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ABSTRACT 
 

In this chapter we calculated electroencephalogram (EEG) spectral 

peaks with different electrode montages and studied their predictive 

ability when used as features in the automatic differentiation of 

Alzheimer's disease (AD) patients from controls. During the evaluation 

process we used statistical analysis, automatic feature selection and 

Support Vector Machine (SVM) classification. Among the montages 

studied, Bipolar Homologous presented the best classification (AD vs. 

controls) performance, with 85.29% accuracy, 90.91% sensitivity and 

75.00% specificity. We demonstrated that differences between 

montages are statistically significant depending on frequency bands and 

scalp regions considered. When working with automatic feature 

selection, it was possible to reduce the total set of 345 features (sum of 

EEG spectral peaks from all montages) to 24 using the Consistency-

Based Filter (CBF) feature selection algorithm and rank search, with 

minor decreasing in subjects classification performance. 

 

 

1. INTRODUCTION 
 

Alzheimer's disease (AD) is considered the leading cause of dementia in 

Western countries [1], manifested by memory loss and impairment of at least 

another area of cognition (calculation, praxis, gnosis, executive functions, 

language, etc.). As definitive diagnosis of AD can only be established by 

histopathological analysis of the brain (necropsy or biopsy) [2], the challenge 

for the search of a biological marker to determine early and more accurate 

diagnosis of the disease remains open. Currently, correct diagnosis by 

neuropsychological tests ranges from 85% to 93% accuracy in university 

hospitals, but these cognitive screening batteries are not easy to apply, 

requiring experienced and lengthy sessions [3]. 

One test used as an alternative tool for the diagnosis of dementia is the 

electroencephalogram (EEG) [4], which is the record of different rhythms 

and voltages from synaptic activity between neurons [5]. The literature shows 

that the average EEG alpha rhythm of elderly is about 10 Hz, and a 

significant lower value probably indicates pathologies [6, 7, 8, 9]. 

A simple spectral feature used to characterize EEG rhythms is the peak 

of the spectrum (spectral peak), which measures the frequency where the 
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magnitude of the short-time spectrum – usually obtained by Fast Fourier 

Transform (FFT) – of the EEG signal reaches its maximum value. 

It had previously shown that peaks smaller than 8.0 Hz could be 

considered pathological [8] and peaks higher than 10.0 Hz could be 

considered normal [10]. But the range between 8.0 and 10.0 Hz could be 

shared by both groups. It was also demonstrated that distinct electrode 

montages can also influence the accuracy of EEG-based AD diagnosis [11]. 

This chapter presents an evaluation through computer techniques, 

showing how different electrode montages can positively or negatively 

influence automatic classification of normal subjects and those with AD. We 

used feature selection algorithms based on the filter approach and statistical 

analysis as preprocessing for the  Support Vector Machine (SVM) classifier. 

In Section 2 we show the methodology used, while in Sections 3 and 4 

we present and discuss, respectively, the experimental results. Finally, in 

Section 4 we presents our conclusions. 

 

 

2. MATERIALS AND METHODS 
 

2.1. Dataset 
 

The data set used in this work comprises EEG exams of subjects with 

and without the disease (controls). We selected two groups of volunteers: the 

first (G1) is composed of 12 normal subjects (68.8 ± 6.7 years, 8 women) and 

the second (G2) is composed of 22 (probable) AD patients (71.5 ± 7.7, 17 

women). AD diagnosis was performed according to NINCDS-ADRDA 

criteria [12], being classified as mild to moderate, according to DSM-III R 

[13]. Subjects had no history of diabetes mellitus, kidney diseases, thyroid 

diseases, alcoholism, liver disease, lung disease or lack of vitamin B12, 

factors that can disturb cognitive impairment diagnosis. 

EEG records were obtained with an equipment brand EMSA, 32-

channel, 12 bits A/D converter and sampling rate of 200 Hz. Placement of 

scalp electrodes (Fp1, Fp2, Fz, F3, F4, F7, F8, C3, C4, Pz, P3, P4, T5, T6, 

O1 and O2) followed the international 10-20 system (Figure 1). We used 

inter-connected ear lobe electrodes reference (electrodes A1 and A2), as 

recommended by the Brazilian Society of Clinical Neurophysiology and the 

American EEG Society. During examination, subjects were awake and 

resting with eyes closed. 
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Figure 1. International 10-20 System. 

 

 

2.2. Preprocessing 
 

Aided by a skilled physician, we selected 40 epochs (all channels) with 

eight seconds each by visual inspection, to remove artifacts, i.e., any 

electrical potential from a source other than the brain, such as blinking, 

muscle movements or equipment-related potentials [14]. 

EEG signals (EEGs) were low-pass filtered with cutoff frequency at 

50Hz. The digital filter used had a zero at 60Hz, thus eliminating any 

interference from the power grid. The frequency analysis was performed with 

a 512-point Fast Fourier Transform algorithm, using Hamming windows with 

2.5 s duration and 0.25 s increment between successive windows (90% 

overlap). 

We divided EEGs into the well-known delta (0.1 to 4.0 Hz), theta (4.0 to 

8.0 Hz), alpha (8.0 to 12.0 Hz), beta (12.0 to 30.0 Hz) and gamma (30.0 to 

100.0 Hz) bands [14]. 

 

 

2.3. Feature Extraction 
 

The spectral peak feature (or peak spectrum), chosen for this work, 

corresponds to the frequency where the EEG spectrum amplitude reaches its 
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maximum value. The combinations of electrodes (montages) used in its 

calculation, as can be seen in Figure 2, were between: 

 

 Peaks with bi-auricular reference (Pba): Fp1-A1, Fp2-A2, F7-A1, 

A2-F8, F3-A1, F4-A2, A1-C3, C4-A2, A1, T3, T4-A2, P3 -A1, P4-

A2, A1-T5, T6-A2, O1-A1, O2-A2; 

 Peaks with Cz reference (PCz): Fp1-Cz, Fp2-Cz, Cz-F3, F4, Cz, Cz-

F7, F8, Cz, T3-Cz, T4-Cz, Cz-C3, C4, Cz, T5 -Cz, T6-Cz, Cz-P3, 

P4-Cz, Cz-O1, O2-Cz; 

 Longitudinal bipolar peaks (Lbp): Fp1-F3, F3-C3, C3-P3, P3-O1, 

O1-T5, T5-T3, T3-F7, F7-Fp1, Fp2-F4, F4-C4, C4-P4, P4-O2, O2-

T6, T6-T4, T4-F8, F8-Fp2; 

 Bipolar cross peaks (Bcr): Fp1-Fp2, F7-F3, F3-Fz, Fz-F4, F4-F8, 

T3-C3, C3-Cz, Cz-C4, C4-T4, T5-P3, P3-Pz, Pz-P4, P4-T6, O1-O2; 

 Bipolar counterparts peaks (Bco): F7-F8, F3-F4, T3-T4, C3-C4 P3-

P4, T5-T6 O1-O2. 

 

 

Figure 2. Maps of spectral peaks montages, where the lines correspond to 

subtractions used to calculate the spectral peaks. From left to right, top to botton: 

peaks with Biauricular Reference, peaks with Reference in Cz, Longitudinal Bipolar 

peaks, Transverse Bipolar peaks and Homologous Bipolar peaks. 
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2.4. Support Vector Machines 
 

Support Vector Machines (SVMs) constitute a supervised Machine 

Learning (ML) technique based on the Statistical Learning Theory [25]. In 

this method, a training dataset (containing known labeled data examples) is 

used to draw a hyperplane with maximum margin, based on the feature 

coordinates, which separates the two classes (in our case, Controls and AD). 

Subsequently, the coordinates of this hyperplane are used to test a dataset, 

and the accuracy of the model [26]. When classes are not linearly separable, 

feature coordinates should be mapped to a higher dimension by a Kernel 

function. In this new space, the classes become linearly separable and the 

maximum margin hyperplane can then be found [26]. 

The Weka tool [27] with default values was used to the SVM induction. 

The SVM regularization coefficient was C=1.0. We used the RBF Kernel, 

which is proved to be more effective in previous [28]. The cache size was 

250007, and the gamma value was 0.01 

The EEG dataset was composed of 1360 epochs (40 epochs of 34 

subjects). The analysis was based on the leave-one-subject-out (LOSO) 

process: 1320 epochs were used for training and 40 epochs from one subject 

for testing. It means that, each time, the classifier was trained with epochs 

from all individuals except the one going to be tested. This procedure was 

performed to test the SVM discriminative capacity to work with data diverse 

from that presented in the training period. The LOSO process was repeated 

for all 34 individuals (34 tests each montage). 

 

 

2.5. Feature Selection 
 

In this step we considered two filter approach algorithms. The first is 

CFS (Correlation-based Feature Selection), which evaluates the quality of 

feature subsets taking into account the criteria of relevance and non-

redundancy [19]. The second approach is CBF (Consistency Based Filter), 

which uses the selection of subsets with few high consistency features. This 

allows splitting data so that most examples not contained in each partition are 

labeled with the majority class [20]. In both cases, selection was performed 

using the Weka tool [17]. 

The search algorithms used for feature selection were [Witten and Frank, 

2005]: 
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 BestFirst, which performs greedy search in the space of feature 

subsets. It starts with an empty set of features and perform forward 

search, or starts with the complete set of features and perform 

backward search. A third possibility is beginning at any point in 

space and performing search in both directions (considering all 

possible additions and deletions of feature at one point). It is used 

with the CFS selection algorithm. 

 GreedyStepwise, which runs forward or backward greedy search 

through the space of feature subsets. It can start from an arbitrary 

point in space, without any (or all) features, stopping when the 

addition/exclusion of the other features result in reduced evaluation. 

It can also produce an ordered list of features across space from one 

side to another and recording the order in which they are selected. It 

is used with CBF algorithm. 

 RankSearch. It evaluates the subsets, which are then submitted to a 

forward selection to generate an ordered list (where the best subset 

of features is reported). It is used with both selection algorithms. 

 

Feature selection tests also followed the LOSO procedure, where each 

group of 33 patients (1320 epochs) was submitted to the selection algorithm. 

At the end of the process, for each test the selected features form the new 

training and test sets to the SVMs. 

 

 

3. RESULTS AND DISCUSSION 
 

The leave-one-out analysis of each subject took into consideration the 

ratio between the number of epochs classified correctly and the total number 

of epochs. When this ratio was over 0.5, the subject classification was 

considered correct. After 34 tests, the rate of subject correct diagnosis was 

calculated.  

Table 1 presents the classification results for each electrode montage, 

and also considering all electrodes (all peaks). Bco gives the best results in 

the classification of epochs, and also the best rates of accuracy and specificity 

in subjects classification. The best sensitivity rate in the classification of 

subjects is achieved by Pba montage. 
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Table 1. Classification results by epochs and by patients. The best results are in bold font and worst in italic 

 

 Epochs Subjects 

 Accuracy (%) Sensibility (%) Specificity (%) Accuracy (%) Sensibility (%) Specificity (%) 

Pba 70,07±36,81 85,57±23,12 41,67±41,03 76,47 95,45 41,67 

PCz  70,22±37,70 81,36±31,15 49,79±41,33 70,59 81,82 50,00 

Lpb 72,72±36,8 84,09±27,52 51,88±43,39 79,41 90,91 58,33 

Bcr 69,19±37,60 80,23±32,40 48,96±39,32 64,71 81,82 41,67 

Bco 81,32±28,00 89,43±20,92 66,46±33,84 85,29 90,91 75,00 

All 75,66±34,96 85,45±28,56 57,71±39,56 73,53 86,36 50,00 

 



Comparison of EEG Montages for Diagnosis of Alzheimer's Disease 9 

Good performance of Bco montage is consistent with previous studies 

that suggest bipolar montages present better results than referential montages 

[11]. When compared to the configuration of all montages together, Bco gets 

about 6% and 12% advantage in the accuracy of epochs and subjects, 

respectively. 

Statistical analysis was performed using the two-tailed Student t-test for 

different means and variances. Significance (p<0.05) was observed for a 

large number of features of all montages. Features related to alpha band show 

statistical significance for all electrodes of all montages (p <0.01). Spectral 

peaks (DA and normal) mean and standard deviation values of this band are 

plotted in Figure 3 for Bco montage. In the figure one can see that patients 

with AD (plotted in red) have lower alpha spectral peaks than normal 

subjects, as predicted in the literature [21, 22, 23]. 

 

 
Figure 3. Spectral peaks mean and standard deviation values of  alpha band 

(Bco montage), showing DA in red and Normal in blue. 



Trambaiolli, L.R., Lorena, A.C.; Fraga, F.J., et al. 10 

Table 2. Classification results by epochs and by patients in selected subsets. Best results are in bold font and worst in 

italic 

 

 Epochs Patient 

 Accuracy (%) Sensibility (%) Specificity (%) Accuracy (%) Sensibility (%) Specificity (%) 

CBF Greedy 73,90±32,92 88,52±23,66 47,08±31,15 85,29 95,45 66,67 

CBF Rank 81,03±30,57 86,25±27,97 71,46±33,99 82,35 86,36 75 

CFS BestFirst 79,19±29,95 85,11±28,11 68,33±31,38 79,47 86,36 66,67 

CFS Rank 80,51±30,11 85,34±28,98 71,67±31,38 82,35 86,36 75 
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Regarding the feature selection algorithms, the best result in the 

classification of patients is obtained by Greedy-CBF (CBF-G), which present 

a performance similar to Bco. However, considering epochs classification it 

is the one with less specificity. 

Otherwise, Rank-CBF (CBF-R) is more balanced considering both 

epochs and subjects classification performance. So, in Table 3 we show only 

the selected features in at least 50% of LOSO tests using the CBF-R 

algorithm. For each feature in the table, we show its selection rate (%), i.e., 

the percentage of LOSO tests in which the feature was selected. 

Among the selected features, it can be verified a predominance of alpha-

band, followed by gamma-band electrodes. Analyzing all electrode 

montages, we can find six Bco features, seven Bcr features, six Lbp, nine 

electrodes of PCz and no electrodes of Pba montages. 

One can see that with the exception of F4-C4 and Fp1-F3, all other 

selected features belong to the posterior half of the scalp, a result interesting 

and congruent with literature from other spectral features [10, 26, 27]. 

The presence of gamma-band features is interesting, since this rhythm is 

related to cognitive activity, directly affected by AD. Previous studies had 

already found reduced values of gamma rhythm when compared to healthy 

individuals [28, 29]. 

It is also worth to discuss the meaning of selection algorithms. The CBF 

algorithm suggests that 24 selected features (CBF-R test), against 345 

original features with minor performance reduction is a promising result [20]. 

The CFS algorithm is based in the search for relevant and not redundant 

features. However, subsets selected by the algorithm did not achieve good 

predictive results [19]. 

 

 

4. CONCLUSION 
 

Although more tests are needed to confirm our findings, we showed that 

spectral peak calculation using different montages of electrodes have 

influence in the classification results of normal subjects and patients with 

AD. We also demonstrated that alpha and gamma features are more relevant 

in AD classification, and feature selection techniques are promising towards 

the search for simple and effective EEG-based AD biomarkers. Our future 

goal is to generalize the results obtained increasing the number of subjects. 
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Table 3. Selected Features to CBF-Rank subsets 

 

Feature Selection rate (%) Feature Selection rate (%) 

Bco - T3-T4-alpha 100 Bco/Bcr - O1-O2-alpha 97.06 

Bco - P3-P4-alpha 100 Lbp - O1-T5-alpha 94.12 

Bco - T5-T6-alpha 100 PCz - O1-Cz-alpha 94.12 

Lbp - C3-P3-alpha 100 Bco - C3-C4-alpha 88.24 

Bcr - P3-Pz-alpha 100 PCz - P4-Cz-alpha 85.29 

Bcr - Pz-P4-alpha 100 Lbp - F4-C4-alpha 79.41 

PCz - T3-Cz-alpha 100  Pba - O2-A2-alpha 79.41 

PCz - P3-Cz-alpha 100 PCz/Bcr - C4-Cz-alpha 73.53 

PCz - T5-Cz-alpha 100 PCz/Bcr - C4-Cz-gamma 67.65 

Bco/Bcr - O1-O2-alpha 97.06 Lbp - Fp1-F3-gamma 58.82 

Lbp - F4-C4-gamma 97.06 Lbp - O2-T6-alpha 58.82 

PCz/Bcr - C3-Cz-alpha 97.06 PCz - P3-Cz-gamma 58.82 
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