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Abstract
Alzheimer’s is one of the most costly illnesses that exists today and the number
of people with Alzheimer’s disease is expected to increase with 100 million
until the year 2050 [2][9]. The medication that exists today is most effective
if Alzheimer’s is detected during early stages since these medications do not
cure Alzheimer’s but slows down the progression of the disease. Electroen-
cephalography (EEG) is a relatively cheap method in comparison to for ex-
ample Magnetic Resonance Imaging when it comes to diagnostic tools. How-
ever it is not clear how to deduce whether a patient has Alzheimer’s disease
just from EEG data when the analyst is a human. This is the underlying mo-
tivation for our investigation; can supervised machine learning methods be
used for pattern recognition using only the spectral power of EEG data to tell
whether an individual has Alzheimer’s disease or not? The output accuracy of
the trained supervised machine learning models showed an average accuracy
of above 80%. This indicates that there is a difference in the neural oscilla-
tions of the brain between healthy individuals andAlzheimer’s disease patients
which the machine learning methods are able to detect using pattern recogni-
tion.
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Sammanfattning
Alzheimers är en av de mest kostsamma sjukdomar som existerar idag och an-
talet människormedAlzheimer förväntas ökamed omkring 100miljonermän-
niskor tills 2050[9]. Den medicinska hjälp som finns tillgänglig idag är som
mest effektiv om man upptäcker Alzheimers i ett tidigt stadium eftersom da-
gensmediciner inte botar sjukdomen utan fungerar som bromsmedicin. Elektro-
encefalografi är en relativt billig metod för diagnostisering jämfört med Mag-
netisk resonanstomografi. Det är emellertid inte tydligt hur en läkare eller an-
nan tränad individ ska tolka EEG datan för att kunna avgöra om det är en
patient med Alzheimers som de kollar på. Så den bakomliggande motivation
till vår undersökning är; Kan man med hjälp av övervakad maskininlärning
i kombination med spektral kraft från EEG datorn skapa modeller som kan
avgöra om en patient har Alzheimers eller inte. Medelvärdet av våra model-
lers noggrannhet var över 80%. Detta tyder på att det finns en faktiskt skillnad
mellan hjärna signalerna hos en patient med Alzheimers och en frisk individ,
och att man med hjälp av maskininlärning kan hitta dessa skillnader som en
människa enkelt missar.
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Chapter 1

Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative sickness and is
classified as a type of dementia. Infact Alzheimer’s contributes to around 60-
70% of dementia cases[9]. The average duration of the sickness is around 10
years if the preclinical stages where the patient displays symptoms are not in-
cluded. However if the preclinical stages are included the average duration
of the illness is somewhere around 20 years [2]. Early Alzheimer’s disease is
characterized by the difficulty to remember newly acquired information since
AD typically begins with affecting the part of the brain that is connected with
our learning capabilities. As the illness progresses the symptoms become
more severe and often result in symptoms such as disorientation, mood and
even behaviour changes.

Alzheimer’s disease has an overall prevalence of 10-30% in the popula-
tion of people above 65 years of age [2]. Most of the people that are diag-
nosed with Alzheimer’s disease have the sporadic form. The sporadic form of
Alzheimer’s disease which is characterized by the late onset (80-90 years old)
is the consequence of the failure to clear the amyloid- (A) peptide from the
interstices of the brain [2]. The evidence that currently exist seems to indicate
that Alzheimer’s disease is a consequence of genes rather than environment
since the illness occurs approximately at the same rates in all of the world’s
populations [2].

Given the fact that most people affected by AD are above the age of 65
coupled with the growth of the senior demographics in the west, the number
of people with Alzheimer’s disease is predicted to grow up to 152 million by
2050 worldwide [9]. The total global cost of Alzheimer’s disease in 2015 is
estimed to around 818 billion us dollars [9] Given all of this it becomes clear
why many groups in the recent decade have started to look into ways to di-
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2 CHAPTER 1. INTRODUCTION

agnose Alzheimer’s disease as early as possible[8]. Since it is very important
that Alzheimer’s is detected as quickly as possible for our current medical
treatments to be effective[8]. The main reason for the necessity for early de-
tection is that studies have indicated that the biological damage caused by AD
begin long before there are any visible clinical symptoms[8]. Hence these
factors call for a method to screen a larger population of individuals and the
community is looking, among other methods of course, at Electroencephalog-
raphy(EEG) since it is a method that is inexpensive and much more accessible
to health professionals around the globe compared to for example magnetic
resonance imaging (MRI).

1.1 Problem Statement
“Provided labeled EEG data gathered from healthy and individuals with con-
firmed Alzheimer’s disease; can any of the supervised machine learning meth-
ods, support vectormachine, linear discriminant analysis, andK-nearest neigh-
bours be used to train a model that when applied on other patients give high
output accuracy on whether the patient is sick or not.”

1.2 Scope and Objective
The purpose of the study is to use labeled EEG data of healthy and AD individ-
uals to test various supervised machine learning methods in order to analyze
what approaches presents the best classifications. Provided high accuracy of
the output of the program when compared to the labeled data, the results can
then be used to further investigate better programs for detecting treats in AD
patients. If the accuracy of the trained models do not perform well then the
report serves as a reference on which methods do not work well in the classi-
fication of Alzheimer’s disease. In other words the objective of this thesis is
to evaluate the potency of using only spectral power as a feature to train the
models on and then use these models to detect Alzheimer’s in patients



Chapter 2

Background

2.1 Alzheimer’s DiseaseDetectionUsingEEG
When it comes to detecting Alzheimer’s from exclusively EEG recordings
there are a handful of EEG features that have been investigated thus far. Some
of these features are band power, coherence or synchronization and ERP-based
features[7].

2.1.1 The Role of EEG in Alzheimer’s Detection
EEG is a type of technology used to measure and visualize a patients brain ac-
tivity. That which is measured by this technology is waves produced by a neu-
ron when current passes through activated neurons that have generated mag-
netic and electrical fields. The activity of the brain is reflected in the range of
frequencies these waves produce. These recordings are made from electrodes
that are attached to different parts of the brain. This type of EEG setup is called
non-invasive scalp EEG. As mentioned earlier EEG can be used for measur-
ing brain activity in form of electrical signals and this method has proven its
potential in early diagnosis of Alzheimer’s disease [1] . To perform these mea-
surements several electrodes are placed onto the scalp with specific positions
to measure the spontaneous activity of the brain over a certain period of time.
The positions of these electrodes usually follow the international 10-20 stan-
dard which is a scheme that describes where to put these electrodes. These
measurements are most often described as rhythmic activity. The rhythmic ac-
tivity in EEG is usually divided in specific frequency bands: 0.5-4Hz(delta),
4-8 Hz(theta), 8-10 Hz(alpha 1), 10-20 Hz(alpha 2), 12-30 Hz(beta) and 30-
100 Hz(gamma) [7].
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4 CHAPTER 2. BACKGROUND

Through the EEG recordings one can get two primary features that are
used for AD detection. One is the strength of the signal i.e the amplitude of
these waves and the other is the coherence of the recording in each of the above
mentioned frequency bands.

2.2 PatternRecognitionApproach to EEGAnal-
ysis

Generally the types of machine learning algorithms are split into: 1. Unsu-
pervised learning 2. Supervised learning 3. Reinforcement learning. Unsu-
pervised learning algorithms are self-learning based on unclassified and un-
labeled data. In supervised learning the training data is given and the algo-
rithm learns from it so that it can map the input to the output. Interestingly,
the methods used when using machine learning as a tool to diagnose AD are
almost exclusively using supervised learning[6].

2.2.1 Feature Extraction
Feature extraction is the act of transforming signals into values which rep-
resent that which one is trying to quantify. This includes,but is not limited
to,artifact removal and signal transformation. In the case of Alzheimer’s dis-
ease detection the frequencies 50-60hz are usually regarded as artifacts and
thus suppressed because the values at these frequencies are simply interfer-
ence from the power supply of the equipment itself [3]. Other artifacts that
are usually suppressed are eye movement and blinking, fortunately these arti-
facts have quite distinct and obvious effects on the EEG recordings so they are
easy to identify. The following section will go into more detail regarding the
extraction of the spectral power from the EEG.

2.2.2 Spectral Power and Fast Fourier Transform
A Fourier transform takes a time signal and divides it into its frequency com-
ponents, i.e sine and cosine waves, which in turn shows the difference in their
magnitude, and this magnitude is referred to as the spectral power. This ex-
tracted spectral power is measured in voltage of the EEG-signal represented at
each frequency. Thus it is possible to gauge the strength of the signal at a de-
sired frequency. Which in turn enables one to sum over intervals of signal fre-
quencies e.g the frequency bands described earlier (alpha,theta and beta etc) ,
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this summation is called Spectral power band/bands. Since Fourier transforms
usually assume that the signal is stationary and infinite, the discrete Fourier
transform(DFT) is used instead. And fast Fourier transform(FFT) is just a dif-
ferent implementation of DFT that uses some clever tricks to improve the time
complexity of the algorithm. This is important and useful when using these
methods in a computer.

2.2.3 Classification
Classification, as one can guess from the name, is the act of classifying data
into one or several categories depending on the attributes of the data. Binary
classification which is the type of classification relevant for this report is when
all the elements of the given set is divided into two separate groups through
the use of a given classification rule.

2.2.4 Support Vector Machines (SVM)
The core idea of a support vector machine is to distinguish between two classes
using a hyperplane that maximizes the margin between the data from the two
classes. A hyperplane is a flat affine subspace of dimension p-1 in a p-dimensional
space. So this means that in for example two dimensions a hyperplane is a flat
one-dimensional subspace, i.e a line [7]. And the number of dimensions p is
dependent on the p number of features used as input on the classifier.

Figure 2.1: An example of hyperplane separation for classification in the 2
dimensional space Source: From [5]

In the example of figure 2.1 it is clear that if there is a separating hyper-
plane, there is usually more than one such hyperplane, in fact there are an infi-
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nite number of such hyperplanes [5]. But the one to the right is the one that we
want and should get and this is the maximal margin classifier [5]. To find this
maximal margin classifier we compute the distance from each training obser-
vation to a chosen hyperplane. The shortest distance from an observation to
the hyperplane is known as the margin. And the maximal margin classifier that
we are trying to determine is the separating hyperplane for which the margin
is largest [5].

Figure 2.2: the maximal margin hyperplane is the dark line and the dotted lines
are the support vectors Source: From [5]

The three vectors that are pointed out in figure 2.2 are the “support” vec-
tors to the maximal margin hyperplane. They support the hyperplane in the
sense that if they are moved then the hyperplane itself changes since the dis-
tances to the closest points are changed, and the maximal margin hyperplane
is dependent on the distances as explained earlier.

Thus far the example of the hyperplane has been linear, but when more
complex features are analyzed a linear hyperplane may not be able to get the
job done. In that case the two most common variations of support vector ma-
chine algorithms are polynomial kernel and radial basis function kernel (RBF-
kernel) [5].

2.2.5 K-Nearest Neighbours (KNN)
The basic idea of the KNN algorithm is that there is actually no “learning”
taking place since the model that this algorithm builds is the entire training
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set. In other words it takes the entire training set of data that is feeded into
it and plots it in n-dimensional space, where n corresponds to the number of
features in the data set, so it keeps all of this data in memory. Then when faced
with a test sample the algorithm simply plots the new unclassified set into the
same n-dimensional space as the training set.

Figure 2.3: Showing what the k in knn stands for. Source: From [5]

Then the/these new point/points are compared to every existing point of
the training data that already existed in the plot and has labels. After this the
most similar pieces of data (i.e the nearest neighbors) have their labels looked
at, so as we can see in figure 2.3 the algorithm looks at the top k most similar
data points from our training dataset. And the last step before classifying this
new piece of data is taking a majority vote from the k nearest neighbors with
respect to their labels, and the label with the most votes is the label that is
assigned to our new piece of data.

2.2.6 Linear Discriminant Analysis (LDA)
Linear Discriminant Analysis maximizes the separability among known cat-
egories. Assuming the dimension of the categories is M, LDA projects N-
dimensional features onto a M-1 dimensional space.

In the case of M=2 , LDA calculates the mean() and the scatter(s) of each
category. The nominator of (Eq. 1) represents the distance between the mean
values of the two categories. Ideally this distance should be as large as pos-
sible. On the other hand, the denominator of (Eq. 1) should ideally be mini-
mized. Each scatter in the denominator represents the range between the val-



8 CHAPTER 2. BACKGROUND

ues in each category, the smaller the scatter the more clustered each category
is.

The new axis is chosen to maximize the distance between the two mean
values between the two categories while simultaneouslyminimizing the scatter
within each category.

Eq1 :
(µ1 − µ2)

2

s21 + s22

2.2.7 Receiver Operating Characteristic (ROC)
The ROC curve illustrates how a binary classifier model performs. The plot
compares the false positive rate (x-axis) against the true positive rate (y-axis)
of the data points. To calculate the ROC curve the True Positive Rate and the
False Positive Rate must be calculated for each possible threshold. Assuming
that the red pixels in Figure 2.4 represents the sick patients and blue pixels
represents the healthy patients, the red pixels to the right of the threshold line
are correct predictions of sick patients and the blue pixels to the left of the
threshold line are also correct predictions of healthy patients. The True Posi-
tive Ratio is then calculated by choosing the nominator as the amount of sick
patients(red pixels) to the right of the threshold line and dividing it by the de-
nominator which is the total amount of sick patients. The False Positive is
calculated in a similar fashion. The numerator is chosen to be the amount of
healthy patients (blue pixels) to the right of the threshold line divided by the
total amount of healthy patients.

Figure 2.4:

Figure 2.5 below illustrates three different ROC curves (Purple, Green, and
Grey) and a diagonal line (Blue).The closer the graph is to the diagonal line
the less accurate the test is for a given particular threshold. The closer the
graph is to the value of (x,y)=(0,1) the more accurate the test performs. The
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Grey ROC curve illustrates poor results while the Green ROC curve illustrates
decent results and the lastly the Purple ROC curve visualizes perfect outcome
of the test. Notice that in the perfect scenario the area under the ROC curve
also represents a 1x1 square.

Figure 2.5:

2.3 Related Work
In the last decade several groups have investigated and are still investigating
the potential of electroencephalograms (EEGs) for diagnosing AD or early
stages of AD. One of the main reasons for focusing on the early stages of AD
is that the medications that exists today are most effective at an early stage
of the disease[4]. The main benefit of EGG compared to other traditional or
conventional methods is that EGG recording systems are inexpensive and can
be quitemobile[4]. Hencewhy EGGmay potentially be used as a tool to screen
a large population for Alzheimer’s disease much faster than we can screen for
it today.
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2.3.1 Alzheimer’s Detection
In a review paper [4] which looked at the major effects of Alzheimer’s disease
on EEG signals there was three major aspects of EEG recordings that got af-
fected. The first aspect of EEG that gets affected by Alzheimer’s disease is
slowing of EEG. Studies have shown that this slowing down is related to AD
since AD is associated with an increase of power in the lower frequencies (the
theta and delta band which is a range from 0.5 to 8 Hz) and simultaneously
cause a decrease of power in higher frequencies(alpha,beta and gamma which
is a range from 8-100 Hz). To quantify these differences the studies reviewed
used the Fourier transform [4].

The second aspect is a reduction in the complexity of the EEG signals.
This means that the signals are more regular in those with AD than their age
matched control.

Lastly we have the reduction in EEG synchrony for AD patients under rest-
ing conditions. This synchrony is dependent on neural oscillation which is the
rhythmic activity in the central nervous system. When many neurons sync up
then there can be a macroscopic oscillation that can be observed in an elec-
troencephalogram.

2.3.2 Feature extraction
As stated in [3], before EEG signals can be used for analysis there is a need
for preprocessing. This is done in order to remove interference from the elec-
tronic equipment as for example the 50 or 60 Hz power supply signals and
electromyographic signals evoked by muscular activity and lastly ocular ar-
tifacts due to eye movement or blinking. This is important because if these
signals are not filtered they may bias the analysis of the EEG and thus lead to
wrong conclusions [3]. It is often believed that electromyographic activity is
confined to the higher frequencies (above 40 Hz) [3]. Thus a low pass filter
is often applied to the EEG data to remove these artifacts. However several
studies have shown that the range of the electromyographic activity frequen-
cies is wider than this assumption. So what is usually done is that a bandpass
filter is applied, what this does is that it focuses on a predetermined range of
frequencies and reject all other frequencies outside of this[3].

A method used to stop the blinking and movement artifacts mentioned ear-
lier is called artifact suppression. This method is really basic since one simply
asks the subject to suppress movement and blinking. The problemwith this ap-
proach seem to be that the attention that the subject has to use in order to stop
these things actually affect the brain activity which may distort the data[3].
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Using filtering in the way explained earlier, i.e just determining beforehand
which frequencies to focus on is called fixed filtering. Fixed filtering is not al-
ways a suitable approach since one cannot know the spectrum power artifacts.
Instead what is sometimes used is adaptive filtering which is designed using
electro-oculographic or electromyographic measurements, since these types
of measurements are strongly correlated with artifacts[3].
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Methods

3.1 Data
The data used in this studywas provided to us fromKarolinska institutet. None
of the patients personal data exists in the dataset, the only data we where pro-
vided other then the EEG recordings where labels which told us if a recordings
belonged to a control or not. This means that we no idea of gender,age or any
other type of data that can be used to even remotely identify these patients.

The data usedwas thirty EEG recordings of fifteen patients withAlzheimer’s
disease and fifteen control patients and all of them where in a resting state.
There was no other labels on the data that we worked on except the fact that
we knew which EEG recording belonged to which of the aforementioned two
groups. There is no preprocessing done on the data itself except that it is con-
verted from the analog recordings of the electrodes to binary files which can
be used on a computer. This was done through using the brain vision data soft-
ware. As a result of using brain vision data software every patient is associated
with three different files which are used to convey information about the ses-
sion where the recording took place. The sampling for the recordings where
executed using the standard 10-20 system and thus we had 21 channels where
recordings took place on every patient. Sampling rate for all thirty of the pa-
tients where 500hz over a period which varied between 450 - 800 seconds. To
load these .dat files into matlab we used the bvaloader library which is open
source and made for loading in this type of data into matlab as matrices.

12
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Figure 3.1: Raw EEG

In figure 3.1 we have 5 seconds of EEG data that was used. The Y-axis is
depicting all 21 channels that correspond to the 21 electrodes placed on the
scalp of the patient and the X-axis is the time in seconds. This is what we saw
when we loaded the .dat files into matlab with the bvaloader.

3.2 Feature Extraction
We took out 1 channel at a time and divided the recording into windows that
are ten seconds long. The windowing schema that we used is a simple one,
namely we used moving rectangular windows with, as mentioned above, a
width of ten seconds and an overlap of one and a half second between each
window. Since the length of the recordings where not uniform the length of the
last window may not be ten seconds exactly. So if the last window is shorter
than ten seconds then we still use it, but its length is just shorter. On each
window FFT(Fast Fourier Transform) is applied to go from the time domain
to frequency domain. Thus the spectral power magnitudes have been extracted
from the data. From the extraction of all possible frequencies from the data we
take out the spectral powers in the frequency range 4-7 hz and average it. So in
other words for every channel we take out the spectral power in the frequencies
4 to 7hz and average the power within each window, i.e within each 10 second
span. We do this in order to compress the data so that we move from 200000-
350000 points for each channel down to 60-120 points. After all of these steps
are done we end up with a matrix for every patients that is num_windows x
num_channels.
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Figure 3.2: pre processed EEG

Figure 3.2 shows the result of applying our preproccesing algorithm on
1 of 21 channels. So what is being plotted here is the average power in the
frequency range 4-7hz for every window for 1 channel. In other words the
Y-axis here is the average spectral power of each window for this particular
channel and the X-axis is the number of windows.

3.3 Classification
Before choosing to go with the three classification algorithms explained in the
background section we actually plotted the data of healthy and sick patients
as in figure 3.3 below to get a sense of what the data looked like. The reason
we did this was to see if the data had any clear clustering or any other clear
structures that we could use to improve our detection accuracy through the
choice of suitable classification algorithms. What we did was that we paired
one sick patient with one control patient randomly and ended up with fifteen
pairs. Then we plotted these pairs in the same fashion as figure 8. One im-
portant thing to note is that in these comparisons we limited the number of
windows to the number of windows of the shortest recordings of the two. This
can also be seen in figure 8 since the two graphs end at the same window.

For our classification we used the three methods that were showcased in
the background section of the report. We did not implement these three algo-
rithms ourselves but just like the FFT function we used what already existed in
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Figure 3.3: Red graph is control patient and blue graph is patient with
Alzheimer’s disease. The Y and X axis are representing the same values as
figure 3.2, i.e x-axis is window number and y-axis is average spectral power
of each window.

matlab’s machine learning toolbox for our needs. The training of the models
were done on twenty patients, ten control patients (i.e healthy individuals) and
ten patients with confirmed Alzheimer’s disease. The models where trained
with the matrices from the feature extraction part and we used 3-fold cross
validation for all of the models. We then checked how the models classified
each of the windows of the remaining 10 individuals that it had never seen
before and calculated the accuracy of each model based on how many of the
windows of each patient was correctly classified.
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Results

The accuracy of the supervised machine learning classification methods, sup-
port vector machine, linear discriminant analysis and K-nearest neighbours
that were used to train models are presented in this section. This section
shows the accuracy of the training set that was used to train the model and
the accuracy of the testing set which the model was later applied upon. The
intersection of the training set and the testing set is the empty set. All mod-
els were trained with 20 randomly chosen patients consisting of 10 healthy
individuals and 10 Alzheimer’s disease patients. These 20 randomly chosen
patients represents the training set. The model was then applied and tested
on the testing set which consists of 5 healthy individuals and 5 Alzheimer’s
disease patients. Furthermore, each model is accompanied with a ROC curve
which of the trained model and the accuracies of the models are summarized
below in Table 4.1.

Table 4.1: Summarized Results
Models Training

Accuracy
Testing Accuracy

SVM 98% 81%
LDA 98% 78%
KNN 99% 84%

16
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Figure 4.1 shows the ROC curve for the Support Vector Machine based
model. The highest output accuracy of the SVM model is 98% which is ob-
tained at a threshold of 0,06 which can be seen from the current classifier
(red dot). The current classifier is approaching the upper left corner at (x,y) =
(False positive rate, True positive rate) = (0,1) and the AUC is almost reaching
its maximum value of 1.

Figure 4.1: ROC Curve for SVM Model

Figure 4.2 shows the ROC curve for the K-nearest neighbour model. The
highest output accuracy of the model is 99% obtained at a threshold of 0.01.
The current classifier is almost at the upper left corner at (x,y) = (False posi-
tive rate, True positive rate) = (0,1) and the AUC value is nearly 1. The area
underneath the ROC curve almost represents a square.
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Figure 4.2: ROC Curve for KNN Model

Figure 4.3 shows the ROC curve for the Linear Discriminant Analysis
model. The highest output accuracy of the model is 98% obtained at a thresh-
old of 0.06. The current classifier, (x,y) = (False positive rate, True positive
rate) = (0,1) and the AUC value is close to the value 1.

Figure 4.3: ROC Curve for LDA Model
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Discussion

5.1 Results Analysis
Firstly the results are analyzed through a perspective relating problem state-
ment; can any of the machine learning methods be used to create a high output
accuracy model to predict Alzheimer’s? Then the results will be discussed in
terms of their value for detecting Alzheimer’s in a broader view, i.e are the
results of any value in detection of Alzheimer’s disease.

As can be seen from the Training Accuracy (TRA) and Testing Accuracy
(TEA) of the various methods the output accuracy of the models are quite
high. The model seems to perform quite well on both measurements. The high
accuracy of the TRA depends on the fact that the model is trained using 3-fold
cross validation. This means that the training set is divided into 3 different
groups. The model is trained using 1/3 of the training set and tested on the
other 2/3 of the training set. This is done three times over for every group. The
final output accuracy is the average accuracy calculated from the 3 accuracies
given from every group. Since each data point in our data set represents a
window from either a healthy or sick patient it is highly likely that each patient
has its data spread across these 3 different groups. This is why the training
accuracies are so high, the model is learning patterns of all the patients at the
same time in a sense even the patients that it then later tests on. So in other
words in our data set the test and training data points can be associated with
the same patients since we are only interested in the windows themselves.

The TEA on the other hand has a lower accuracy. The patients from the
TEA data set are completely left out from the training data set. None of the
data points from these patients have been included into training any of the
models. When the models are applied to this set, the testing set, it therefore

19
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gives a lower output accuracy because the model are trying to relate the data
points from the testing set to the data points from the training set and give a
response. This is as expected and the accuracy is surprisingly high if the low
number of testing data points are taken into account.

So what could be the impact of these results? One of the primary results of
this report is that we have added to the evidence pool that EEG recordings have
potential when it comes to diagnosing patients with Alzheimer’s disease. Be-
cause, as mentioned in the introduction and background,using EEG as a tool
to detect Alzheimer’s disease is not fully developed yet. Perhaps more impor-
tantly we have shown that this type of diagnostics can be done using pattern
recognition techniques if one format the data recorded in the correct way and
extract the relevant features. Furthermore our results seem to indicate that
once one has a trained a model on full recordings, the model is then capable of
classifying even 10 second windows of new data which is not something that
we have seen tried before thus far. What this means is that EEG could actually
work as a method for screening of large populations so that we can identify
which patients really need to come in contact with highly trained profession-
als. Because it is important to remember that we are not using anything but
the spectral power to do these classifications, which we think means that if in
the future there is a way to combine more features to create a more complete
model, the true potential of EEG will be uncovered.

5.2 Future Research
Whatwe have done here is, as pressed upon throughout the thesis, focus strictly
on the spectral power of the EEG recordings. So in order to get a more com-
plete detection method it would be interesting to see some work done where
the coherence of the EEG recordings are compared between AD patients and
healthy patients and combine this with spectral power. This approach would
be especially interesting and valuable since it is still only dependent on the use
of EEG as a diagnostic tool and hence keeps all of the benefits of using EEG
which was presented in the introduction. Another aspect that would be impact-
ful would be to investigate what percentage of patients classified as having AD
actually end up having AD when diagnosed further. Because,as explained in
the introduction, one of the main benefits of using EEG is that one can examine
a large population quite fast, hence why it would be interesting to see how the
result from a model based on EEG correlates with the other diagnostic tools
we have available today. Another valuable aspect that could be investigated
further is how much training data that is actually required for accurate classi-



CHAPTER 5. DISCUSSION 21

fication of patients. In other words how long should each recording be before
we have diminishing returns on the amount of data gathered.



Chapter 6

Conclusion

Provided labeled EEG data gathered from healthy and individuals with con-
firmed Alzheimer’s disease; the supervised machine learning methods, sup-
port vector machine, linear discriminant analysis and K-nearest neighbours
can be used to train models where the accuracy range is between 78%-84%
depending on which method was used. All of the models performed well but
varies slightly in their output accuracy depending on the algorithms that are
used by the models for the classification of the individuals.

The models were trained using a group of patients labeled as the Testing
Group. The models were then extracted and applied on another set of group
containing patients labeled as the Testing Group. None of the data points from
the patients in the Testing Group were present in the Training Group which the
model was trained on. This minimizes biased results which can be see from
comparing the Training- and the Testing Accuracy in Table 4.1. It is highly
important to separate the Testing- and the Training Group so that none of the
data points from the Testing Group are present in the Training Group to avoid
biased results.

The results presented in the report indicates that there is a potential when
it comes to classifying healthy and Alzheimer’s disease patients using EEG
data and supervised machine learning methods. Furthermore since the output
accuracy of trained models have an average of above 80%, we have shown
that the potency is quite high when using only spectral power as a feature to
train the machine learning models. Using this report as a basis it would be
beneficial to improve the techniques we have applied to further investigate the
problem statement specified.
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