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Abstract 
	  
Epilepsy affects nearly 1% of the world’s population and is a disorder that 
affects the central nervous system where the nerve cell activity in the brain 
becomes disrupted and causes seizure. Further study in this field can minimize 
the potential damage caused by individuals with epilepsy. This thesis 
investigated the the optimal window size for classification of EEG epochs as 
scientists today simply guess a window size and therefore might not get the best 
possible results. The method that was used was an existing software where the 
window size could be easily changed and investigated. The software used 
Support Vector Machines and calculated the probability for seizures. The results 
from this investigation showed more fluctuating probabilities at lower and higher 
window sizes, and more stable at 60 seconds to 180 seconds. In conclusion, the 
optimal window size can be argued to be around 90 seconds as it has the highest 
maximum, minimum, and average probability.  

Sammanfattning 
 
Epilepsi drabbar nästan 1% av världens befolkning och är en sjukdom som 
drabbar det centrala nervsystemet där cellaktivitet i hjärnan störs och orsakar 
epilepsianfall. Studier inom detta område kan minimera risken av skador som är 
orsakade av personer med epilepsi. Denna avhandling har undersökt det optimala 
tidsfönstret för klassificering av EEG epoker som forskare idag gissar sig fram 
till och därmed kan inte få bästa möjliga resultat i sina studier. Metoden som 
användes var en befintlig programvara där tidsfönstrets storlek kunde lätt ändras 
och undersökas. Programvaran använde sig av stödvektormaskin och beräknade 
sannolikheten för epilepsianfall. Resultaten från denna undersökning visade att 
fler fluktuerande sannolikheter sker vid låga och höga storlekar av tidsfönster 
och mer stabila sannolikheter hos tidsfönster från 60 sekunder till 180 sekunder. 
Sammanfattningsvis kan det optimala tidsfönstret hävdas vara omkring 90 
sekunder eftersom det har den högsta maximala, minimala och genomsnittliga 
sannolikheten. 
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1. Introduction 
 
Epilepsy is a disorder that affects the central nervous system where the nerve cell 
activity in the brain becomes disrupted and causes seizure. Epilepsy affects 
nearly 1% of the world’s population (Kaggle, 2014). The source of epilepsy is 
the human brain. Even though the symptoms of a seizure can affect any part of 
the body, it is the neuro-electrical events that occur in the brain that cause it 
(Sirven, 2014). The symptoms for the seizure vary, for example staring blank 
and twitching arms or legs (Smith, 2015). 
 
There are different stages of seizures in epileptic patients: the beginning (the pre-
ictal stage), between the beginning and middle (the inter-ictal stage), middle (the 
ictal stage), and the end (the post ictal stage). In this thesis, the focus will be on 
pre-ictal stages and inter-ictal stages as it is vital for classification of seizures 
where pre-ictal is the start of the seizure. (Schachter, 2013).  
      
The development of sophisticated technology has made it possible to study the 
different stages of seizures in epileptic patients using a variety of different 
methods, in this case electroencephalogram or EEG, which is a monitoring 
method to record electrical activity of the brain (Geer, 2007). Compared to other 
methods e.g. MRI and PET, EEG is the only method that can detect changes 
within a millisecond timeframe and is the only direct measure of the brain’s 
electrical activity (Stefan, et al., 1987). Using the type of data from EEG, 
algorithms have been developed to recognize patterns and this allows for 
identifying seizures, and more importantly to classify the different stages of 
epileptic seizures (BC, 2009) (Cengiz, 2010).  
 
The pattern recognition algorithms that can be used for classification of epilepsy 
are based on supervised learning algorithms, which infers a mapping between the 
features and associated labels in the EEG data (McNulty, 2015). The algorithms 
that will be used are classification algorithms that has categorical labels based on 
the EEG data from epileptic seizures (Hannah, 2015). 
      
These algorithms have the potential to help epileptic patients. Continued study in 
this field can minimize the potential damage caused by individuals with epilepsy. 
A capability to identify and classify epileptic seizures would allow the 
individuals to prepare and protect themselves. In addition, further research may 
lead to the possibility of preventing epileptic seizures (Pietrangelo, 2014) . 
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There exist some studies that investigate the different classifications algorithms 
on EEG data relative to Brain Computer Interfaces (Lotte, 2011).  Other studies 
have investigated window size in classification of EEG emotional signals with 
wavelet entropy (Candra, 2015). What have not been done yet is investigating 
the optimal window size in classification of EEG with support vector machine.  
 

1.1  Problem Statement     
	  
In this thesis, we want to investigate a pattern recognition algorithm and  
different window sizes for the algorithm to evaluate (Sankar & Mitra, 2004).The 
proposed pattern recognition method is intended to be used for classification 
relying on a supervised learning algorithm. Therefore, the training data has to be 
annotated with adequate labels that describe different EEG epochs (Hannah, 
2015).Therefore, our problem statement is the following: 
 
What window size is optimal for classification of EEG epochs?   
 
A window size is a time slot of the EEG data that a given algorithm analyses and 
evaluates and does this continuously throughout the data. This is an important 
investigation as scientists today simply use an arbitrary number based on an 
educated guess of what the optimal window size is and therefore might not get 
the best possible results for classification and evaluation of EEG data.  
    

1.2  Scope 
	  
The EEG data that was used in this thesis is from the American Epilepsy 
Society, which was used in a Kaggle challenge. Kaggle is the largest community 
of data scientist that compete with each other to solve complex data science 
problems (Kaggle, 2014). The data contains adequate labels that describe the 
different EEG epochs and can be used for analysis.  
 
The algorithm that this thesis will focus on is Support Vector Machines (SVM) 
which are supervised learning algorithms used for classification and regression 
analysis (Lewicki & Hil, 2007). We selected SVM as it is used the most in other 
studies and the results can be compared with them. To limit the scope, this thesis 
will not explore many features of epilepsy (see section 3.2 for the exact features) 
and will minimize the dataset to decrease execution time for the algorithm. 
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2. Background 
 
In this section, the fundamental concepts, principles, and theories that this thesis 
is concerned about will be brought up and explained.  
 

2.1 Epilepsy  
	  
Epilepsy is a chronic neurological disorder that interrupts normal brain activity, 
and causes recurrent and unprovoked seizures and individuals with epilepsy have 
the tendency to have more than one type of seizure. EEG testing, clinical and 
family history can sometimes be similar within epilepsy patients, and this 
condition is defined as a specific epilepsy disorder (Sirven, 2014).  
 
The source of epilepsy is the human brain. Even though, the symptoms of a 
seizure can affect any part of the body it is the neuro-electrical events that occur 
in the brain that causes it. The different factors that determine the type of seizure 
and its impact are the location of a certain event, how it spreads, the duration, 
and its effect on the brain (Sirven, 2014).  
 
An individual is diagnosed with epilepsy if they have one or more seizures that 
are not caused by any known reversible medical condition such as alcohol 
withdrawal. The seizures of epilepsy can be related to brain damage, but most of 
the cases are unknown causes (Sirven, 2014).  
 

2.2 Seizure 
	  
An epileptic seizure is a short episode of symptoms due to unexpected excessive 
neural activity in the brain. The symptoms vary from dramatic symptoms to no 
visible symptoms at all. Severe seizures include violent shaking and loss of 
control, and subtle seizures include momentary loss of awareness (Fisher, 2005). 
  
Seizures are described in two groups of seizures, primary generalized seizures 
and partial seizures. The difference between these types is how and where they 
begin.  Primary generalized seizures begin with a widespread electrical discharge 
and affects both sides of the brain at the same time. Many of these seizures are 
usually due to hereditary factors. On the other hand, partial seizures begin with a 
limited electrical discharge in one area of the brain. These seizures are caused by 
a variety of different factors such as stroke, tumor, head injury etc. In many 
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cases, no known cause can be found, though genetic factors are the determining 
factor in partial seizures. These types of seizures can be divided in more groups 
depending on the individual's awareness and consciousness (Schachter, 2013).   
 

2.2.1 The Stages of Seizure  

Seizures are composed with a beginning, middle, and end. The symptoms and 
stages may vary from person to person, and even if all the stages exist it may not 
be so easy to separate them or even detect them. 
 
2.2.1.1 Prodrome 
	  
During the prodrome stage, which is the beginning of seizure, some people have 
the ability to notice an epileptic seizure hours or maybe even days before 
happening. These signs are not considered as an actual part of the seizure, but 
could prove useful in warning a person if they are aware of them (Schachter, 
2014). 
 
2.2.1.2 Aura 
	  
An aura is a warning which is the first stage of a seizure. The aura can be 
difficult to describe but some people may experience the aura through change in 
feeling, thought, sensation or even behavior. These warnings are usually similar 
every time a seizure occurs. When an aura occurs alone it may be called a simple 
partial seizure or partial seizure without change in awareness. It can also occur 
before a change in awareness or consciousness. 
 
However, many people are not able to experience an aura and can therefore not 
predict their epileptic seizures. Instead, the seizure often starts with a loss of 
consciousness or awareness. Some common symptoms before a seizure is the 
notion of déjà vu, smells, sounds and even tastes. On the physical sides of 
symptoms are dizziness, headache, nausea and numbness in part of the body 
(Schachter, 2013). 
 
2.2.1.3 Ictal stage 
	  
The middle of a seizure is called the ictal stage and covers the period from the 
first sight of symptoms (aura) to the very end of the seizure activity. The ictal 
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stage correlates with the electrical seizure activity in the brain. It is possible that 
the symptoms of a seizure last longer than the seizure activity itself. The reason 
for this is that the symptoms could be aftereffects of the seizure or maybe even 
unrelated to the seizure activity. 
 
Some common symptoms during this stage are loss of awareness, confusion, loss 
of consciousness and other anomalies on the human senses. Some physical 
symptoms are difficulty talking, tremors, twitching, mobility impairments etc. 
(Schachter, 2013). 
 
2.2.1.4 Post-ictal stage 
	  
After the seizure there is another stage called the post-ictal stage. The purpose of 
this stage is to recover from the seizure. The amount of time for recovery from 
an epileptic seizure varies between minutes to hours depending on the person. 
The type of seizure and the part of brain that is impacted are also aspects that 
affect the recovery period. Individual differences of the recovery period are 
therefore how long the period lasts and what kind of symptoms may occur. 
 
Some common symptoms during the post-ictal stage are memory loss, difficulty 
talking or writing, and dizziness. Other physical symptoms are headaches, 
nausea, upset stomach, and fatigue (Schachter, 2013). 
 

2.3 EEG for Epileptic Seizures Studies  
	  
EEG stands for electroencephalogram and is a test used to evaluate electrical 
activity in the brain. In the brain, the cells communicate using electrical impulses 
and EEG can be used to detect possible problems with this activity. This test 
tracks and records the brain wave patterns. This is done with the help of 
electrodes, which are small metal disks attached to the scalp, and they analyze 
the electrical impulses in the brain and send these signals back to a computer to 
be recorded (Blocka, 2015). 
 
These electrical impulses in an EEG are recorded as waves. The EEG shows 
patterns of normal or abnormal brain activity, and therefore used for epilepsy. 
These patterns do not only indicate seizures but also a variety of different 
conditions such as head trauma or stroke depending on the types of waves. When 
it comes to seizure, the patterns look like spikes and sharp waves. With partial 
seizures, spikes and sharp waves on the EEG in a specific part of the brain can 
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indicate where the seizures originate from. Primarily generalized seizures have 
these patterns across the brain as they are found on both sides of the brain 
(Sirven, 2013). 

2.3.1 Waves and EEG 

The EEG recording shows patterns of different types of brain waves. A wave is 
characterized as any type of brain activity and appears as a wave shape. These 
waves have different names and are put into bands depending on their 
frequencies which is the amount of waves per second. These waves vary in the 
projection, time, and area of the brain:  
 

•   Beta waves have a frequency greater than 13 waves per second and are 
most often seen in individuals who are awake. These waves are most 
distinguished in the frontal lobe, the part responsible for conscious 
thought and movement, but also distinguished in the central areas of the 
brain. 

•   Alpha waves have a frequency of 8-13 waves per second, and are seen in 
adults who are relaxed. These waves are most distinguished in the 
occipital lobe, the part of the brain responsible for sight.  

•   Theta waves, also known as “slow activity”, have a frequency of 4-7 
waves per seconds. These waves occur during sleep and predominantly in 
children. They are not easily distinguished in adults who are awake.  

•   Delta waves have frequencies up to 4 waves per second. These are the 
slowest type of waves but the highest amplitude (the height of the 
waves), and are seen in children under one-year-old, and also during 
some parts of sleep.  

•   Gamma waves have frequencies between 26-100 waves per second.  
 
Except these waves, there exist some characteristics in the EEG recordings. 
Spikes are very fast waves and have gotten their name because of the shape on 
the EEG recordings. Each spike last less than 80 milliseconds, and can be 
followed by delta waves, and stand out from normal brain activity. The spike 
waves occur when one or more spikes are followed by a slow wave, and occurs 
three times per second. Another characteristic in EEG recordings are sharp 
waves, which are different from spike waves. These waves happen over 80-200 
milliseconds (Geer, 2007).  
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Figure 1 (Warach, et al., 1996): This figure is a patient’s EEG diagram that 
shows the different stages of seizures: pre-ictal (the waves before the spikes), 
ictal stage (the spikes in the middle), and post ictal stage (the waves after the 
spikes) (Sheth, 2015).  The different numbering on the left side are the different 
electrodes that are connected to the scalp.  
 

2.4 Pattern Recognition Approach to EEG 
	  
Pattern recognition is a field within machine learning that has a focus on the 
recognition of patterns and trends in data. Pattern recognition are mostly trained 
from labeled training data that used in supervised learning, and not specifically 
for unlabeled training data used in unsupervised learning.   
 
To define a pattern, the definition of a feature needs to be asserted. A feature is 
defined as any distinctive characteristics that is symbolic or numeric. Pattern is 
then defined as composite of features that are characteristic of an object. In 
classification, a pattern is defined as a pair of variables (x,y) where x is a set of 
observations or features and y is the label of the observation (Cengiz, 2010).  
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2.4.1 Algorithms  

Pattern recognition has allowed for the development of algorithms to be used for 
machine learning. Pattern recognition algorithms have the goal to provide 
rational solutions to all the potential inputs and create a probabilistic matching of 
the inputs, taking into account their statistical variations.  These algorithms are 
based on machine learning and there are a variety of different algorithms 
depending on supervised learning or unsupervised learning (Lee, 2012).  

2.4.2 Supervised and Unsupervised Learning 

2.4.2.1 Supervised Learning  
	  
In machine learning, supervised learning is the task in data mining to infer a 
function from labeled training data. This training data consists of a number of 
training examples that the function will use. Each of these examples is a pair that 
consists of an input object e.g. a vector, and a desired output value, which is 
called a supervisory signal. An algorithm in supervised learning analyses the 
training data and produces an inferred function, that can be used to create new 
examples. The ideal scenario will allow this type of algorithms to correctly label 
unseen instances (McNulty, 2015).  
 
2.4.2.2 Unsupervised Learning 
	  
In machine learning, unsupervised learning is the task in data mining to find 
hidden structure in unlabeled data. Since the data in unlabeled, there is no signal 
to evaluate a potential solution. Unsupervised learning encompasses many 
techniques to that seek to summarize and explain key features of given data 
(McNulty, 2015).  
 

2.5 Statistical Measures of Performance  
	  
Statistical measures of performance is to evaluate the performance of binary 
classifiers, in this case Support Vector Machines.   

2.5.1 Sensitivity and Specificity  

A method to measure reliability within epileptic patients is by observing the 
specificity and sensitivity of the different pattern recognition algorithms and are 
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used in clinical tests. Some terms that are used for understanding of this method: 
 
True Positive:  a given patient has a disease with a positive test. 
False Positive: a given patient does not have a disease but has a positive test. 
True Negative: a given patent does not have a disease with a negative test.  
False Negative: a given patient has a disease but has a negative test.  
 
2.5.1.1 Sensitivity 
	  
Sensitivity of a given test is the ability to correctly identify the patients who do 
have a given disease. This is called true-positive rate. The statistical formula 
below shows how the test is calculated: 
 

 
 
And in probability notations: P(T+|D+) = TP / (TP+FN). 
 
This shows that sensitivity takes into account of the patients who have the 
disease and the test is positive in relation to the combination of the patients who 
have the disease and the test is positive and the patients of whom have the 
disease and the test is negative. A test that has 100% sensitivity has correctly 
identified all patients with the disease. And for example if a test that has a 60% 
sensitivity indicates that 60% of the patients have the disease but 40% also has 
the disease but it goes undetected. Therefore, a high sensitivity is an important 
part in clinical tests when the test is used to identify a serious but treatable 
disease (Tape, 2014).  
 
2.5.1.2 Specificity  
	  
Specificity of a given test is the ability to correctly identify the patients who do 
not have a given disease. This is called true-negative rate. 
 

 
 
And in probability notations:  P(T-|D-) = TN / (TN + FP) 
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This shows that specificity takes into account of the patients who do not have the 
disease and the test is negative in relations to the combination of the patients 
who do not have the disease and the test is negative, and the patients who do not 
have the disease and the test is positive. Therefore, a test with 100% specificity 
correctly identifies all the patients without the disease. For example, a test with 
40% specificity correctly reports 40% of the patients without the disease as test 
negative but 60% of the patients without the disease are incorrectly identified as 
test positive (Tape, 2014).  
 
2.5.1.3 Sensitivity Versus Specificity  
	  
With the knowledge of sensitivity and specificity, a test with high sensitivity but 
low specificity will result that many patients who do not have the disease will 
get a positive test and be subject to further investigation. The ideal test is to have 
either 100% sensitivity or specificity; an alternative is to first to subject patients 
who have a positive test on a test with high sensitivity but low specificity is to 
have a second test with a test with low sensitivity but high specificity instead. 
This will allow that all the false positive will be correctly identified without the 
disease (Tape, 2014).  

2.5.2 Receiver Operating Characteristics 

The receiver operating characteristics or ROC is a plot that shows the 
performance of a classifier as its dependent variables are varied. This plot is 
created using true-positive rate, which is sensitivity, over the false-positive rate 
called fall-out, which is 1 – specificity.  This implies that the ROC shows the 
sensitivity against the fall-out (Swets, 1996).  
 
2.5.2.1 Area under the Curve of ROC 
 
The area under the curve or AUC is the probability that a classifier will take a 
randomly chosen positive instance over a randomly chosen negative instance 
(Fawcett, 2006). This implies that the accuracy of a classifier is measured using 
the area under the ROC curve. An area or probability of 1 represents a perfect 
test where the classifier has an accuracy of 100%. An area or a probability less or 
equal to 0.5 infers that the classifier is not better than choosing an instance at 
random (Tape, 2014).  
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2.6 State-Of-The-Art  
	  
There have been a number of different studies and research in the field of 
Epilepsy, and more specifically in the field of EEG based epileptic seizure 
identification and prediction. In the case of seizure identification, there exists an 
abound of methods and studies. The methods that have been investigated to  
identify epileptic seizures are evaluated in the form of sensitivity and specificity 
(Stewart, 2010) (Winters, 2001) (Sharranreddy, 2013). 
 
In this thesis, the focus is on epileptic seizure identification or in other words 
classification, which rely on identification of features. There have also been 
studies covering many different areas of epilepsy classification and these studies 
show what has already been done in this field. The studies are predominantly 
concerned about the different epileptic seizure identification methods, in this 
case different algorithms and how reliable they are with identification compared 
to other algorithms (Mirowski, 2008) (D’Alessandro, 2003) (Xu, 2007). 
 
Related to our problem statement, this thesis concerns with window sizes and 
identification using probability. There does not exist much prior studies 
regarding window size in this field. There is a study that investigated window 
sizes in classification of EEG-emotion signal with wavelet entropy and support 
vector machine. They were looking if shorter time segments could improve 
accuracy for the algorithms. They achieved an accuracy of 65% using wavelet 
entropy for 3 to 12 seconds signal segments (Candra, et al., 2015). There exist 
more studies concerning about support vector machines and EEG analysis, but 
there is nothing more concerning window sizes in this context. An example of 
this is a study where they investigated classification of EEG signals using 
wavelet transforms and support vector machines for epileptic seizure detection. 
The results showed a classification accuracy of nearly 91.2% in detection of 
EEG signals (Panda, 2010)	  
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3. Method  
	  
The	  following	  section	  outlines	  the	  methodology	  used	  in	  this	  investigation.	  It	  
consists	  mostly	  of	  literature	  study	  with	  existing	  software	  to	  evaluate	  the	  
window	  sizes.	  	  
	  

3.1 The Process  
	  
The methodology to investigate the problem statement consist first of feature 
extraction from raw data and then classifying the different epochs using Support 
Vector Machines. This is done using a seizure detection software made by 
Michael Hill that was developed for the Kaggle Challenge for seizure prediction 
and the same software can be used for classification of EEG data. The software 
was based in Python and required prior dependencies to function (Hill, 2015). 
Michael Hill is a Computer Engineer from Sydney, Australia, and was one of the 
top 5 winners at this challenge. His implementation correctly and successfully 
calculates the probability that a given EEG data contains pre-ictal (Kaggle, 
2014).  
 
The process is to use the raw data, select a window size, use feature extraction, 
and then use classification. The data used for classification had training data and 
then test data. The software calculates the probability if the test segment is pre-
ictal as an average of the window sizes for the whole segment. This process is 
then repeated with a new window size. The following diagram shows the steps 
used to investigate the window size and how the implementation functions:  
	  

 
Figure 2: This figure shows how the investigation of the window sizes using an 
iterative process with different window sizes. 
 
The result is calculating the probability using area under the curve of ROC (See 
section 2.5.2 for more information) and runs through all the test segments. 
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3.2 Feature Extraction  
 
The features that were extracted from the raw data was Power Spectral Entropy, 
Fast furrier Transform, Higuchi Fractal Dimension, and Hurst Exponent. These  
features were implemented in the software and used due to their minimal time 
consumption during execution of the software (Hill, 2015).   
 

3.3 Classification  
 
Classification is about identifying which category an observation belongs to 
based on the training set that the classification algorithm has learnt from. The 
classification method used was Support Vector Machine implemented in Python 
using SciKit-Learn, a toolkit for machine learning in Python. It uses the pre-ictal 
data and the inter-ictal data as training data to learn from and then uses what it 
has learnt on the test data to identify pre-ictal epochs. 
 

3.4 Dataset  
 
The dataset has varying number of electrodes that are all across the scalp and are 
sampled at 5000 Hz. There are three different subsets in the data: the inter-ictal 
dataset, the pre-ictal dataset, and test dataset. As this thesis is about classification 
of the different epochs, these datasets have enough labels to distinguish between 
inter-ictal, pre-ictal, and non-ictal stages. The test dataset is used to test the 
accuracy of classification after it has applied the SVM algorithm and learned 
from the inter-ictal and pre-ictal datasets. The pre-ictal datasets are ten-minute-
long data clips prior to a seizure and the inter-ictal datasets are ten-minute-long 
clips of inter-ictal activity.   
 
There exists different kinds of datasets from Kaggle and they are either focusing 
on EEG recorded from dogs or recorded from patients with epilepsy (Kaggle, 
2014). In this thesis, we used data from patients and only one dataset as the 
execution time would take too long to investigate different window sizes.  This 
thesis used 61 different training segments and 196 test segments as it was 
provided from Kaggle. 
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4 Results 
 
The result was saved in excel format with the relevant probability and will be 
displayed as graphs for the varying window sizes. 

 
4.1 The Probability depending on Window Sizes 
 
	  

	  
Figure 3: The results are shown as a boxplot below for the different window 
sizes and probability.  
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4.2 Maximum and Minimum  
	  
 

Figure 4: The figure below shows the maximum and minimum probabilities that 
was achieved with the different window sizes throughout all the test segments.  
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4.3 Average Probability 

	  
Figure	  5:	  The	  figure	  below	  shows	  the	  average	  probabilities	  from	  all	  the	  test	  
segments	  with	  different	  window	  sizes.	  	  

 
	  
	  
	  
	  
	  
	  
	  



23	  
	  

5. Discussion 
 
This	  section	  will	  discuss	  the	  method,	  results,	  trends,	  anomalies,	  and	  problems	  
that	  we	  had.	  	  
	  

5.1 Discussion about Methodology  
	  
The methodology that we used came from the American Epilepsy Prediction 
Challenge from Kaggle. It was developed using Python and used the data that 
Kaggle had provided. This was very promising for us as we could use our 
knowledge in programming to manipulate the window size to investigate our 
research question. The method that we used was simple to use and understand, 
and did not require us to have prior knowledge about the medical and biological 
side of this thesis, except knowledge in object orientation that we had.  
 
There exist alternative methods to investigate our research question. Our initial 
method was to use EpiLab, a framework for the design and evaluation of seizure 
prediction algorithms from EU project EPILEPSIAE. This method was 
auspicious in the beginning but did not do as it promised in the documentation. It 
did not feature extract from the raw data provided from the project and it did not 
seizure predict from the featured data that was also provided from the project. 
We tried working around these by attempting to extract the data from the files 
using Matlab and also using the labels for our own implementation of SVM. It 
was discovered that the data that we had from the project did not have adequate 
labels and thus could not be used for classification. 
 
Another alternative method that we experimented with was EEGLAB, which is a 
MatLab toolbox for processing continuous and event-related EEG and consisted 
of a variety of different analysis methods and modes of visualization of the data. 
This method can be used with a variety of different datasets and can be very 
effective in analysis of EEG data. This method required some former knowledge 
of the system and also some medical/biological knowledge to comprehend the 
system, which we do not have. The biggest problem we had with this method 
was that the dataset that was freely available for the public at the time of our 
thesis could not be used with EEGLAB as the format was not supported by 
EEGLAB. EEGLAB also required another set containing the events and epochs, 
which could not easily be found to the public.  
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5.2 Discussion about the Results   
 
We acquired relevant results but did not expect the results that we got. The 
results that we got was the probability that a given segment is pre-ictal. It looks 
at a given window size of the segment and predicts the probability that it is pre-
ictal using SVM, and then evaluates the rest of the segment and averages all the 
probabilities for each window to give a probability for the whole segment. This 
was done for each segment file and with all the different window sizes. The 
result was plotted and analyzed to discover trends or patterns that shows us what 
we have discovered.  
 
The result shows us the probability over all the different segments of the 
epileptic patient’s EEG data that has been feature extracted. As seen in the 
results, small window sizes that are less than 60 seconds produce very 
inconsistent probabilities and has varying probabilities ranging from 0.3 to 0.65. 
Furthermore, using big window sizes that are bigger than 180 seconds produces 
similar results with irregular and fluctuating probabilities ranging from 0.25 to 
0.75. The result between and including 60 seconds and 180 seconds are more 
stable in terms of fluctuations and are mostly ranging from 0.45 to 0.55 in 
probability with some higher or lower spikes. Using this data, we are able to plot 
for the maximum and minimum values, as well as the average probability for 
each window size. This result shows us that the maximum and minimum value 
for each window size follow the same pattern throughout the window sizes, 
except towards the end where it contradicts some former knowledge about the 
effects of window sizes on analysis of EEG data. 
 
We also have to discuss the type of results that we have. The results are specific 
for calculating the probability that a given test segment is pre-ictal. This implies 
that the implementation uses the given window size to calculate the probability 
using AUC ROC and then does it continuously throughout the segment. The 
implementation uses this and calculates the average probability for the whole test 
segment. This means that the results that we got is not a representation of 
different window sizes for classification, except an indirect representation of 
classification as it uses SVM to calculate the probabilities. Seeing as we have an 
indirect representation of the performance of SVM and the impact of the 
different window sizes, it still clearly shows that 90 seconds is the most optimal 
and therefor also most optimal for classification of the EEG epochs.  
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5.3 Discussion about Trends and Anomalies  
 
As seen in Figure 4, the maximum and minimum values of the probability for the 
classification are nearly in synchronization during major part of the graph. Our 
assumption was that window sizes the biggest window sizes close to the full 
length of the segments would have worse probabilities than smaller window 
sizes. This is shown in the chart until the window size is bigger than 180 
seconds. The maximum probability value is increasing instead of decreasing as it 
would be expected to do as its window size is the whole segment and therefore 
should have lower probability. This can be an anomaly, which could be due to a 
fault in the software or having too little training data as we limited the data due 
to execution time.  
 
Except from this anomaly, the results clearly show us that the optimal window 
size for prediction of EEG epochs is around 90 seconds. The reason is not only 
that its average probability is significantly higher than the rest of the window 
sizes, but also that it is indefinitely the most stable result with an average 
probability of 0.62. This window size has the second to highest probabilities and 
it has the least fluctuating probabilities.  
 
5.4 Discussion about Problems 
 
The original intention of this study was to test several algorithms for epileptic 
seizure prediction. Due to the lack of time and expertise in the area, the decision 
to focus on the most common algorithm was made. Even though support vector 
machines are highly used in this area of studies there were some complications 
on multiple software products that were used. Most of the time went to trying to 
fix bugs in the different software products or finding new possible software after 
concluding that the former software could not be used. Losing valuable time 
forced us to find a finished product instead of building our own. Building our 
own program could give us more options in how the data is analyzed and 
presented. Finding a software that met the needs for this study was not difficult 
but most of them required to be purchased for amounts we could not provide. 
Luckily, a free python program was distributed through Kaggle by a contestant 
for their seizure prediction contest. This made it possible to acquire results but 
not without anomalies. If a self made software had been used the anomalies 
could probably have been avoided. We also had to limit the amount of features to 
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extract as it would be time-consuming and not necessary to look at all possible 
features that can be extracted.  
 
There have been problems with the datasets that have been publicly available for 
free. As mentioned earlier, the software that met the needs of this study required 
resources that we did not have. This also extends to the datasets that were 
available as there are datasets containing the information that we needed but also 
required resources. Most of the datasets that we found did not contain any labels 
for the different epochs as promised by the distributor of the datasets. Even iEEG 
portal that contains the largest database of scientific data and tools did not have 
any data that we could use. The only data that we could use was from Kaggle, 
which in turn could not be used with what we had. We luckily did find a solution 
but it only shows how unspeakably bad the availability of EEG data is.  
Today there exists a software called Persyst that is one of the worldwide leading 
companies in EEG software. Nine out of ten top hospitals in the U.S use Persyst 
for EEG monitoring and review according to U.S. News. Persyst is developed 
for clinical use and can be purchased through every major EEG manufacturer. 
Their software support seizure detection but was not an option for this study 
because of neither having a clinic or the necessary funds. 
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6. Conclusion 
	  
In conclusion, the optimal window size is hard to define. It could be argued that 
the optimal window size is around 90 seconds not only because it has the highest 
minimum probability and highest maximum probability, but also because it has 
the highest average probability. Other results are close to this as it is due to the 
fact that the highest minimum probability can also be achieved at 60 seconds and 
the highest maximum probability can be achieved at 600 seconds. The method 
that we used is an indirect representation of the performance of classification but 
as it produces better results at 90 seconds this method, so will it on a direct 
measurement of classification performance. Overall, we can make the statement 
that the optimal window size is around 90 seconds for classification of EEG 
epochs.  
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