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ABSTRACT 

Currently, Alzheimer's disease is diagnosed through a lengthy process, including 

patient history, neuropsychological testing, neurophysiological analysis, and 

psychological evaluations. There is hope that a quantitative, objective diagnostic 

procedure would increase diagnosis capabilities, including earlier detection, an increase 

in ease of diagnosis, and greater diagnosis consistency. 

This thesis investigates using power values and complexity measures of the 

electroencephalogram as input features to a neural network for classification of 

Alzheimer's disease patients, mild cognitively impaired patients, and control subjects. 

Specifically, the complexity measures activity, complexity, and mobility, as well as the 

relative power values in frequency bands delta, theta, alpha, beta, and gamma are 

calculated for the electroencephalogram of each subject Finally, a Learning Vector 

Quantization Neural Network will be designed to classify each subject into their 

respective category based upon an input vector consisting of these power features. The 

ability of this network to classify patients correctly will be measured and reported. 
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CHAPTER 1 

INTRODUCTION 

It is estimated that roughly 4.5 million Americans suffer from Alzheimer's 

disease (AD). To say that this condition has changed many people's lives is an 

understatement. Alzheimer's disease is a progressive and irreversible disease that causes 

decline in multiple areas of cognition, including memory loss, disorientation, delusions, 

hallucinations, emotional outbursts, and a general deterioration of mental ability. It has 

been found that 3% of men and women ages 65 to 74 have AD, and nearly half of those 

85 and older may have the disease (I). The disease progresses relatively slowly, and the 

duration of illness ranges from 3 to 20 years. Over several years, AD progressively 

destroys a person's cognition, personality, and ability to function, and in the presence of 

no other serious illness, the loss of brain function itself will cause death (2). Though the 

disease is wide spread, it is not believed to be a normal part of aging. 

Due to the sheer number of people that are affected, there is a significant amount 

of ongoing Alzheimer's research. Currently, Alzheimer's disease is diagnosed using 

many different tools, including patient history, physical examinations, and a mini mental-

state examination, which tests a patient's language skills, learning abilities, and short-

term recall. Unfortunately, a final and conclusive diagnosis of Alzheimer's disease is 

possible only through examining a patient's brain during an autopsy. Though trained 

clinicians at Alzheimer's research facilities can currently diagnose with nearly 90% 

accuracy, the hope is that a quantitative software diagnosis might exceed this, particularly 



in the early phases of the disease when AD is difficult to distinguish from other neuro

degenerative diseases. 

l.I Motivation 

Early diagnosis has long been an area of interest in Alzheimer's disease research, 

as it offers the best chance to treat AD symptoms during the early phases of the disease. 

This early treatment has shown to greatly slow Alzheimer's disease's progress. Also, 

early diagnosis allows patients to participate in choices regarding their future, including 

health care and living arrangements. A primary goal of this research is to provide an 

objective and quantitative diagnosis method to supplement current neuropsychological 

testing. In addition to increased ease of diagnosis and greater prediction consistency, 

there are several other motivating factors for this study. 

In many cases, expensive and complex diagnostic tools have been used to predict 

Alzheimer's disease. This can include, but is not limited to, 3-dimensional and diffusion 

tensor Magnetic Resonance Imaging (MRI) (3, 4). One of the major advantages of early 

diagnosis through EEG is that the diagnostic equipment is relatively inexpensive, and 

very widespread. While most major medical facilities already ovra 

electroencephalography equipment, very few facilities can afford to add diffusion tensor 

MRI hardware. Though research using these more expensive tools is invaluable in 

learning about Alzheimer's disease and its progression, widely available equipment lends 

itself more easily to a diagnostic procedure. 



This thesis includes several key additions to preliminary data (16) previously 

analyzed at Texas Tech University (ITU). First, this study includes an increase in the 

number of patients studied. With a greater number of patients, less statistical deviations 

are expected. Secondly, the EEG system used in this study contains 21 channels, a 

sizable increase from the nine channels used in past TTU studies. The increased quantity 

of channels will lend greater spatial sensitivity to changes in the EEG. 

Possibly of greater importance, the diagnostic procedure has been conducted in a 

more consistent manner. This is due to all patients participating in the dementia clinic at 

the Texas Tech University Health Science Center (TTUHSC). In this clinic, each patient 

is diagnosed by a committee of experts and all diagnoses are made according to a book of 

criteria (5). It has been shown in the past that consensus diagnoses have increased 

accuracy over diagnoses made by a single trained clinician or expert. 

Finally, the greater role of mild cognitively impaired patients is another 

motivation. In past studies, it has been shown that many MCI patients progress to 

develop AD (6,7). Compared to past TTU studies, this study incorporates an increased 

emphasis on MCI patients, with hopes that they will aid in the earlier recognition of 

Alzheimer's disease. 

1.2 Statement of Research 

The goal of this study is to determine relevant power factors of the EEG that can 

be used to create a quantitative method for diagnosis of early AD. After discriminating 

power factors are determined, a neural network will be designed to classify individual 



EEGs into their respective diagnosis. The ability of this network to classify the patients' 

EEGs correctly will be measured and reported. 

The following sections include a brief introduction to some of the terms and 

concepts involved in this study, including the diseases being studied and some of the 

tools and concepts used in a quantitative diagnosis. 

1.3 Disease and Subject Information 

All patients and controls included in this study were evaluated and identified via a 

consensus diagnosis through the memory disorders clinic at the TTUHSC. Four 

categories were investigated in this study. These categories are: patients with 

Alzheimer's disease, patients with Vascular Dementia, patients with Mild Cognitive 

Impairment and healthy controls. Specific diagnosis criteria can be found in Appendix 

A, and more information on each category follows. 

Alzheimer's disease is an age-related, irreversible brain disorder that occurs 

gradually and results in memory loss, behavior and personality changes, and a decline in 

thinking and intellectual abilities (8). The disease varies in both severity and, while the 

patient is living, in certainty of diagnosis. In severity, AD is typically classified as mild, 

moderate or severe. Because this is a study involving the early detection of AD, only 

patients with mild severity are admitted. In certainty of diagnosis, patients are said to 

have definite, probable or possible Alzheimer's disease. As previously noted, a definite 

Alzheimer's disease diagnosis is not possible without evidence obtained from an autopsy. 

Probable Alzheimer's disease patients are those who have established dementia and 



continuing decline in two or more areas of cognition. Finally, Possible AD is a less 

certain diagnosis than Probable AD, exhibiting AD symptoms without meeting all 

required criteria. For this study, only Probable AD patients are included. 

Mild Cognitively Impaired (MCI) patients are those who do not meet criteria for 

dementia but are more than 1.5 standard deviations below age-appropriate standards in a 

single cognitive domain. The patients often have a self reported cognitive complaint, but 

can still make adequate compensations in their daily routines. It has been shown that 

nearly half of these patients will progress to develop Alzheimer's disease (6). As a result, 

this is an important group to monitor and evaluate in early detection methodologies. 

Vascular dementia is a condition in which cognitive decline and dementia are 

present due to stroke. Most often it is due to multiple minor strokes. Similar to 

Alzheimer's disease, vascular dementia is irreversible and progressively causes 

deterioration of cognition. The disease is manifested by impairment of memory and two 

or more cognitive domains (5). Additionally, diagnosis criteria include the presence of 

cardiovascular disease and a strong chronological relationship between the cardiovascular 

disease and onset of dementia. Due to the relatively small number of vascular dementia 

patients in the memory disorders clinic, this thesis is primarily focused on Alzheimer's 

disease and Mild Cognitive Impairment. 

Finally, healthy control subjects have been recruited for comparison. All controls 

are 'age-matched' controls, meaning they are of comparable age to the other three 

categories. The spouses of afflicted patients were found to be a good source of controls 

for this study. Though they have often shared a similar environmental background with 



an Alzheimer disease patient, the absence of a genetic relationship was determined 

sufficient separation. 

1.4 Electroencephalogram Information 

Previous research has shown that electroencephalography can aid in detecting and 

diagnosing Alzheimer's disease (9). An electroencephalogram (EEG) is a recording that 

describes the electric activity of the brain by taking specific voltage measurements at 

locations covering the scalp. It is a non-invasive procedure with virtually no risks (10) 

and is used as the primary measurement in this study. 

Though an EEG gives little spatial resolution, it contains very specific time 

information. As a result, EEG is often used to measure the brain's electrical response to a 

specific stimulus. This particular type of EEG is called an 'event related potential'. 

Alternatively, one can make a continuous EEG measurement in which the brain's 

electrical activity is monitored over a period of time with no specific triggering. In this 

research, a continuous EEG is used, due to its simplicity, low cost, and widespread 

availability. The EEG is a powerful diagnostic tool and aids in the evaluation of many 

brain disorders, providing general information on brain activity. 

The brain contains billions of neurons (brain cells) connected by a network of 

several hundred trillion synapses. A synapse is the point at which a nerve impulse is 

transmitted from one the transmitter of one neuron to the receiver of another (II). As 

each neuron fires, an electric current is carried by the synapses to other neurons. This 

electric current is very small, but still creates a surrounding electric field. A great 



number of these small electric fields contribute to create fields that are detectable on the 

scalp's surface due to superposition. An EEG consists of many metallic probes that are 

in direct contact with a patient's scalp. Each probe measures a small electric potential, 

typically on the order of a few microvolts. These measurements are greatly amplified 

and recorded either on paper, or more recently, in a digital computer file. The sampling 

and quanitizing of these signals can vary, but typically each value is described by at least 

8 bits and sampled at least 128 times per second. The measurements for this study were 

sampled at 256 Hz and quanitized to more than 16 bits of description. 

When an EEG is recorded, there are many sources of electrical noise and 

disruption. In addition, the majority of the relevant EEG data is included within the I Hz 

to 60 Hz range. As a result, most EEG systems employ two basic filters. First, a 

bandpass filter is used to retain only the frequencies of interest, most often with .5 and 

50, 60 or 70 Hz cutoff frequencies. In addition, most often when the latter is employed, 

an additional 60 Hz bandstop filter is also used to remove electric noise from surrounding 

electronics and lighting. 

1.5 Medical Information 

There are several terms often used by neurological researchers that require 

definition. When speaking of different locations throughout the brain, researchers refer 

to specific areas of the brain called lobes. Chiefly, these include the frontal, parietal, 

temporal and occipital lobes. Each lobe covers a portion of the, and is related to specific 

areas of cognition and sensory processing. In an EEG, each individual electrode is given 



an abbreviated name based upon the nearest brain lobe. Figure 1.1 depicts the four major 

brain lobes (12). 

Figure 1.1: The Four Major Brain Lobes 

1.6 Frequencv Bands 

Electroencephalograms that are examined by clinicians are typically described by 

their shape, amplitude and frequency characteristics. Because these properties contain 

descriptive and distinguishing characteristics, software analysis utilizes similar features. 

Five particular frequency bands are used in neurophysiology to describe EEG recordings. 

These ranges can be seen in Table l.I. The ranges stated in the table are the values used 

for this study. In general, there is a great deal of debate regarding the appropriate ranges 

for each frequency band. 



Table 1.1: EEG Frequency Bands 

Frequency Band Name 

Delta 

Theta 

Alpha 

Beta 

Gamma 

Frequency Range 

< 4.5 Hz 

4.5-7.5 Hz 

7.5-13HZ 

13-22 Hz 

>22Hz 

Delta waves are most often seen in infants or in adults during deep sleep. Theta 

waves are present in children and sleeping adults. While awake, theta waves are 

abnormal, though they are sometimes present in patients suffering from depression. 

Alpha waves are the major rhythm in relaxed, thinking adults. They are strongest while 

the eyes are closed and have been linked to creativity and mental calculations. Beta 

activity is known as 'fast activity' and is generally seen in attentive, thinking, and 

listening patients. Beta activity is regarded as the dominant rhythm for patients who are 

alert and have their eyes open. Finally, the gamma frequency band contains the highest 

frequency waves and in some circles is thought to reflect the stream of consciousness in a 

feedback related manner. This range includes frequencies up to 50 Hz, and has not been 

typically been included in past studies. 



CHAPTER 2 

METHODOLOGY 

2.1 Subject admission 

Strict guidelines were in place outlining the requirements for subject admission to 

this study. First, this study requires subjects of at least 60 years old in order to ensure 

proper age matching. Age matching reduces the effect of varying patient ages upon the 

study results. Additionally, all patients have given their informed consent. Specific 

inclusion criterion varies based on diagnosis, as shown below. 

For Alzheimer's disease, the criteria included the following: 

a. Dementia established by clinical examination. 

b. Deficits in two or more areas of cognition. 

c. Progressive worsening of memory and other cognitive functions. 

d. Onset between the ages of 40 and 90, most often after the age of 65. 

e. Absence of systemic disorders that could account for the declines in 

memory and cognition. 

MCI patients were described originally by Petersen et al (13), and an overview is 

stated below. 

a. Patients have a subjective cognitive complaint. 

b. Results of cognitive screening test (Mini Mental State Examination) are in 

normal range for age. 

c. Performance is more than 1.5 standard deviations below age appropriate 

norms on memory tests. 

d. Patient does not meet criteria for dementia 
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Finally, control subjects must be functioning normally in the community, have 

neuropsychological testing results demonstrated to be normal, and have no substantial 

subjective memory complaints (13). More specific consensus diagnosis requirements can 

be seen in detail in Appendix A (5). 

2.2 Subject Evaluations 

All patients involved in this study have also undergone general medical, 

neurological, psychiatric and neuropsychological evaluation with the purpose of 

eliminating all other possible dementia causes. These tests included a standard Mini 

Mental State Examination (MMSE) and procedures such as magnetic resonance imaging 

(MRI). Typically, all tests were performed on the same day of the EEG. 

All EEGs were recorded on an Oxford Instruments T40 at the Texas Tech 

University Health Sciences Center in Lubbock, Texas. The Oxford Instruments T40 is a 

clinical EEG system designed for routine EEG monitoring (14). All measurements were 

taken by a single, trained EEG technician and consisted of approximately 20 minutes of 

data recorded in multiple EEG montages. Finally, the technician was instructed to keep 

all patients quiet, motionless and alert. 

2.3 EEG Methodology 

As we know, an EEG consists of multiple recordings of brain activity taken at 

several locations covering the head. Electrode positions were dictated according to the 

10-20 International System as it is recommended to be the standard by the International 

11 



Federation of Societies for EEG and Clinical Neurophysiology. In the 10-20 system, 21 

probe locations are described by dividing the scalp into sections measured at 10 and 20 

percent of the head's circumference. Below is a map of these recording sites, and their 

abbreviated names. As can be seen, these abbreviated names come from the nearest brain 

lobe. 

Vertex Front 
2 0 % ~ ^ C , 

20% 

Right 
Side 

Back 
(A) (B) 

Figure 2.1: The 10-20 International System for Electrode Placement. 

(A) Side view (B) Top view 

The EEG montage describes the way in which the probes at these locations 

calculate the voltage level. Because a voltage is a measurement between two points, each 

montage compares probe locations in a different way. Referential montages compare 

each electrode with a single ground point, or an average value of all electrodes. In 

Bipolar montages, the reference point for each electrode is another nearby electrode. For 

example, in the transverse bipolar montage, Channel 1 is Fpl-Fp2, meaning the voltage 

12 



recorded for Channel 1 is the signed difference between probe location Fpl (active) and 

Fp2 (reference). 

This project implements the longitudinal bipolar montage. This montage has 

shown to be successful in past efforts to discriminate between Alzheimer's disease 

patients and normal controls in the past (6,7). The reference pattern for the longitudinal 

bipolar montage is shown below in table 2.1. As shown in Figure 2.2, each probe is 

referenced to its more posterior neighbor, creating a shape that gives the montage its 

informal name: the double banana montage. 

Table 2.1: The Longitudinal Bipolar Montage channel assignments 

Channel 
1 
2 
3 
4 
5 
6 
7 

Arrangement 
Fpl-F3 
F3-C3 
C3-P3 
P3-0I 
Fp2-F4 
F4-C4 
C4-P4 

Channel 
8 
9 
10 
II 
12 
13 
14 

Arrangement 
P4-02 
FpI-TI 
T1-T3 
T3-T5 
T5-01 
Fp2-T2 
T2-T4 

Chaimel 
15 
16 
17 
18 
19 
20 
21 

Arrangement 
T4-T6 
T6-02 
EKG 
Fz-Cz 
Cz-Pz 

REye-Al 
Fpl-A2 

13 



Figure 2.2: The Longitudinal Bipolar (Double Banana) Montage 

2.4 Artifacts 

Artifacts in EEG recordings consist of abnormal waveforms that are from sources 

other than the patient's brain activity. They can be caused by eye movements, blinks, 

talking, swallowing, patient movement and nearby electrical activity. Additionally, if a 

patient becomes drowsy or is sleeping, the EEG is greatly affected. In order to improve 

data quality, each patient is represented by 30 one-second segments of the original 

recording. These individual segments are known as epochs. Individual epochs are 

selected in an attempt to obtain data that is free of both artifacts and drowsiness. Finally, 

when possible, sequential epochs are chosen such that the selected data will retain greater 

continuity. 

14 



2.5 Pre-processing 

Before any computations can be preformed on the measurements, the recorded 

data must be formatted such that it can be read into Matlab. In order to do this, the EEG 

is exported to a text file. This function is included within the Medelec Valor software 

package that accompanies the EEG system. 

As mentioned earlier, this study uses data recorded in the longitudinal bipolar 

montage. The original EEG recording is roughly twenty minutes long and contains data 

recorded in multiple montages. A Matlab program was developed to import each EEG 

text file and write smaller sections of the EEG recording to new files. As the algorithm 

reads each original EEG, it creates a new file containing only the previously selected 

epochs. This program uses both the original text file and a file containing detailed time 

markers. These new files will be used for all remaining preprocessing and computations, 

as they include the specific measurements of interest to this project. 

2.6 Filtering 

During the EEG recording process, the upper frequency limit was often changed, 

varying from 50 to 70 hz. In order to standardize this, all EEG signals were bandpass 

filtered, with a passband from .5 hz to 50 hz. This ensured similar frequency limitations 

on all EEG data. In addition, each signal was filtered for the five frequency bands. The 

filters were designed according to the range of each band, and the frequency response of 

each resulting filter is shown in Figure 2.3. 

15 



12a 

Frequency 

Figure 2.3: The Frequency Response of each Filter 

These filters were implemented in Matlab and utilize a Hamming window. 

Similar filters have been used in the majority of all previous cited studies, including the 

work done at TTU (6,7,15,16). 

2.7 Normalizing 

Finally, all data files are normalized. A signal is said to be normalized if the 

average power is equal to one. In other words: 

2.1 
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where f(t) represents the EfXi signal and ti and (2 represent the beginning and end of the 

EEG data segment, respectively. In order to make this condition true, each sample is 

divided by the total power P: 

/™W = - / ( / ) . 2.2 

By doing this, all EEG recordings have an equal average power. As a result, we 

can compare patient's EEG data without concern for scaling discrepancies. Normalizing 

can account for inconsistencies in the EEG measurement process, including differing 

scalp impedances and different amplification factors. 

2.8 Power Calculations 

The electroencephalogram is evaluated based on several features in an attempt to 

find significant differences between Alzheimer's disease, mild cognitive impairment and 

age-matched controls. The first of these is the signal's average power. As eluded to 

while discussing normalization, average power (AvgPower) is found using 

in which f(t) again represents the EEG signal. 

This calculation is valuable in determining a signal's average power, and becomes 

much more relevant after the data files have been filtered to only include specific 

frequency ranges. It has been shown that as Alzheimer's disease onsets a general 

slowing of the EEG accompanies the disease's progression. In order to investigate this 

17 



event, the relative power (RP) of each of the five frequency bands is calculated. Relative 

power is a ratio comparing each frequency band's average power to the complete signal's 

average power. Stated more explicitly, the equation for Relative power in any given 

frequency band is 

P 
D p _ band 

band sr p , (2.4) 
ZL( band 
band 

where P is the Power for a given frequency band. Because the data was normalized, the 

sum of the power for all frequency bands is equal to approximately one. 

In addition to the relative power, the slow wave ratio (SWR) can be a useful 

descriptive measure. The slow wave ratio is a comparison of the relative power of the 

alpha or beta frequency band to the sum of the relative power of the theta and delta 

bands. In effect, the measure expresses the ratio of fast to slow EEG relative power. 

WTien the slow wave ratio is found to be a discriminating feature, it can be a result of 

either changes in the overall speed of an EEG, or simply a large change in one of the 

involved frequency bands. The equation for this measure is: 

SWR band 
band . p p \ / 9 • (2.5) 

y^delta "^ ^thela ) ' ^ 

2.9 Complexity Measures 

The final features for this study are statistical descriptors based on the time 

domain of the EEG. Activity, Complexity, and Mobility were derived in 1970 by Bo 

Hjorth, and are collectively known as the Hjorth Parameters (17). These parameters are: 

18 



Activity is defined as a measure of the squared standard deviation of the 

amplitude referred to as variance, or mean power. In the frequency 

domain the variance of the time domain can be conceived as the area 

under the power spectrum. Mobility is defined as the square root of the 

ratio between the variances of the first derivative and the amplitude. It 

gives a measure of the standard deviation of the slope with respect to the 

standard deviation of the amplitude. Complexity gives a measure of 

excessive details with reference to the softest possible curve shape (the 

sine wave). This parameter quantifies any deviation from the sine wave as 

an increase from unity. (16) 

These parameters, based largely on the EEG signal's amplitude, time scale and 

complexity, have shown to be good predictors of Alzheimer's disease in several past 

studies (15. 16, 18, 19). Activity is in practical terms is the mean power of the EEG 

signal. The formulas for mobility and complexity are: 

Mobility = ^{M2ITP) and (2.6) 

Complexity = ^{MAI M2)I{M2ITP), (2.7) 

where xi, xi, ... Xn are the n EEG data values and the consecutive differences are 

TP = [x,' +x^^+... + x„^)ln, (2.8) 

M2 = (j , '+c/2 '+. . . + J„ ')/«,and (2.9) 

MA = ({d, -dj+{d, -dj +... + {d„ -d„j)ln. (2.10) 

2.10 Statistics 

One of the key analysis tools used in this project is the T-test. A T-test is a 

statistical measure of separation, founded primarily on the null hypothesis. This test is 
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widely used, as it is an appropriate tool to use any time it is needed to determine if two 

means are from independent sets of data. The T statistic is used to find the significance 

factor determined in the T-test, and is computed with the equation 

\ n m 

where .Y| and x^ are the means of groups 1 and 2, 

s is the pooled sample standard deviation, (2.11) 

and n and m are the number of samples in groups 1 and 2. 

The T-test uses three variables from each mean in question: the sample mean, the 

number of samples in its set, and the set's variance. By using these three properties, the 

test determines the likelihood that the sets are one in the same, given the degree to which 

the sets overlap. Shown in figure 2.4 is an example of two identical means from sets with 

different variances. The difference in variance has a large impact on the result of the T-

test. 

1 L 

T-test finds one independent mean 

i \ IV 

T-test finds two independent means 

Figure 2.4: Two different variances for the T-test 
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A null hypothesis, in this case that the two samples are from the same set, is 

assumed and something. The value found for T is used in a 't distribution' statistical 

table to obtain the p value. This p value represents a level of significant difference. It is 

compared to a predetermined confidence interval, alpha (a), and if the p value is less than 

the confidence level a, the null hypothesis is rejected. As a result, it can be said, with 

certainty a, that the two means represent independent sets. 

When power factors from separate patient groups are computed, the T-test is used 

to determine whether the mean values from each group appear to have come from 

separate sets. Should the null hypothesis be rejected, it is said that the particular power 

factor exhibits significant differences for the two classes. If it is not, then no significant 

differences have been seen for that particular power factor. 

2.11 Neural Network 

Afterwards, a neural network is trained to classify the EEG signals based on the 

significant power features. Specifically, a Learning Vector Quantization (LVQ) Network 

has been implemented, as it is powerful classification tool. A Learning Vector 

Quantization Network uses the input vectors and a multiple layer neural network format 

to create a set of subclasses and target classes. The input vectors in this project are the 

significant features as determined by the previously preformed statistical tests. The 

subclasses are formed by comparing different input vectors, and represent multiple input 

vectors of similar nature. The target classes are the desired output classifications, and are 

created by a grouping of multiple subclasses. The architecture for an LVW Network is 
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shown in Figure 2.5. Vectors consisting of the power features from each patient's EEG 

serve as input to the LVQ network, and depending on the two categories compared, differ 

in length. 

Input Competitive Layer 

r—^ r 
IWi . i -| 

I s'xj; \ 
— H llDdistll 
RxV I 

Linear Layer 

•~^ f ^ 

n i 

S ' x l 

ai 

S'x1 
LW2.1 h>7^ 
S'^v.S^ 

a2=y 

S - x l 

R K. J V. J 
ni = -ll I W i . i - p l l 

i i * 

ai = compet(ni) 
ai = pureIin(LW2.i ai) 

Figure 2.5: Architecture of the LVQ Network 

Where 

R = number of 
elements in 
input vector 
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competitive 
neurons 
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CHAPTER 3 

BACKGROUND 

3.1 Literature Search 

A significant amount of work has preceded this particular study. In 1996, Jelic et 

al. (7) conducted a study comparing several power features of EEGs from AD patients, 

age-matched controls, and patients with objective memory disturbances. These patients 

with objective memory disturbances have nearly identical diagnosis criteria as those in 

this thesis' MCI category. In their research, Jelic et al. observed that significant (p<.OI) 

differences in relative power for particular frequency bands existed between Alzheimer's 

disease patients and age-matched controls. This general "slowing" of the EEG was found 

throughout the entire brain. In this same study, the EEG of Alzheimer's disease patients 

were also compared to patients with objective memory disturbances. These two groups 

exhibited similar differences, however discriminating differences were found in the 

parameters representing theta relative power, alpha relative power, and mean frequency. 

On the other hand, the group found no significant differences when comparing patients 

with subjective memory complaints and objective memory disturbances to control 

subjects. 

Their study employed many measurement methods that are similar to those used 

by this study. Jelic et al. used a twelve channel EEG in a longitudinal bipolar type 

montage. After a visual inspection to remove artifacts, 15 two second epochs, for a total 

of 30 seconds, were passed through a .5 to 30 Hz Hanning filter and used to calculate 

relative power, coherence, and mean frequency. 
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In 2000, Huang et al. (6) performed a similar study, comparing several power 

factors in the EEG in an attempt to separate Alzheimer s disease, mild cognitive 

impairment and controls. Additionally, the group followed MCI patients for an average 

of slightly more than two years, at which point the patients were re-evaluated. Those 

who remained stable were classified as static MCI (SMCI - 55%) and those who 

progressed to AD were classified as progressive MCI (PMCI - 45%). 

Again, similar data acquisition methods were in place and calculations were 

performed on 30 seconds of eyes closed, artifact free data. The study looked primarily at 

relative powers and global field power. Similar to the previous study by Jelic in 1996, 

EEG recordings were filtered using a bandpass filter with upper and lower limitations of 

30 Hz and I Hz respectively. 

Similar to the study by Jelic et al., the research by Huang et al. found significant 

increases in delta relative power, and decreases in alpha relative power when comparing 

the EEGs of AD patients to both control and MCI groups. No significant differences 

were found in beta relative power, and no features were found to separate the control and 

MCI subjects. 

In another study by Almkvist and Winblad (1999), epidemiological, 

neuropsychological, neurophysiological, imaging, and biochemical data from AD 

patients and control subjects was compared. In the neurophysiological portion of the 

study, similar results were observed, including a slowing of EEG background activity 

amongst AD patients. Alzheimer's disease onset was again accompanied by an increase 

in theta relative power, and a decrease in beta relative power. Once again, no reliable 
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differences were found between healthy controls and memory impaired individuals using 

power spectral analysis (20). 

3.2 Previous Studies at Texas Tech 

Additionally, a good amount of work has been conducted in recent years at Texas 

Tech University (TTU). Of particular interest are the "Factor Analysis of EEG 

Frequency and Complexity Characteristics for Early Detection of Alzheimer's disease" 

paper by Petrosian et al. (21) and the thesis "EEG Signal Analysis for detection of 

Alzheimer's disease with a Neural Network approach" by Yagneswaran Sriraja (17). 

In the Factor Analysis paper, eight channel referential EEGs were recorded for ten 

AD patients, seven MCI patients, and eleven control subjects. Relative power and 

complexity measures were calculated for each recording. 

Similarly, the thesis written by Yagneswaran Sriraja reported on the same 

calculations. In both studies, a statistical analysis yielded channels and measures of high 

significance (p>.05). In addition to this, Sriraja then used these channels of significance 

as input features to a linear vector quantization neural network. After training with all 

significant data the neural network showed best results when trained with power values, 

correctly classifying 94% of patient inputs (17). When the network was trained with the 

complexity and mobility measures, only 68% of input signals were properly classified. 

To summarize the results of these studies. Tables 3.1 3.2, and 3.3 show results 

previously obtained by other studies, when applicable. The study by Almkvist and 

Winblad did not report on specific change location and is not listed. 
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Table 3.1: Significant Features for AD and Controls 

Study 

Jelic 

Huang 

TTU 

Sriraja 

RP Delta 
T4-T6, 
T3-T5, 
P4-02, 
P3-0I, 
F3-C3 

T3 

RP Theta 

All 
Channels 

All 
Channels 
F3, T3, 
P3, P4 
F3, T3, 
P3, P4, 
0 1 , 0 2 

RP Alpha 

All 
Channels 

All 
Channels 

0 1 , 0 2 

01 , P4, 
T4 

RP Beta 

-

P3, P4, 
0 1 , 0 2 
P3, P4, 
01 ,02 , 

T3 

Complexity 

n/a 

n/a 

P4 

P3, P4, T3 

Mobility 

n/a 

n/a 

0 1 , 
02,T4 

01 ,02 , 
T4 

Table 3.2: Significant Features for AD and MCI 

Study 

Jelic 

Huang 

TTU 

Sriraja 

RP Delta 
T4-T6, 
T3-T5, 
P4-02, 
P3-0L 
F3-C3 

-

P3, P4, 
0 1 , 0 2 , 

T3 

P3, P4, 
0 1 , 0 2 , 
T3,F4 

RP Theta 

All 
Channels 

All 
Channels 

RP Alpha 

All 
Charmels 

All 
Channels 
P3, P4, 
01 ,02 , 

T4 

P3, P4, 
01 ,02 , 
T3,T4 

RPBeta 

-

P3,0I , 
02, T3, 
T4,F4 
P3, P4, 
01 ,02 , 
T3, T4, 

F4 

Complexity 

n/a 

n/a 

OI,02,P4, 
T4 

All 
Channels 

Mobility 

n/a 

n/a 

F4 

T3, T4, 
F4 
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Study 
Jelic 

Huang 

TTU 

Sriraja 

Table 3.3: Significant Features for MCI and Controls 

RP Delta 
-

-

P3, P4, 
0 1 , 0 2 , 
T3,T4 
P3, P4, 
0 1 . 0 2 , 
T3, F4, 

T4 

RP Theta 
-

-

RP Alpha 

-

P3 

RPBeta 

-

T3 

T3 

Complexity 
n/a 

n/a 
02, T4 

P3,OI,02 

Mobility 
n/a 

n/a 
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CHAPTER 4 

RESULTS AND CONCLUSIONS 

4.1 Statistical Results 

After roughly one year, this study had recruited 41 patients of interest. Among 

these, 17 had been diagnosed with mild Alzheimer's disease, 16 were found to have mild 

cognitive impairment, and 8 were recruited as age matched controls. As per the 

procedure outlined above, all patient's EEGs were exported to Matlab and preprocessed. 

After preprocessing, relative power and complexity values were calculated. These values 

were averaged for each patient category, and used in the aforementioned T-test. The 

results from the T-tests are shown below for each of the three comparisons. A measure 

of significance, known as the p value, is also reported. All features found to be 

significant with a confidence interval of 90% are shown in Tables 4.1, 4.2, and 4.3. 

Listed first are the features of significant difference between the Alzheimer's 

disease and control subjects. Previous research has shown the onset of Alzheimer's 

disease is typically accompanied by a decrease in alpha and beta relative power 

(6,7,16,20,21), and this study would support those findings. A decline in Beta relative 

power was found at nearly half of the electroencephalograph's measurement locations. 

On the other hand, it was somewhat unexpected that nearly every significant difference 

was related to Beta relative power. All observed significant differences in the slow wave 

ratio were a result of strong differences in Beta relative power, as they correlate directly 

with channels having significant changes in Beta relative power. In addition to the 
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changes in relative power, one channel was found to have significant differences in the 

Activity calculation. In practical terms, this represents a change in the EEG's mean 

power. 

Table 4.1: Significant measures for Alzheimer's disease versus Controls 

Channel of significant differences 

F3-C3 

F3-C3 

P3-01 

P3-0I 

P4-02 

P4-02 

Fpl-Tl 

Fpl-Tl 

T3-T5 

T3-T5 

T5-0I 

T5-01 

T4-T6 

T4-T6 

T6-02 

R E y e - A l 

R E y e - A l 

Feature 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Activity 

Beta Relative Power 

Beta Relative Power 

Beta Slow Wave Ratio 

Significance 

0.0837 

0.0896 

0.0095 

0.0994 

0.0056 

0.0584 

0.0943 

0.0967 

0.0404 

0.0511 

0.0191 

0.0272 

0.0972 

0.0597 

0.0188 

0.0875 

0.0647 

Table 4.2: Significant Measures for MCI versus Alzheimer's disease 

Channel of significant differences 

Fp2-F4 

Feature 

Theta Relative Power 

Significance 

0.0601 
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Table 4.3: Significant 

Channel of significant differences 

F3-C3 

F3-C3 

P3-01 

F4-C4 

F4-C4 

P4-02 

P4-02 

TI-T3 

T3-T5 

T6-02 

R E y e - A l 

R E y e - A l 

Fpl-A2 

measures for MCI versus Controls 

Feature 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Slow Wave Ratio 

Beta Relative Power 

Beta Relative Power 

Gamma Relative Power 

Beta Relative Power 

Beta Slow Wave Ratio 

Theta Relative Power 

Significance 1 

0.0210 

0.0801 

0.0560 

0.0579 

0.0859 

0.0208 

0.0252 

0.0718 

0.0789 

0.0923 

0.0824 

0.0952 

0.0945 

In the T-test comparing MCI patients to the control group. Beta Relative Power 

was again the most discriminating feature. Included in the results was a single channel 

exhibiting an increase in theta relative power, and a single channel with a significant 

decrease in gamma relative power. None of the complexity measurements proved to be 

of significance when comparing the MCI and control categories. 

Finally, the comparison between Alzheimer's disease patients and the mild 

cognitively impaired category yielded the least significant features. With a ninety 

percent confidence interval, only one measurement showed a significant difference 
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between the two categories. The theta relative power was found to be significantly lower 

in the MCI patients than in the AD patients. This is atypical, as most previous studies 

have found it of greater difficulty to find separations between the Control and MCI 

groups than the AD and MCI groups (6,7,19,20,21). 

4.2 Classification Results 

After all of the computations and statistical tests have been completed, the 

significant separation features are used to train a Neural Network. Table 4.4 shows the 

length of the input vectors, which are a direct result of the number of significant features 

found by the statistical testing. In order to improve the classification results, the 

complexity and slow wave ratio features were omitted from the input vector. 

Table 4.4: Input Vector Length 

Data sets 

compared 

AD vs Controls 

MCI vs Controls 

AD vs MCI 

Input Vector 

Length 

9 

9 

I 

In order to quantify the ability of the network to correctly classify patients, a 

validation technique known as the "leave one out" method is used. In this method, the 

neural network is trained N times, where N is equal to the number of unique data 

samples. Each training session, the network is trained with N-1 data samples. One data 

sample is saved for post-training, at which point it is classified by the trained network. A 

different data sample is retained each training session, until N training sessions are 
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complete. As a result, each sample is classified by a network trained with all other 

available data samples. 

The network's classification rate is a percentage determined by how many 

samples were correctly classified. Sensitivity and Specificity are measures that describe 

the ability of the network to classify data into the correct category. Given the following 

table (4.5), the definitions for sensitivity and specificity are 

TP TN 
Sensitivity = -^^—i:^ and Specificity = TP + FN TN + FP 

(4.1) 

Table 4.5: Sensitivity and Specificity 

Classified as: 

-

Positive 

Negative 

True state: 

Positive 

True Positive (TP) 

False Negative (FN) 

Negative 

False Positive (FP) 

True Negative (TN) 

When the Learning Vector Quantization Network was run for the AD, MCI and 

normal data sets, it was determined that the training order had a significant impact on 

classification results. In order to perform the validation technique, the training order was 

preserved as much as possible by sequentially removing a single data sample while 

retaining the order of all other samples. An optimal training order was found by 

repeating this process for random permutations of the data. Listed in table 4.6 are the 

classification rates determined for the optimal training order as well as an average 

classification rate for all tested training orders. 
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Table 4.6: Sensitivity, Specificity and Classification Rate of the LVQ Network 

Data sets compared 

AD \'s. Controls 

AD vs. Controls 

MCI vs. Controls 

MCI vs. Controls 

AD vs. MCI 

AD vs. MCI 

Training 

Order 

Optimal 

Average 

Optimal 

Average 

Optimal 

Average 

Sensitivity 

94.1% (16/17) 

91.8% (15.6/17) 

93.8% (15/16) 

91.6% (14.7/16) 

58.8% (10/17) 

21.5% (3.7/17) 

Specificity 

62.5% (5/8) 

56.9% (4.6/8) 

75% (6/8) 

75% (6/8) 

56.3% (9/16) 

9I.3%(I4.6/16) 

Classification 

Rate 

84% (21/25) 

80.6% (20.2/25) 

87.5% (21/24) 

86.0% (20.7/24) 

57.6% (19/33) 

55.2% (18.2/33) 

For discriminating the MCI and AD patients from the healthy controls, the LVQ 

Network performed rather well, with an overall classification rate ranging from 80 to 88 

percent. The network was unable to make a satisfactory separation between the AD and 

MCI categories, with a low overall classification rate ranging from 55 to 57 percent. 

In addition, it was thought that a neural network, being a nonlinear classifier, 

would have greater success in separating the MCI and AD categories. The T-test is very 

limited in terms of isolating nonlinear differences. As a result, the network was trained 

with channels that were found to possess significant differences when comparing the 

aforementioned groups with controls. The results from this experiment are shown in 

Table 4.7 on the next page. 

Despite the strengths of the nonlinear classifier, the overall classification rate 

dropped tremendously in this experiment. Typically the success rate of each trial was 

less than 50%. 
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Table 4.7: Extended AD vs. MCI Classification Testing 

Data sets 
compared 

AD vs. MCI 

AD vs. MCI 

AD vs. MCI 

AD vs. MCI 

AD vs. MCI 

1 AD vs. MCI 

Trained with 
Features from 

(AD vs. Control) 
& 

(MCI vs. Control) 
(AD vs. Control) 

& 
(MCI vs. Control) 
(AD vs. Control) 

Or 
(MCI vs. Control) 
Or (AD vs. MCI) 
(AD vs. Control) 

Or 
(MCI vs. Control) 
Or (AD vs. MCI) 

(AD vs. MCI) 

(AD vs. MCI) 

Training 
Order 

Optimal 

Average 

Optimal 

Average 

Optimal 

Average 

Sensitivity 

35.3% 
(6/17) 

33.8% 
(5.75/17) 

47.0% 
(8/17) 

51.8% 
(8.8/17) 

58.8% 
(10/17) 
21.5% 

(3.7/17) 

Specificity 

75% 
(12/16) 

48.4% 
(7.75/16) 

56.3% 
(9/16) 

28.4% 
(4.55/16) 

56.3% 
(9/16) 
91.3% 

(14.6/16) 

Overall 
Classification 

Rate 
54.6% 
(18/33) 

40.9% 
(13.5/33) 

51.5% 
(17/33) 

10.2% 
(13.35/33) 

57.6% 
(19/33) 
55.2% 

(18.2/33) 

4.3 Conclusions 

Excellent classifying features were determined for two of the three classification 

problems. Use of these features with the recruited patients' data resulted in classification 

rates of 84 and 88 percent. Similar to other reports, this thesis found a decrease in beta 

power correlated with the onset of AD. Whereas previous sttidies did not find a strong 

classifier separating MCI patients from controls (6,7,16,20), this study achieved an 87.5% 

classification rate using beta, theta, and gamma relative power. In contrast, no sfrong 

classification feature was found discriminating the Alzheimer's disease subjects from 

those with MCI. For the data tested, patients diagnosed with early AD seemed to share 

many similarities with MCI subjects. 
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Regarding location, the most significant differences in Relative power were found 

to be in the parietal, occipital, and temporal regions, confirming reports by Saletu et al. 

(22), Huang et al. (6) and Dierks et al. (23). 

4.4 Discussion 

As with any study, the results generated by this thesis allow for multiple 

interpretations and should be reviewed in conjunction with the study's inherent 

limitations. That said, the results of this study hold several interpretations of great 

interest. Primarily, the results suggest that MCI patients are in fact sufferers of eariy 

Alzheimer's disease. Differences between AD patients and controls were extremely 

similar to the differences found between MCI patients and controls. Specifically, both 

comparisons showed significant changes in Beta relative power. When the MCI category 

was compared to the control category, six channels were found to possess a decline in 

beta relative power. Four of these six channels exhibited similar declines in beta relative 

power in the AD vs. control comparison. Furthermore, five of the eight changes in 

relative power exhibited in MCI patients were mirrored in the AD category. Finally, the 

AD and MCI groups were found to be largely undistinguishable. Only one channel was 

found to have a significant change (p=0.060I) in relative power. 

The implications of such an interpretation are significant, as it would suggest that 

the majority of current MCI patients would progress to develop mild Alzheimer's 

disease. Additionally, it is possible that treatment in the MCI stage could delay the 

progression of AD. 
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Another possible interpretation of this study would suggest that it is possible that 

the detection of dementia by quantitative EEG gives an entirely accurate diagnosis. It is 

commonly accepted that Alzheimer's disease and Mild Cognitive Impairment are 

correctly diagnosed in clinical settings with 80 to 90 percent accuracy. If the quantitative 

EEG method is in fact a true diagnostic sorter, diagnosing dementia with 100% accuracy, 

it would be expected to receive an error of 10 to 20 percent, due to inaccuracies in the 

diagnosis of the research subjects. In this study, errors of 14 and 20 percent were 

observed when classifying the controls from the MCI and AD patients, respectively. 

Though the data cannot confirm this possibility, it does support the interpretation. 

4.5 Future Scope 

Patient recruitment for this line of research is ongoing. With a larger patient 

sample size, statistical deviations would be reduced and network generalization 

increased. In order to continue progress in this study, future work should include the 

addition of new patient data to the algorithms and computer programs developed during 

this research. Additionally, the affects of different medications on the EEG signal should 

also be investigated. Finally, it would prove beneficial to continue to track the subjects 

involved in this study. Doing so would allow further analysis of patient progression and 

certainty of diagnosis. 
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APPENDIX A 

DIAGNOSTIC CRITERIA 
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DIAGNOSTIC CRITERIA 

PROBABLE Alzheimer's disease 

1) The criteria for the clinical diagnosis of PROBABLE AD includes: 
a. Dementia established by clinical examination and documented by 

the MMSE, Blessed Dementia Scale, or some similar examination, 
and confirmed by neuropsychological tests; 

b. Deficits in 2 or more areas of cognition; 
c. Progressive worsening of memory and other cognitive functions; 
d. No disturbance of consciousness 
e. Onset between the ages of 40 and 90, most often after age 65; 
f Absence of systemic disorders or other brain disease that in and of 

themselves could account for the progressive deficits in memory and 
cognition. 

2) The diagnosis of PROBABLE AD is supported by: 
a. Progressive deterioration of specific cognitive functions such as: 

i. Language (aphasia) 
ii. Motor skills (apraxia) 

iii. Perception (agnosia) 
b. Impaired ADL's and altered pattems of behavior 
c. Family history of similar disorders 
d. Laboratory results of: 

i. Normal lumbar puncture as evaluated by standard techniques 
ii. Normal pattern or nonspecific changes in EEG, such as 

increased slow-wave activity 
iii. Evidence of cerebral atrophy on CT with progression 

documented by serial observation 

POSSIBLE Alzheimer's disease 

1) May be made on the basis of the dementia syndrome, in the absence of 
other neurological, psychiatric, or systemic disorders sufficient to cause 
dementia, and in the presence of variations in the onset, in the 
presentation or in the clinical course. 

2) May be made in the presence of a second systemic of brain disorder 
sufficient to produce dementia, which is not considered to be the cause of 
the dementia. 

3) Should be used in research studies when a single, gradually progressive 
severe cognitive deficit is identified in the absence of other identifiable 
cause. 
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Mild Cognitive Impairment (MCI)* 

1) Patients have cognitive complaint (usually memory); 
2) Results of cognitive screening tests, most often the MMSE, are in a 

normal range for age; 
3) Performance is more than 1.5 SDs below age-appropriate normals on 

memory tests or memory components of other tests; 
4) ADLs are generally preserved both by history and by assessment using 

functional scales; 
5) Patient does not meet criteria for dementia. 

*as defined by Petersen et al. (13) 

Control Subjects 

1) Subjects must be functioning normally in the community; 
2) Have neuropsychological testing results demonstrated to be normal; 
3) Have no substanfial complaint of memory problems; 
4) Subject must not be taking psychotropic medications. 
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APPENDIX B 

LIST OF MATLAB PROGRAMS 
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LIST OF MATLAB PROGRAMS 

AVG Power.m 
AVGPowerBands.m 

ChannelSplitBatch.m 
Filter all.m 
Hjorth.m 
networkk3.m 
Normalize all.m 
PlotAid.m 
PlotAidHjorth.m 
Relative Power.m 
TimeSplitBatch.m 

ttoy.m 

Calculated the Average Power for all EEG Signals 
Calculated Average Power of all Frequency Bands for all EEG 
Signals 
Separated the Original EEG Text File into Single Channel Files 
Filtered Frequency Band Information from all Available EEGs 
Calculated the Complexity Measures for all available EEGs 
Created, Trained and Tested multiple LVQ Networks 
Normalized all available EEGs 
Included many Diagnostic and Testing Related Plotting Tools 
Included many Diagnostic and Testing Related Plotting Tools 
Calculated the Relative Powers for all EEG Signals 
Separated Useful Time Information from the Remaining Material 
for all EEGs 
Statistical T-Test Program 
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