, the total time for the nurse to watch them
all would be about 27 hours. However, with the new binary classifier, the high amount of
true positive samples of epileptic seizures are present with less than 1000 false-positive.

Reducing the working time to 5hrs.
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Figure 4.4. Results of best binary classifier model.
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Finally, the other graphic representation obtained from the script is a graph showing the
sensitivity against the precision value. These graphs show an increased amount of in-
consistency between sensitivity and precision. As it can be seen in the graph of patient
59 the best model presents some peak values for the precision. These peaks represent
that not for having higher sensitivity means it will be a higher precision. However, from
these graphs in Figure 4.5, it can be seen that the values increase a little in comparison
to the original binary classifier model_rf.
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Figure 4.5. Sensitivity vs precision curve.
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Having this graphic representation of the classifier performance in different thresholds it
can be established that the new binary classifier model has a better performance than
the current binary classifier model used by the company. However, as it can be seen
in the graph 4.5 panel a, the performance of this new classifier is not as high as it was
expected. Because of this, an extra evaluation method is needed to compare the models.

The script described in Section 3.4.4 was run with the inference files of the patients 118,
224, 34, 40, 59, and 81. Obtaining from each of these the values of precision, sensitivity,
and false-positive rate. To proceed an obtained the optimal threshold that maximized the
sensitivity value of each patient.

First, we present the results obtained by the current binary classifier model used by the
company. Although in order to understand the functionality of each of the binary clas-
sifiers, it is important to highlight the information on how they were trained and their
characteristics. This corresponds to an XGBClassifier using a learning rate of 0.1 and a
booster of gbtree, trained with 300 features, and with the annotations containing seizure
descriptors of convulsive movement and clonic oscillation to train the classifier model. By
this classifier model the values obtained can be seen in the following Table 4.1:

Table 4.1. Results of model_rf.

118 0.2626 0.384615 0.384615 0.002348
224 0.2626 0 0 0.000556
34 0.2626 1 0.357143 0
40 0.2626 0.625 0.8333 0.001236
59 0.2626 0 0 0

81 0.2626 0.171521 0.230435 0.064451,
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Currently in order to have a sensitivity higher than 0.83 at least for one patient the opti-
mal threshold has to be really low as a value of 0.26, however by having this low value
increases the false-positive rate making it only possible of having zero false-positive rate
for two patients.

In the case the new algorithm implementation of the best classifier model generated cor-
responds to the model_0_3, being an Extra Trees Classifier with entropy criterion and 500
estimators. This classifier was trained with 550 features and with the subfolders structure
giving the selected JSON files for positive samples and irrelevant samples, generating
random negative samples. From this classifier model the results obtained from the in-
ference findings file were following. Having an optimal threshold of 0.82 the sensitivity
above 0.8 is achieved for three patients reducing the false-positive rate for all the patients
and increasing the precision for the patients 118 and 81. In this case, by looking at the
false-positive rate results and the value of the optimal threshold we can point out that the
new binary classifier presents a more stable solution making higher the optimal threshold
reducing the number of positive samples. As it can be seen in Table 4.2

Table 4.2. Results of best binary classifier model.

118 0.828283 0.705882 0.923077 0.001468

224 0.828283 0 0 0
34 0.828283 1 1 0
40 0.828283 1 0.83 0
59 0.828283 0 0 0

81 0.828283 0.406977 0.152174 0.01284,
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The second-best classifier generated corresponds to the binary classifier Gradient Boost-
ing Classifier refered as model_0_8. This one was trained with a criterion of Friedman
mean square and a learning rate of 0.01 utilizing a loss of deviance with 500 estimators
and feed with 550 features. The analytic values obtained from the inferences of using this
model are the following show in Table 4.3:

Table 4.3. Results of second best classifier model.

Threshold  Precision Sensitivity FPR

118 0.639/31 0.3125 0.769231 0.006457
224 0.639731 0.019608 1 0.0138393
34 0.639/31 0.5 0.857143 0.007752
40 0.639731 0.6666 1 0.001236
59 0.639731 0.002381 1 0.085145

81 0.639731 0.068057 0.269565 0.213746,

This binary classifier model_0_8 the optimal threshold value corresponds to 0.639731
where it is already better than the threshold from the model_rf presenting a higher sen-
sitivity value for most of the patients and also increase in the precision. However, com-
paring this model against the model_rf it presents better false-positive rate values, but
not as good as the model_0_3 which is the best model generated automatically from the
training system.

Finally, the third-best classifier corresponds to a XGBClassifier referred as model_0_10.
This binary classifier was trained with a booster of gbtree and a learning rate of 0.1,
fed with 550 features. The analysis of the inferences obtained from using this model
proportionate an optimal threshold of 0.6969 is higher than the model_rf, as it can be seen
in the following image. It presents better false-positive rate results than the model_rf, but
not as good as the model_0_3, as it is presented in Table 4.4.

Table 4.4. Results of third best classifier model.

model 0 10 p_id Threshold Precision Sensitivity FPR
118 0.69697  0.392857 0.846154 0.0049
224 0.69697 0 0 0.00389
34 0.69697 0.75 0.857143 0.002584
40 0.69697 0.75 1  0.000824
59 0.69697 0 0 0.000813

81 0.69697 0.07465 0.208686  0.145799,
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5 CONCLUSIONS

The aim of the thesis was to provide a solution to Neuro Event Labs, that allows them to
train a binary classifier model faster than the current implementation in an online service,
which allows them to decrease the number of false-positive rate samples in order to
decrease the work effort by the nurses of watching the videos. Offering to the company
a system capable of training a classifier model with different parameters and capable of
training with more amount of data. The solution presented to the company consists of two
parts. First, it is presented the current alternatives to run machine learning tools in cloud
services. As it was mentioned before, some of the companies that offer these machine
learning tools are Google Cloud Platform and Amazon Web Services.

Since the company stores its information into Amazon Web Services (AWS) the best so-
lution for their problem is to use the machine learning tools provided by Amazon Web
Services (AWS). After selecting the best option for the company, the second part of the
solution took place, comparing the current training pipeline implementation with the re-
quirements of the machine learning tools of AWS. By doing this comparison the weak
points of the old training implementation were identified and needed to be changed in
order to be able to package the system into a Docker image that can be deployed into the
ECS containers of AWS where the different tasks of training can be activated. As it was
presented in the results the main weak points of the old pipeline training implementation
consist of the processing of the data and the trigger for running a new binary classifier
training. Taking several intermediate steps to perform this task, making the process of
training a model slower and incapable of adapting to new types of data, referring as new
annotation format or new signals format. The solution presented to the company facili-
tated the adaptability of new formats of data and makes the training process with different
parameters easier. By making the implementation more flexible it also provide to the user
the opportunity of creating different types of classifiers without the necessity of modifying
inner scripts of the implementation but just modify the parameters needed to run the run-
ner script. This new runner script provides the facility of packing the system into a Docker
image that can run in any server without the need to install other dependencies. Giving
this alternative to the company makes the generation of classifier models easier by just
requiring the location of the paths in the S3.

The main changes in the training system consist of simplifying the data processing and
the creation of the previously mentioned runner script. Once these changes had taken
place it was tested by running it for patients with clonic seizures in order to compare the
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new classifier model obtained against the current clonic model used by the company.
As presented in the previous section, the new implementation performs in faster running
time, accomplishing the goal of the thesis. On the other hand, the availability of the
new implementation of reading the positive, negative, and irrelevant samples may give
the option to the company to use different kinds of annotations that can be of old type
references or newer ones with descriptors. The classifier model generated with the new
implementation presents a higher stable threshold where the amount of false-positive
events detected as epilepsy seizures are reduced. Presenting less false-positive events
makes the work of the nurses optimized by watching less amount of recording video
material.

Finally, the new implementation reaches the objective of the thesis, providing a solution
to the company where it is possible to run the container image in the ECS and generate
a new binary classifier model in order to create inference for new patients. This new
implementation generates more stable models that reduce the amount of false-positive
events and gives the opportunity of selecting different formats. Having better adaptability
makes it possible to be a functional system even when the annotation format changes.
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