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Abstract (In Greek)
Τα τελευταία 20 χρόνια παρουσιάζεται αυξημένο ενδιαφέρον για την μελέτη 
εγκεφαλικών επεξεργασιών που προκλήθηκαν από εξωτερικά γεγονότα (ερέθισμα). Ένα 
από τα πιο σημαντικά ενδογενή συστατικά των Προκλητών Δυναμικών είναι το 
συστατικό P600. Το συστατικό P600 μπορεί να οριστεί σαν η πιο θετική αιχμή στο χρονικό 
διάστημα μεταξύ 500 και 800 msec μετά από ένα εκλυτικό ερέθισμα. Το συστατικό αυτό 
θεωρείται ότι απεικονίζει το στάδιο επιλογής απόκρισης της επεξεργασίας πληροφορίας. 
Το συστατικό P600 είναι συνήθως λιγότερο έντονο συγκρίνοντας το με άλλα συστατικά, 
όπως το N100 ή το P300.  Συχνά το συστατικό P600 εμφανίζεται ως μια δυσδιάκριτη 
δεύτερη αιχμή, επικαλύπτοντας την ανοδική αρνητική κλίση της κυματομορφής του P300.  
Στη μελέτη μας χρησιμοποιήσαμε δεδομένα ΠΔ από ποικίλες ομάδες ασθενών και υγιών 
μαρτύρων. Οι ασθενείς συλλέχθησαν από τη πανεπιστημιακή κλινική του Αιγηνήτειου 
Νοσοκομείου του Πανεπιστημίου Αθηνών. Οι υγιείς συλλέχθησαν από το προσωπικό 
του νοσοκομείου και ομάδες εθελοντών. Ο σκοπός της μελέτης είναι η εφαρμογή 
συστημάτων ταξινόμησης για αυτές τις ομάδες, χρησιμοποιώντας χαρακτηριστικά του 
P600.  Αυτό συνήθως δεν επιτυγχάνεται καλά χρησιμοποιώντας σαν χαρακτηριστικά το 
πλάτος και τον λανθάνοντα χρόνο των ΠΔ. Για αυτό το λόγο, στην μελέτη μας, θέλουμε 
να εξάγουμε νέα χαρακτηριστικά χρησιμοποιώντας προηγμένες τεχνικές για επεξεργασία 
των αρχικών ΠΔ, όπως τη μέθοδο Ανάλυσης Ανεξαρτήτων Συνιστωσών (ICA). 
Εντούτοις ως πρόδρομο της ICA, θεωρείται η μέθοδος Ανάλυσης Κύριων Συνιστωσών 
(PCA), την οποία χρησιμοποιήσαμε για συγκριτικούς λόγους με την ICA. 
 
Στην εφαρμογή της ICA προχωρήσαμε στην αποσύνθεση των καταγραφόμενων σημάτων 
σε Ανεξάρτητες Συνιστώσες και διερευνήσαμε τρεις τεχνικές επιλογής ανεξαρτήτων 
συνιστωσών μέσω των οποίων επανασυνθέσαμε το συστατικό P600. Το επόμενο βήμα 
ήταν η χρήση μεθόδου ταξινόμησης βασισμένης στα χαρακτηριστικά που εξάχθηκαν 
χρησιμοποιώντας τα αρχικά δεδομένα, τα δεδομένα με επεξεργασία PCA  και τα 
δεδομένα με επεξεργασία ICA. Πρώτα εφαρμόσαμε το τεστ Kolmogorov-Smirnov για 
τον έλεγχο της κανονικότητας της κατανομής των χαρακτηριστικών, μετά 
χρησιμοποιήσαμε τη μέθοδο Λογαριθμικής Παλινδρόμησης (Logistic Regression) για 
ταξινόμηση και τελικά πραγματοποιήσαμε δύο εφαρμογές ταξινόμησης 
χρησιμοποιώντας Πιθανοκρατικά Νευρωνικά Δίκτυα (Probabilistic Neural Networks).  Η 
πρώτη εφαρμογή έγινε με την δημιουργία 15 χαρακτηριστικών από τα πλάτη των αιχμών 
του P600 από τα δεδομένα των ομάδων και η δεύτερη εφαρμογή έγινε με την δημιουργία 
τεσσάρων μετά-χαρακτηριστικών από τα δεδομένα των πλατών των ομάδων. 
Τα αποτελέσματα δείχνουν ότι η εφαρμογή της ICA, συνδυασμένη με την τεχνική 
ταξινόμησης λογαριθμικής παλινδρόμησης, παρέχει αξιοσημείωτη βελτίωση, συγκριτικά  
με την απόδοση ταξινόμησης βάση των αρχικών ΠΔ. Η κύρια αξία της εφαρμογής είναι 
ότι η ταξινόμηση πετυχαίνει ποσοστά μεγαλύτερα του 80% βασιζόμενη σε μία μόνο κάθε 
φορά παράμετρο, π.χ. το πλάτος του συστατικού P600, ή τον λανθάνοντα χρόνο του ή τον 
λανθάνοντα χρόνο τερματισμού του, οι οποίες σχετίζονται άμεσα με τους μηχανισμούς 
του εγκεφάλου σχετικούς με την παραγωγή ΠΔ και τις παθολογικές διαδικασίες. 
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Abstract (In English) 
The last twenty years presented increased interest for the study of cerebral processes 
caused by external events (stimuli). One of the most significant endogenous components 
of Evoked Potentials is the P600 component. The P600 component may be defined as the 
most positive peak in the time window between 500 and 800 msec after an eliciting 
stimulus. This component is thought to reflect the response selection stage of information 
processing. P600 component is usually less pronounced compared to other components, 
such as the N100 or the P300. Frequently the P600 component appears as a not-easily 
discernible secondary peak overlying the ascending negative-going slope of the P300 
waveform. In our study we used ERP data from various groups of patients and healthy 
controls. Patients were recruited from the outpatient university clinic of Eginition 
Hospital of the University of Athens. The controls were recruited from hospital staff and 
local volunteer groups. The aim of the study is the implementation of classification 
systems for these groups, using P600 features. This is usually not achieved well using as 
features the ERPs amplitude and latency. So for that reason, in our study, we want to 
extract new features using advanced techniques for processing the original ERPs, such as 
the Independent Component Analysis (ICA) method. However as a precursor of ICA, is 
considered the Principal Component Analysis (PCA) method, which we used for 
comparison reasons to ICA. 
In the application of ICA we achieve the decomposition of the recorded signals in ICs, 
supposing temporally independent components and propose ICs selection techniques in 
order to recompose the P600 component. The next stage was the use of a classification 
method based on the features extracted using the original data, data extracted through 
PCA processing and ICA-processed data. First we applied Kolmogorov-Smirnov test to 
check the normality of the distribution of the features, then we used the Logistic 
Regression method for classification and finally we have done two implementations of 
classification using Probabilistic Neural Networks. The first implementation was done 
with the creation of 15 features from the P600 peak amplitudes from the subjects’ data and 
the second implementation was done with the creation of four meta-features from the 
subjects’ P600 amplitude data. 
The results show that the application of ICA, combined with the logistic regression 
classification technique, provides notable improvement, compared to the classification 
performance based on the original ERPs. The main merit of the application is that 
classification is based on single parameters, i.e. amplitude of the P600 component, or its 
latency or its termination latency, which are directly related to the brain mechanisms 
related to ERP generation and pathological processes 
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Chapter 1: EEG- ERP-P600
 
1.1 Electroencephalograph(EEG) 
The background electrical activity of the brain in unanesthetized animals was described 
qualitatively in the nineteenth century, but it was first analyzed in a systematic manner by 
the German psychiatrist Hans Berger, who introduced the term electroencephalogram 
(EEG) to denote the potential fluctuations recorded from the brain [1]. 
The electroencephalograph (EEG) records voltage differences between two electrodes 
placed, usually, on the scalp of subjects. The measured electric signals are weak, from 
roughly 0,1μV to 200μV, provided that we place the output electrodes in the dermal 
surface of head. Therefore there exists the requirement of as much as possible higher 
amplification of the signals, as well as dense coverage of the head with electrodes. In this 
way it is expected that we will have a detailed depiction - reflection of cerebral activity 
that we want to study.  
The EEG collects signals using the electrodes. In the points in which will be placed the 
electrodes, that in the case of EEG are points of the dermal surface of head, the skin must 
be cleaned well with alcoholin order to achieve low resistance of contact, under 5kΩ. In 
the case of EEG we often use electrodes manufactured by silver (Ag) and silver chloride 
(AgCl), or gold electrodes. The electrodes can be placed on any point of the head. In 
order to exist the possibility of comparison of various EEGs that came from the same or 
different patients, in the same or different laboratories, a standard exists, which is 
internationally acceptable, for the choice of the location of each electrode on the head. 
The standard usually used for the placement of electrodes for EEG is the International 
System 10-20. The name of system is due to the choice of the 20% of distance between 
the two ears as the distance between any two electrodes and also in the choice of the 10% 
of distance between the two ears as the distance from the ear till its nearest electrode. In 
this way the places of electrodes are adapted depending on dimensions of skull [2].  
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Fig. 1.1: Standardized Electrode positions in the surface of head with the System 10-20. 

Thus each signal which is recorded in the EEG is the voltage difference that the two 
electrodes have between them. Electrodes which are placed "above" cerebral regions, 
which potentially will present activity, are said to correspond to active points. In the 
opposite, electrodes placed above regions where it is considered that they do not have 
relation with cerebral operation, correspond to inactive points. Such points e.g. are the 
chin, cheek, ear and points of the neck. When the measured signal results as voltage 
difference of two electrodes of active regions, then, according to the terminology of EEG, 
we have "bipolar" measurement. Bipolar measurements for 15 to 30 electrodes are the 
common methodology in clinical neurology examinations of EEG. This method offers the 
advantage that it rejects common noise of the two electrodes. In the case of 
psychophysiology research however, the measured signal results as voltage difference of 
an electrode of an active region and an electrode of an inactive region and recordings are 
called "monopolar" measurements. The electrode of the inactive region is common for all 
the measurements and constitutes the point of reference, which should not be influenced 
from cerebral currents. So in this way we want to have a complete and simultaneous, 
from all the electrodes of active regions, information with regard to each cerebral current 
of ions which reaches the exterior dermal surface of head [2].  
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Fig. 1.2: EEG Recording.   

1.2 Event Related Potentials (ERPs) 
 
1.2.1 Introduction 
The last twenty years presented increased interest for the study of cerebral processes 
caused by external events (stimuli). We name Evoked Potentials (EPs) or Event-Related 
Potentials (ERPs) the differences of voltage that we usually measure, in the dermal 
surface of head, which are caused as preparation or as response to events that happen in 
the exterior natural world and constitute the stimuli. Provided that the EPs reflect cerebral 
activity related with an external stimulus, we can study via experimental processes in the 
laboratory the processing of stimuli by the human brain. There exist three main categories 
of EPs depending on the type of external stimulus that causes them [3]:  

a) Visual Evoked Potentials - VEPs: They are caused by optical excitation, such as the 
appearance of pictures, changes of colors in pictures, flashes etc. 

b) Auditory Evoked Potentials - AEPs: They are caused by acoustic excitation, such as 
sounds, words, tones of various frequencies and intensities. 

c) Somatosensory Evoked Potentials - SEPs: They are caused when electric current of 
small duration and intensity excitate some specific nerve.  
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Fig. 1.3: Schematic representation of EPs that are caused by auditory stimulus. Down 
left are shown early potentials, up left the middle and in the main picture, right, the late 
potentials.  

The EPs can also be characterized concerning their time of appearance after the stimulus 
presentation time (latency of the EPs). In the case of AEPs there exists the discrimination 
between early, middle and late potentials, which correspond roughly to the time intervals 
2 till 12 msec, 12 till 50 msec and 50 until 800 msec from the moment when the external 
stimulus is presented. Moreover we can separate the EPs in endogenous and exogenous. 
Exogenous EPs are related to the physical characteristics of the stimulus, such as its 
intensity, its frequency etc. Endogenous EPs depend substantially from the psychological 
situation of the individual and the psychological traits of the stimulus. It should be 
stressed that except of the discrimination depending on the type of stimulus, the 
remaining categories of EPs are not absolutely explicit [3].  

1.2.2 Measurement of EPs 
The amplitude of EPs is small (0.1 to 20 μV) in relation to the signals which are 
measured during common EEG measurements, which have a mean of the order of 50μV. 
The measurement of EPs is done with the same principles that are used in EEG. The 
desirable signal, the EP, is "sunk" in the total signal that the EEG records. The part of 
voltage difference that is not related to the stimulus, constitutes in this case undesirable 
noise and corresponds to the measurement of EEG if the stimulus did not exist. Therefore 
the noise, i.e. the "conventional" EEG, is of course more powerful than the desirable 
signal, the EP, therefore the measurement of EPs is rendered problematic. This is perhaps 
the more important reason for which the study of EPs was late compared to the 
"conventional" EEG. 
Next we present the mean-value method used for "extracting" EPs from the noise: 
The experiment, during which we present the stimulus, is repeated M times. If the total 
measured potential waveform is ri(t), at the ith repetition of the experiment, then this total 
signal can be considered as constituted by two parts, the desired signal si(t) and the noise 
ni(t):   

 
ri(t) = si(t) + ni(t)    i=1,...,Μ    where M the number of repetitions.  
If we superimpose (add together) the recordings and take their mean values, we will 
have: 

})t(n)t(s{
M
1M/}(t)r{=(t))E(r

M

1i

M

1i
ii

M

1=i
ii ∑ ∑∑

= =
+=

                                     
 
We suppose that each time the EPs, which are related with the eliciting event, are 
repeated in a totally similar way. On the other hand the noise, provided that it is not 
related with the eliciting event, can be considered as uncorrelated random procedure from 
experiment to experiment and that has as result the sum of ni(t) to be zero. Therefore the 
desired signal, EP, can "emerge" from the noise. This method is applied very widely but 
it presents however limitations, e.g. changes in the level of fatigue or in the direction of 
attention of the subject influence the EPs in their amplitude and latency. This 
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phenomenon is higher for endogenous potentials. Therefore there exist limitations in the 
number of repetitions of the experiment. 
Furthermore, particular attention should be given when the time between the experiments 
is small and the noise from experiment to experiment presents high cross-correlation. 
This happens in case of existence of "rhythmical" noise. Then, the undesirable signal has 
spectral power distribution of limited bandwidth, near the frequencies of EPs [2]. 
 
1.2.3 EPs in psychiatry and neurology 
The study of EP waveforms is carried out studying mainly "components" of the EP 
waveform. The components are parts of the total signal that are determined based on 
peaks (negative or positive) of the potential amplitude. The component amplitude is 
usually measured with relation to the isoelectric line (=0 Volts) or the voltage level in the 
beginning of the process of measurement or another previous peak. The time (latency) is 
when the component occurs, i.e. the time between stimulus presentation and peak 
occurrence.  

In the case of AEPs, the waveforms have been characterized as follows: 

a) For the early voltages, 2-12msec from the moment that takes place the acoustic 
stimulus, seven successive peaks have been numbered, from I to VII.  

b) For the middle voltages (12-50msec) there exist the components Νο, Po, Na, Pa, Nb. 
The peaks Νο,Po take place before 20 msec, Na, Pa, Nb  peaks respectively around in 20,30 
and 40 msec. 

c) For the late voltages (50msec and more) there exist the components Ν100, P200, N200, 
P300, N400, where Ν or Ρ means negative or positive peak and the indicator is related to 
the approximate latency of the component.  

The components that are presented before 100 msec usually belong to exogenous 
potentials, for all kinds of excitation that produce EPs. As it was mentioned before, they 
are related to the integrity of neural pathways and for this they have big interest and 
clinical applications in Neurology. They are useful in the diagnosis of neurological 
illnesses. Also auditory EPs allow the diagnosis of impairments without surgical 
intervention and the diagnosis in case of non-collaborative individuals. SEPs are used 
commonly in neurological investigations for the control of the corresponding neural 
pathways and their cerebral connections.The endogenous EPs start mainly after 70 msec. 
These voltages have direct relation with the various stages of cognitive processing of 
external excitation in the Central Nervous System (CNS) [2].  

The most significant endogenous components of EPs are: 

a) Ν100:  It is the most negative peak of potential, from 90 until 150 msec after the 
presentation of stimulus. It has been connected with the operation of attention and the 
choice of information.  The scientific community tends to admit that the waveform of 
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Ν100 reflects direct vigilance attributed to each special sensory system (visual, auditory 
etc.) because of the stimulus. It is influenced by exogenous factors of excitation such as 
intensity, duration, frequency. Potentially it expresses a multiplicity of relevant 
mechanisms, and in its time region there appear to coexist from 3 to 6 simultaneously 
active sub-components.  

b) Ρ300 [4-6]: It describes the most positive peak of potential from 220 until 500 msec 
after the stimulus. It is considered that it is constituted from two sub-components: the 
Ρ300a(P3a), that expresses the voluntary reaction of orientation of the person to the 
stimulus and the Ρ300b(P3b), that is present in the time interval 300 until 500 msec It has 
been proposed that many variables influence Ρ300 amplitude. These can be summarised in 
three factors Α, Β, Γ:   

{component amplitude Ρ300}  = Α x ( Β + Γ )                                                         
 
where Α is the quantity of information that is included in the stimulus, Β the subjective 
estimation of non-possibility of appearance of the stimulus and Γ the significance of the 
stimulus in relation to its complexity, its value, and the difficulty of the mission that is 
related to the stimulus.  

c) Ν400 : It is the most negative peak in the diagram of EPs that takes place at around 400 
msec after the stimulus. It is used in the study of mechanisms that are related with 
language and its conceptual - syntactic content. 

d) P600 : In psychiatry there has been growing interest for the P600. P600 is one of the most 
actively investigated components at present. It occurs around 500-800 msec after 
stimulus presentation. The present Thesis focuses on the P600 and we further analyze it 
in the following. 
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Fig. 1.4: Block Diagram and Waveform of EP (N1=N100, P2=P200.) 
 
 
1.3 P600
 
As stated above, the P600 component may be defined as the most positive peak in the time 
window between 500 and 800 msec after an eliciting stimulus. This component is thought 
to reflect the response selection stage of information processing, i.e. the stage that assigns 
a specific response to a specific stimulus, while in a broader psychophysiological 
perspective it may be thought as indexing the completion of any synchronized operation, 
immediately following target detection, signalling the second-pass parsing mechanisms 
of information processing [7-14]. 
P600 component is usually less pronounced compared to other components, such as the 
N100 or the P300. Frequently the P600 component appears as a not-easily discernible 
secondary peak overlying the ascending negative-going slope of the P300 waveform. 
Consequently, for the study of the P600 component using the two main variables used in 
ERP research, namely the amplitude and the latency of the peak, it is desirable to 
somehow process the ERP curve, in order to “extract” the part of the waveform that, 
through the P600 component, reflects the mechanisms stated above, i.e. response selection 
and/or second-pass parsing of stimuli information. 
Concerning the anatomical locus of neural activity underlying the generation of P600, 
intracranial recordings suggest that P600 is associated with activity in wide-ranging brain 
structures including frontal, temporal and superior parietal regions that are believed to 
contribute significantly to some aspect of information processing during recognition 
memory.  
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The P600 component has been also associated with processing efforts related to syntactic 
aspects of language. P600-like positive ERP deflections have been found for a broad range 
of syntactic anomalies, such as phrase structure violations, argument-structure and case 
violations, or dispreferred continuations of temporarily ambiguous sentences [7-9].  

 
 

 
 

 
Violations 
 
Correct 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1.5: P600  Waveform 
 
In our study we used ERP data from various groups of patients and healthy controls. The 
aim of the study was the implementation of classification systems for these groups, using 
P600 features. This is usually not achieved well using as features the ERPs amplitude and 
latency. So for that reason, in our study, we want to extract new features using advanced 
techniques for processing the original ERPs, such as the Independent Component 
Analysis (ICA) method, which we describe in Chapter 3. However as a precursor of ICA, 
is considered the Principal Component Analysis (PCA) method, which we used for 
comparison reasons to ICA and we present it in the next chapter.
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Chapter 2: Principal Component Analysis (PCA) 
 
2.1 Introduction 
Suppose we have n observation vectors of data : y1, y2, . . . , yn each with p values. To 
focus on our case each vector yi, i=1,…,n will be the vector containing the p ERP 
measurements at the ith sample of EEG recording and p is the number of electrodes. In 
PCA we seek to find successive directions in the p-dimensional space, where if the 
original “points” yi are projected on these directions, the resulting distribution of n 
projected points will have maximal variance. The first principal component is the 
direction (dimension) along which if the data “points” yi are projected they will be 
maximally “separated” or “spread out”, i.e. the resulting distribution of n projected points 
will present the maximum possible variance. Equivalently we can say that the first 
principal component is the linear combination of yi, i=1,…,n with the maximum possible 
variance. The second principal component is the linear combination with maximal 
variance in a direction orthogonal to the first principal component, and so on.  
 
2.2 Geometric Approach of PCA 
We will provide an exposition of the methodology used for solving the PCA problem 
using a geometric approach, in which we could think of the n observation vectors (or 
“points”) as a swarm of points preferably having an ellipsoidal form but with the 
directions of the axes of the dimensions 1,2,..,p not along the “natural” axes of the 
ellipsoid. 
 If the variables y1, y2, . . . , yp in y are correlated, the ellipsoidal swarm of points is not 
oriented parallel to any of the axes represented by y1, y2, . . . , yp. We wish to find the 
“natural” axes of the swarm of points (the axes of the ellipsoid) with origin at y  (the 
mean vector of y1, y2, . . . , yn). This is done by translating the origin to y  and then 
rotating the axes. After rotation so that the axes become the natural axes of the ellipsoid, 
the new variables (principal components) will be uncorrelated. 
We could indicate the translation of the origin to y  by writing yi - y , but we will not 
usually do so for economy of notation. We will write yi - y  when there is an explicit 
need, otherwise we assume that yi has been centered [15]. 
The axes can be rotated by multiplying each yi by an orthogonal matrix A: 
  

zi=Ayi                                                                        (2.1) 
 

Since A is orthogonal, A′A = I, and the distance to the origin is unchanged: 
 

zi′zi= (Ayi)′(Ayi)= yi′A′Ayi=yi′yi                                              (2.2) 
 

Thus an orthogonal matrix transforms yi to a point zi that is the same distance from the 
origin, and the axes are effectively rotated.  
Finding the axes of the ellipsoid is equivalent to finding the orthogonal matrix A that 
rotates the axes to line up with the natural extensions of the swarm of points so that the 
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new variables (principal components) z1, z2, . . . , zp  in z = Ay are uncorrelated. Thus we 
want the sample covariance matrix of   z, Sz = ASA′  to be diagonal [15]: 

 

Sz=ASA′=                                        (2.3) 
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where S is the sample covariance matrix of y1, y2, . . . , yn . We know that if D = diag(λ1 
,λ2, . . . , λp), where the λi ’s are eigenvalues of S then C′SC=D and C is an orthogonal 
matrix whose columns are the normalized eigenvectors of S. Thus the orthogonal matrix 
A that diagonalizes S is the transpose of the matrix C: 
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where ai is the ith normalized (ai′ ai = 1) eigenvector of S. The principal components are 
the transformed variables z1 = a1′y, z2 = a2′y, . . . , zp = ap′y in z = Ay. For example,  
z1 = a11 y1 + a12 y2 +· · ·+a1p yp. 
 The diagonal elements of ASA' are eigenvalues of S. Hence the eigenvalues λ1, λ2, . . . , 
λp of S are the (sample) variances of the principal components zi = ai′y : 

 
                                                                 (Szi)2=λi                                                                                   (2.5) 

 
z1 = a1′y has the largest (sample) variance and zp = ap′y has the smallest variance. This 
also follows from the above equation, because the variance of z1 is λ1, the largest 
eigenvalue, and the variance of zp is λp, the smallest eigenvalue. If some of the 
eigenvalues are small, we can neglect them and represent the points fairly well with 
fewer than p dimensions.  
Because the eigenvalues are variances of the principal components, we can speak of “the 
proportion of variance” explained by the first k components: 

 

                                   Proportion of variance =
λ++λ+λ
λ++λ+λ

p21

k21
....
....

                               (2.6) 

 
Thus we try to represent the p-dimensional points (yi1, yi2, . . . , yip) with a few principal 
components (zi1, zi2, . . . , zik ) that account for a large proportion of the total variance.  
If the variables are highly correlated, the essential dimensionality is much smaller than p. 
In this case, the first few eigenvalues will be large, and proportion of variance will be 
close to 1 for a small value of k. On the other hand, if the correlations among the 
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variables are all small, the dimensionality is close to p and the eigenvalues will be nearly 
equal. In this case, the principal components essentially duplicate the variables, and no 
useful reduction in dimension is achieved [15]. 
Any two principal components zi = ai′y and zj = aj′y are orthogonal for i ≠ j. The principal 
components are not scale invariant. We therefore need to be concerned with the units in 
which the variables are measured. If possible, all variables should be expressed in the 
same units as will be the case in our study. If the variables have widely disparate 
variances, we could standardize them before extracting eigenvalues and eigenvectors.  
 
.  
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Chapter 3: Independent Component Analysis (ICA) 
3.1 ICA description 

3.1.1 Introduction 

Very often we are in need of transforming data we possess into another set of data, which 
will be easier to process and/or will provide clearly information that cannot be readily 
extracted from the original data. Denote by x an m-dimensional random vector x=x(x-
1,x2,…xm)T . The problem is to find a function f so that the n-dimensional transform s= 
(s1, s2, .....sn,)T , defined by 

s = f(x)                                                         (3.1) 

has some desirable properties. In most, cases, the representation is sought as a linear 
transform of the observed variables, i.e., 

s = Wx                                                         (3.2) 

where W is a matrix to be determined. Using linear transformations makes the problem 
computationally and conceptually simpler. Several principles have been used and 
methods have been developed to find a suitable linear transformation. Usually, these 
methods define a principle that tells which transform is optimal. The optimality may be 
defined in the sense of optimal dimension reduction or statistical 'interestingness' of the 
resulting components si, i=1,…,n. 
In recent years, a particular method for finding a linear transformation, called 
independent component analysis (ICA), has been widely used in many scientific areas, 
including biomedical engineering. As its name implies, the basic aim is to find a 
transformation in which the components si are statistically as independent from each 
other as possible. ICA can be applied, for example, for blind source separation, in which 
the observed values of x correspond to a realization of an m-dimensional discrete-time 
signal x(t), t= 1,2,.... Then the components si(t) are called source signals, which are 
usually original, uncorrupted signals or noise sources. Often such sources are statistically 
independent from each other, and thus the signals can be recovered from linear 
“mixtures”, i.e. the xj, j=1,…,m by finding a transformation in which the transformed 
signals are as independent as possible, as in ICA [16, 17]. 
3.1.2 Statistical independence 

Denote by s1, s2,….sn some random variables with joint probability density function (pdf) 
f(s1....sn), assuming for simplicity that the variables have zero mean values,i.e. E(si), 
i=1,…,n. The variables si are (mutually) independent, if the joint pdf can be factorized 
[16]: 

f(s1,…. sn ) = f1(s1 ) f2(s2 )…. sn(yn )                                            (3.3) 
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where fi(si) denotes the marginal pdf of si. In the following we should remember that we 
deal with statistical independence, since we deal with random variables, and not with 
other concepts of mathematical independence, for example, linear independence. 
Independence is distinct from uncorrelatedness, which means that 

E(sp,sq) – E(sp)E(sq)= 0, for p≠q , p,q,=,….,n                                               (3.4) 

Independence is a stricter condition than the condition of uncorrelatedness. If the si , 
i=1,….,n are independent, it is  

E{g1 (sp ) g2 (sq )}- E{ g1 (sp )}E{ g2 (sq )}= 0, for p≠q, p,q=,…..,n                  (3.5) 

for any functions g1 and g2 . There is, however, an important special case where 
independence and uncorrelatedness are equivalent. This is the case when s1..... sn have a 
joint Gaussian pdf. Due to this property, independent component analysis is not 
interesting for Gaussian variables [16]. 

3.1.3 Definitions of linear ICA models 

In the following we give the formulation of the problem to be solved by ICA and 
consequently of the model that is assumed for the data, in order that they are transformed 
according to the criterion of maximum independence of the transformed variables (see 
also Eq. 3.1) We shall only consider the linear case here, though non-linear forms of ICA 
also exist. In the definitions [16], the observed m-dimensional random vector is denoted 
by x = (x1,...,xm)T. 

Definition 1 (Noisy ICA model): ICA of a random vector x consists of estimating the 
following model for the data: 

x = As + n                                                      (3.6) 

where the “latent” (or “hidden”, “source”,”original”) variables (components) si in the 
vectors s= (s1,.....sn)T are assumed independent. The matrix A is a constant m x n 
“mixing” matrix, which mixes the original components to produce the observed (linear) 
“mixture” x. n is a m-dimensional random noise vector. 

For simplicity the great majority of ICA algorithms and applications have used the 
following simplified definition, where the noise vector is ommited: 

Definition 2 (Noise-free ICA model): ICA of a random vector x consists of estimating the 
following  model for the data: 

x = As                                                          (3.7) 

where A and s are as in Definition 1. 
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In both cases [16], the method used for solving the ICA problem produces an A matrix so 
that the components si are as independent as possible, in the sense of maximizing some 
function F(s1,….sn) that measures independence.  

 
 
3.1.4 Identifiability of the ICA model 
 
The term identifiability means that possesing the mixture x we should be able to identify, 
by solving the ICA problem, only one set of matrix A and vector s. By imposing the 
following fundamental restrictions (in addition to the basic assumption of statistical 
independence), the identifiability of the model can be assured up to a multiplicative 
constant [16]. 
 
1.  All the independent components si with the possible exception of one component must 
be non-Gaussian. 
2.  The number of observed linear mixtures m must be at least as large as the number of 
independent components n. i.e., m≥ n. 
3.  The matrix A must be of full column rank.           
                         

Usually, it is also assumed that x and s are centered, i.e. have zero mean which is in 
practice no restriction, as this can always be accomplished by subtracting the mean from 
the random vector x. If x and s are interpreted as stochastic processes instead of simply 
random variables, additional restrictions are necessary. In our Thesis x and s will be 
random variables. 

A basic indeterminacy in the model [18], as stated above, is that the independent 
components and the columns of A can only be estimated up to a multiplicative constant, 
because any constant multiplying an independent, component in Eq. (3.7) could be 
canceled by dividing the corresponding column of the mixing matrix A by the same 
constant. For mathematical convenience, one usually defines that the independent 
components si have unit variance. This makes the independent components unique, up to 
a multiplicative sign (which may be different for each component).It should also be noted 
that the definitions of ICA given above imply no ordering of the independent 
components. The multiplicative and sign indeterminacy has as result that the independent 
component cannot be used for directly extracting quantitative measures from their values, 
but rather their characteristics, such as waveform morphology of temporally evolving 
components, indicate that they “represent” original independent sources. Quantitative 
measures have to be extracted from reprojections of vector ssub to new mixture, where ssub 
includes a subset of the independent components. The subset is selected according to 
various criteria, for example those components are grouped together, which present the 
same morphology and therefore intuitively seem to represent the same source.  

The non-Gaussianity restriction is necessary for the identifiability of the ICA model [19]. 
Indeed, for Gaussian random variables uncorrelatedness implies independence, and thus 
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any decorrelating representation would give independent components. This restriction has 
an implication for biomedical data, including EEG data, namely that the amplitude 
variation of the underlying sources and neuroelectric phenomena responsible for the 
generation of currents and potentials should not possess Gaussian properties, 

In the models used in the present Thesis it is assumed that assumptions 1-3 above are 
valid, and we shall use only the noiseless ICA model. We also make the conventional 
assumption that, the dimension of the observed data equals the number of the 
independent components, i.e. n = m. Apart from making matrices square, this assumption 
provides the minimum number of components to study, which is desirable, since even for 
our case where we will possess n=15, there is a redundancy in the components’ 
representation of underlying sources, which creates a difficulty in assembling the ssub 
vectors.   

3.1.5 Applications of ICA 
 

The classical application of the ICA model is in so-called “Blind Source Separation” 
(BSS) problem. In BSS the observed values of x correspond to a realization of an m-
dimensional discrete-rime signal x(t),t=1.2…, as stated in Section 3.1.1. Then the 
independent components si(t), i=1,…..,n, t=1,2,….. are called source signals, which are 
usually original, uncorrupted signals or noise sources. A classical example of BSS is the 
“cocktail party problem”. Assume that m people are speaking simultaneously in the same 
room, as in a cocktail party. Then the problem is to separate the voices of the different 
speakers, using recordings of n microphones in the room. This corresponds to the ICA 
data model, where xj(t) is the recording of the j-th microphone, and the si(t) are the 
waveforms of the voices. A more practical application is noise reduction. If one of the 
sources is the original, uncorrupted source and the others are noise sources, estimation of 
the uncorrupted source is a denoising operation. Most of the research on ICA has been 
done with the application of source separation in mind. Many authors treat the terms ICA 
and BSS equivalently, in the sense that both A and s are unknown, although BSS could 
be achieved by applying criteria other than statistical independence [20-22].  

Another application of ICA is feature extraction [23-25]. Then the columns of A 
represent, features, and si is the coefficient of the i-th feature in an observed data vector x. 
The use of ICA for feature extraction is motivated by the theory of redundancy reduction, 
i.e. reducing the number of parameters to process in a feature processing analysis, such as 
a classification problem. It is expected that by selecting only those components that are of 
interest (for example rejecting obvious noise components) a reduced set of features will 
result, which will facilitate the classification problem [26-28]. In this case it should be 
kept in mind that the indeterminacy stated previously, does not enable the direct use of 
the si variables, but should instead lead to feature reduction in the mixture space, by 
reprojecting vectors ssub, as will be the case for this Thesis. 
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3.2 Algorithms for ICA 

In this Section, we present the ICA algorithm used in the present Thesis. 

3.2.1 Preprocessing of the data 

The algorithm we used, as many ICA algorithms require a preliminary “sphering” of the 
data x, and even those algorithms that do not necessarily need sphering, often converge 
better with sphered data. Sphering means that the observed variable x of Eq. (3.7) is 
linearly transformed to a variable v

v=Qx                                                           (3.8) 

such that the covariance matrix of v equals unity: E{vvT } =I. After sphering we have 
from (3.7) and (3.8): 

v = Bs                                                            (3.9) 

where B = QA is an orthogonal matrix, because 

E{vvT}= BE{ssT}BT = BBT = I                            (3.10) 

provided that the independent components si have unit variance, i.e. E(ssT)=I. The 
problem of finding an arbitrary matrix A in model Eq. (3.7) is thus reduced to the simpler 
problem of finding an orthogonal matrix B. Once B is found, Eq. (3.9) is used to solve 
the independent components from the observed v by 

ŝ = BT v                                                          (3.11) 

Next we describe the underlying principles of the algorithm used for finding a suitable 
matrix B for solving the ICA problem [16]. 

3.2.2 Mutual Information Algorithm 
 
Entropy is the basic concept of information theory. The entropy of a random variable can 
be interpreted as the inverse of the degree of information that the observation of the 
variable gives. The more “random”, i.e. unpredictable and unstructured the variable is, 
the larger its entropy. Entropy H is defined for a discrete random variable y as 

 
H(Y)= -∑ ==

r
rr aYaYP )log()(                                         (3.12) 

where the αr are the possible values of y [19]. This definition can be generalized for 
continuous-valued random variables and vectors, in which case it is called differential 
entropy. The differential entropy H of a random vector y with density f(y) is defined as: 
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H(y)= - ∫ dyyfyf )(log)(                                                     (3.13) 

A fundamental result of information theory is [19] that a Gaussian variable has the 
largest entropy among all random variables of equal variance. This means that entropy 
could be used as a measure of non-Gaussianity. In fact, this shows that the Gaussian 
distribution is the “most random” or the least structured of all distributions. Entropy is 
small for distributions that are clearly concentrated on certain values, i.e. when the 
variable is clearly clustered, or has a pdf that is very “spiky”. 
Using the concept of differential entropy, we define the mutual information MI between n 
(scalar) random variables, yi, i= 1…n as follows: 

MI(y1,y2,…..yn)=∑
=

−
n

i
i yHyH

1
)()(                                              (3.14) 

From information theory it is known that mutual information is a natural measure of the 
dependence between random variables. It is always nonnegative, and zero if and only if 
the variables are statistically independent. Therefore if we could find, based on our 
observation of the vector of mixtures x, as a vector of random variables y that would have 
pdfs that would in turn minimize MI, we could be assured that y wiil be a solution to the 
ICA problem, i.e. y = s. The algorithm that seek to minimize MI, seek to minimize an 
objective function φ(y), derived from MI. φ(y) is a real-valued function of the 
distribution of y and serves as objective in the sense that it must be designed in such a 
way that mixture separation into independent components is achieved when we reach 
their minimum value [16]. 
High order statistics can be used to define objective functions, which are simple 
approximations to those derived by applying the principle of minimizing MI. High order 
statistics, means that we use statistical parameters called cumulants, of the desired 
distribution, higher that second order moments. For zero-mean random variables y1, y2, y3, 
y4 the 4th order cumulants are [29]: 

Cum[y1, y2, y3, y4]=  Ey1y2y3y4 -Ey1y2 Ey3y4 -Ey1y3 Ey2y4 –Ey1y4 Ey2y3      (3.15) 

Whenever the random variables y1, y2, y3, y4 can be split in two groups which are 
mutually independent, their cumulant is zero [29]. Therefore, independence beyond 
second-order decor-relation can be easily tested using high-order cumulants. 
By using, for simplicity, the following notation for the cumulants of the elements of a 
given vector y: 

Cij[y]=Cum[yi,yj] and Cijkl[y]=[ yi,yj, yk,yl]                             (3.16) 

The algorithm used in the software package we used has as objective function the 
function: 

φ(y)= ∑
≠ijkkijkl

ijkl yC ][2                                                                      (3.17) 
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Chapter 4: Logistic Regression  
 

4.1 Introduction 
Since in our case we wanted to use a classification system, we had to choose an 
appropriate method from the variety of existing ones. Furthermore since the design of the 
study imposed the use of both classical statistical methods and novel classification 
techniques, concerning the classical statistical techniques we selected the logistic 
regression model, since it provides a technique both extensively investigated and used by 
the medical community and fitting for use with binary outcome values as explained in 
detail in the following. In regression techniques, in most cases, one variable is usually 
taken to be the dependent variable, that is, a variable to be predicted from other variables. 
The other variables are called predictors or independent variables. Choosing an 
appropriate model and analytical technique depends on the type of variable under 
investigation. In our case, the dependent variable of interest is not on a continuous scale; 
it has only two possible outcomes and therefore can be represented by an indicator 
variable taking on values 0 and 1, i.e 1 for patient class and 0 for healthy control class. 
The independent values in our case are the features we will use in order to classify a 
person in one of the two classes. In our analyses we will use in each model features of the 
same physical quantity, for example in one model we will have 15 independent values 
representing the 15 P600 peak amplitudes, as extracted from the ICA-reconstructed ERPs 
(see also Chapter 6 – “Methodology”).   
When the dependent variable is dichotomous it may be represented by a variable taking 
the value 1 with probability π and the value 0 with probability 1-π. Such a variable is a 
point binomial variable, i.e. a binomial variable with n =1 trial, and the model often used 
to express the probability π as a function of potential independent variables under 
investigation is the logistic regression model [30].  
 
4.2 Simple Regression Analysis 
In this section we discuss simple regression analysis when only one independent variable 
is available for predicting the response of interest. Again, the response of interest is 
binary taking the value 1 with probability π and the value 0 with probability 1-π.  
 
4.2.1 Simple Logistic Regression Model 
Regression analysis aims to describe the mean of a dependent variable Y as a function of 
a set of predictor variables. The logistic regression, as stated above, deals with the case 
where the basic random variable Y of interest is a dichotomous variable taking the value 
1 with probability π and the value 0 with probability (1-π). Such a random variable is 
called a point-binomial or Bernouilli variable, and it has the discrete probability 
distribution: 

Pr( Y = y ) = πy (1-π)1-y        y= 0 , 1                                        (4.1)         
 

Suppose that for the ith individual of a sample (i = 1, 2, . . . , n), Yi is a Bernouilli 
variable with: 

Pr( Yi = yi ) = πy
i (1-πi)1-y

i        yi= 0 , 1                                    (4.2) 
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The logistic regression analysis assumes that the relationship between πi and the covariate 
value xi (i.e. predictor value or independent value or feature) of the same person is 
described by the logistic function [30]: 

 

)](exp[1
1

xi10
i ββπ +−+
=          i= 1, 2 , ….. , n                             (4.3) 

 
The basic logistic function is given by: 

f(z)= ze1
1
−+

                                                       (4.4) 

where, as in this simple regression model: 
 zi = β0 + β1xi                                                          (4.5) 

 
or, in the multiple regression model that we will use, 

    zi =                                              (4.6) ∑ββ
=

+
k

1j
jij0 x

Two reasons make the logistic regression model attractive in biomedical sciences. Firstly 
the range of the logistic function is between 0 and 1, which is suitable for use as a 
probability model, representing individual risk, and secondly the logistic curve has an 
increasing S-shape with a threshold (Fig. 4.1), which makes it suitable for use as a 
biological model, representing risk due to several factors (i.e. the predictors or 
independent values). In our classification systems the threshold of belonging to one or the 
other class is Y=1/2. 

 
Fig. 4.1: General form of a logistic curve 
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Under the simple logistic regression model, the likelihood function, for a sample 
configuration yi, i=1,...,n, is given by: 

 

L= ∏
ββ

β+β
∏

== ++
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n

1i )exp(1
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x
)]x[exp( i10

yi

   yi= 0, 1                      (4.7) 

from which we can obtain maximum likelihood estimates of the parameters β0 and β1. 
 
Likelihood is the hypothetical probability that an event that has already occurred would 
yield a specific outcome. The concept differs from that of a probability in that a 
probability refers to the occurrence of future events, while a likelihood refers to past 
events with known outcomes [30]. 
A likelihood function L(a) is the probability or probability density for the occurrence of a 
sample configuration y1, ..., yn given that the probability density f(y;a) with parameter a
is known, and that the probality of the occurences yi,yj i≠j are independent: 
L(a)=f(y1;a)...f(yn;a) [31]. 
 
 
4.3 Multiple Regression Model 
The effect of a feature on the dependent variable may be influenced by the presence of 
other features through interactions. Therefore, to provide a more comprehensive analysis, 
we have to consider a large number of features and sort out which ones are most closely 
related to the dependent variable. In this section we discuss multiple logistic regression 
analysis, which involves a linear combination of the independent variables. The variables 
must be quantitative with particular numerical values for each patient and in our case the 
independent variables, will be continuous. 
Suppose that we want to consider k covariates (features) simultaneously; the simple 
logistic model is generalized as [30]: 
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This leads to the likelihood function: 
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from which parameters can be estimated iteratively. 
Once we have a multiple logistic regression model we need to investigate the 
contributions of various features to the prediction of the binary response variable. 
There are three types of tests to perform: 
 
1. Overall test. Taken as a whole, does the entire set of independent variables contribute 
significantly to the prediction of class membership? 
The null hypothesis for this test may be stated as: ‘‘All k independent variables 
considered together do not explain the variation in the responses.’’ In other words, 
 

H0: β1=β2=…..=βk= 0                                              (4.11) 
 

There are various statistical functions (statistics) based mainly on the likelihood function, 
which may be used for testing the hypothesis.  
 
2. Test for the value of a single feature. Does the addition of one particular variable of 
interest add significantly to the prediction of class membership over and above that 
achieved by other independent variables? 
The null hypothesis for this test may state as: ‘‘Feature xi does not have any value added 
to the prediction of the class membership given that other features are already included in 
the model.’’ i.e. 
 H0: βi= 0 (4.12) 
 
Again the test of the null hypothesis can be performed using likelihood-based statistics. 
 
3. Test for contribution of a group of variables. Does the addition of a group of variables 
add significantly to the prediction of class membership over and above that achieved by 
other independent variables? 
In this case we have to address the more general problem of assessing the additional 
contribution of two or more features to the prediction of the response over and above that 
made by other variables already in the regression model. In other words, the null 
hypothesis is of the form: 
 
 H0: β1=β2=…..=βm= 0 (4.13) 
 
It is often of interest to assess the interaction effects collectively before trying to consider 
individual interaction terms in a model as suggested previously. In fact, such use reduces 
the total number of tests to be performed. Unfortunately in our case, since all features 
will be of the same physical quantity (voltage, time, etc.) and extracted through 
equivalent methods (electrode measurements, signal processing) we do not have reliable 
indications for such a grouping of features. 
 

 31



The way the above tests are applied is through Stepwise Regression. In our applications 
we wish to identify from many available features a small subset of features that relate 
significantly to the outcome (e.g., the disease under investigation). These features when 
used will lead to a classification system with more robust characteristics. In a standard 
multiple regression analysis, this goal is achieved by using a strategy that adds into or 
removes from a regression model one feature at a time according to a certain order of 
relative importance.  
 
Next we briefly describe these strategies (techniques) [30]: 
 
• Forward selection technique 
1. Fit a simple logistic linear regression model to each feature, one at a time. 
2. Select the most important feature according to a certain predetermined criterion. 
3. Test for the significance of the feature selected in step 2 and determine, according to a 
certain predetermined significance criterion (i.e. threshold of a statistical function), 
whether or not to add this feature to the model. 
4. Repeat steps 2 and 3 for those variables not yet in the model. At any subsequent step, if 
none meets the criterion in step 3, no more variables are included in the model and the 
process is terminated. 
 
• Backward elimination procedure 
1. Fit the multiple logistic regression model containing all available independent 
variables. 
2. Select the least important feature according to a certain predetermined criterion; this is 
done by considering one feature at a time and treating it as though it were the last 
variable to enter the model. 
3. Test for the significance of the feature selected in step 2 and determine, according to a 
certain predetermined criterion, whether or not to delete this feature from the model. 
4. Repeat steps 2 and 3 for those variables still in the model. At any subsequent step, if 
none meets the criterion in step 3, no more variables are removed in the model and the 
process is terminated. 
 
• Stepwise regression procedure. Stepwise regression is a modified version of forward 
regression that permits reexamination, at every step, of the variables incorporated in the 
model in previous steps. A variable entered at an early stage may become superfluous at a 
later stage because of its relationship with other variables now in the model; the 
information it provides becomes redundant. That variable may be removed if meeting the 
elimination criterion and the model is re-fitted with the remaining variables, and the 
forward process goes on. The entire process, one step forward followed by one step 
backward, continues until no more variables can be added or removed. 
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Chapter 5: Probabilistic Neural Networks (PNNs) 
 
5.1. Introduction 
The second classification method to be used in our study had to be one of the techniques 
that had started to be used in the last decade making use of available computing power 
while in the same time having a sound theoretical background, as well as a simple 
application scheme. Such a technique, which has been used with excellent results in 
previous research, is the Probabilistic Neural Network (PNN) technique which is 
explained here after. PNN is based both on Bayesion classification and Parzen's method 
for estimating probability density functions of random variables [13, 32-37]. 

Consider a sample x=[x1,x2,…, xp] taken from a collection of samples belonging to a 
number of distinct classes 1,2,…, k,…, K. Assume that the (prior) probability that a 
sample belongs to the kth class is hk, the cost associated with misclassifying that sample 
is ck, and that the true probability density function of all classes f1(x), f2(x),…, fk(x),…, 
fK(x) are known, Bayes theorem classifies an unknown sample into the ith class if 

                                                hicifi(x)>hjcjfj(x)                                                        (5.1) 
 

for all classes j≠i. The density function fk(x) corresponds to the concentration of class k 
examples around the unknown example. As seen from Eq. (5.1), Bayes' theorem favors a 
class that has high density near the unknown sample, or if the cost of misclassification or 
prior probability is high [32]. 

The main problem with Bayes' classification is that the probability density function fk(x) 
is not usually known. However, some approximation regarding the underlying 
distribution of the population of all random variables used in classification should be 
known or reasonably assumed. Usually, normal (Gaussian) distribution is assumed; 
although, the assumption of normality can not always be safely justified. When the 
distribution is not known, as happens often and the true distribution deviates considerably 
from the assumed one, statistical methods result in high misclassification rates. It would 
be better to derive an estimate of fk(x), from the training set composed of the training 
example, rather than just assume normal distribution. The resulting distribution will be a 
multivariate probability density function (PDF) that combines all the explanatory (i.e. 
feature) random variables. This is the approach proposed by Parzen (Parzen, 1962, 
Cacoullos, 1966) [38]. 

The multivariate PDF estimator, g(x), may be expressed as: 
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where σ1, σ2,…, and σp are the smoothing parameters representing standard deviation 
(also called window or kernel width) around the mean of p random variables x1, x2,…, xp, 
W is a weighting function to be selected with specific characteristics (Specht and 
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Masters), and n is the total number of training examples. If all smoothing parameters are 
assumed equal (i.e., σ1=σ2=σ3= =σp=σ), and a Gaussian function is used for W, a reduced 
form of Eq. (5.2) results:  

g(x)= ∑
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−

σπ =

n

1i 2
i

p2/p )
2

xx
exp(

n)2(
1                               (5.3) 

where x is the vector of random variables (explanatory variables or features), and xi is the 
ith training vector. Eq. (5.3) represents the average of the multivariate distributions where 
each distribution is centered at one distinct training example. The assumption of a 
Gaussian weighting function does not imply that the overall PDF will be Gaussian. As the 
sample size, n, increases, the Parzen's PDF estimator asymptotically approaches the true 
underlying density function [34]. 
 
5.2. Network operation 
Consider the simple network architecture shown in Fig. 7 with four input nodes (p=4) in 
the input layer, two population classes (class 1 and class 2), five training examples 
belonging to class 1 (n1=5), and three examples in class 2 (n2=3). The pattern layer (see 
Fig. 5.1) is designed to contain one neuron (node) for each training case available and the 
neurons are split into the two classes. The summation layer contains one neuron for each 
class. The output layer contains one neuron that operates a trivial threshold 
discrimination; it simply retains the maximum of the two summation neurons [32]. The 
PNN executes a training case by first presenting it to all pattern layer neurons. Each 
neuron in the pattern layer computes a distance measure between the presented input 
vector and the training example represented by that pattern neuron. The PNN then 
subjects this distance measure to the Parzen window (weighting function, W) and yields 
the activation of each neuron in the pattern layer. Subsequently, the activation from each 
class is fed to the corresponding summation layer neuron, which adds all the results in a 
particular class together. The activation of each summation neuron is executed by 
applying the remaining part of the Parzen's estimator equation (e.g., the constant 
multiplier in Eq. (5.3)) to obtain the estimated probability density function value of 
population of a particular class. The results from the two summation neurons are then 
compared and the largest is fed forward to the output neuron to yield the computed class 
and the probability that this example will belong to that class [33].  
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Fig. 5.1: A simple probabilistic neural network (PNN) with four input variables, two 
classes, and eight training examples (five belonging to class 1 and three to class 2). 

The most important parameter that needs to be determined to obtain an optimal PNN is 
the smoothing parameters (σ1, σ2,…, and σp) of the random variables. Most usually it is 
assumed that σ= σ1=σ2=…=σp and a set of σ values is selected, for check from previous 
experience with problems related and of the same nature with the problem at hand. Then 
the network is trained for each σ and tested on a test set of examples. The σ that produces 
the least misclassification rate is chosen. Finally a characteristic of PNN which makes 
them attractive in an era of ‘‘unlimited’’ computing power is that there is not a ‘‘real’’ 
training phase, since all training information is included in the structure of the network. 
This may save time compared to other types of classifiers where the training time may be 
excessively long, but on the other hand running time is extended linearly as training 
examples are added to the network. 
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Chapter 6: Methodology 
 

A. Subjects and ERP generation procedure 
The present study comprised 22 active alcoholic patients, 20 one-month abstinent 
alcoholics and 16 six-month abstinent alcoholics, matched on age, sex and educational 
level to 20 normal controls. Patients were recruited from the outpatient university clinic 
of Eginition Hospital of the University of Athens. The controls were recruited from 
hospital staff and local volunteer groups. All participants had no history of any 
neurological or hearing problems and were right-handed. Written informed consent was 
obtained from both patients and control subjects. 
All subjects were tested using an examination procedure presented in detail in previous 
works of the medical team which provided the data for the present study [4-6, 11-13]. In 
brief, subjects were presented with a warning stimulus (a single tone) and then after 1022 
msec a series of numbers to be memorized were presented. ERPs were recorded during 
the 1022 msec interval between the warning stimulus and the first administered number 
and were digitized at 500 samples/sec. ERPs were recorded from 15 scalp leads, based on 
the 10-20 International System of Electroencephalography, referred to both earlobes, with 
leads at Fp1, Fp2, F3, F4, C3, C4, C5, C6, P3, P4, O1, O2, Pz, Cz and Fz (see Fig. 1.1). 
Then for each subject, the average ERP for all repetitions, for each electrode, was 
extracted, excepting those repetitions of the test where an electrooculogram larger than 75 
μV happened.                                                                                                                                                        
 
B. Features 
Most ERP research, as stated in the Introduction (see Chapter 1.2.1), is based on 
statistical analyses of the peak amplitude and the latency of ERP components. Those are 
the easiest morphological features we can extract from the ERP curve, and the features 
that can be most easily related to cortical mechanisms generating both normal and 
pathological ERP responses. The goal of the present study was the use of these features 
for the P600 component for discriminating patient populations from normal controls, but 
the features had to be extracted from ICA-processed curves, hoping that the ICA 
processing would provide better classification performance than that of the original 
(unprocessed) data. 
Furthermore, three additional morphological features were also extracted in order to test 
whether they could, in the future, enlarge the set of features used by clinicians. The 
additional features were the component’s termination latency and two features related to 
slope characteristics of the P600 curve, termed termination slope and “fixed-end” 
termination slope. These five features were extracted from the original ERP averaged 
recordings, from the PCA-computed curves and the ICA-processed ERP curves, and are 
defined in the following. 
The peak amplitude and latency have been defined previously (see Chapter 1.2). We 
symbolize the peak amplitude (PΑ) of the Ρ600 component with Ρ600PA and the peak 
latency (PL) with Ρ600PL. The termination latency (TL) of the Ρ600 component is 
symbolized with P600TL and is defined as follows: from the time moment Ρ600PL+2msec 
until 1022msec, select as TL the time moment when happens the first zero-crossing of the 
ERP curve. Between the two opposite-sign samples “bordering” the zero-crossing we 
select as TL the time of the sample whose amplitude is more near to zero. If a zero-
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crossing is not detected, then as TL we select the time moment when happens the total 
minimum of the ERP curve in the time window [Ρ600PL+2msec, 1022msec], i.e. the time 
when the ERP curve is nearest to the iso-electric line. Deliberately we did not limit the 
search of TL to the definition time window of Ρ600 component, i.e. [500msec, 800msec], 
because this window concerns the P600 peak location, while the termination of the 
component may well be beyond 800 msec. The value of ERP at the time of TL is 
symbolized with Ρ600TA. 
From the above, the termination slope (TS) of the curve of Ρ600 component, is defined as: 
 

TS = tan-1 {( Ρ600TA - Ρ600PA ) / ( Ρ600TL - Ρ600PL )} 
 

Concerning the fifth feature i.e. the “fixed-end” termination slope (FTS), consider the X-
Y plane, where X is the ERP recording time and Y its amplitude. We define as FTS the 
slope of the straight line that connects the point of the Ρ600 component peak (point 
{Ρ600PL, Ρ600PΑ}) with the point {800msec, 0}. Therefore, in the above formula it is 
Ρ600TA=0, Ρ600TL=800msec. If Ρ600PL=800msec then as termination point of the straight 
line we consider the point {802msec, 0}, to avoid infinity of ( Ρ600TA - Ρ600PA ) / ( 
Ρ600TL - Ρ600PL ). 
The above features are shown in an example in Fig. 6.1. 

 

TL

 
Fig. 6.1: Schematic representation of the features (AMP, LAT, TL, FTS, TS). 
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C. PCA 
In our study we applied PCA to the ERP of each subject separately. Taking the matrix 
called “temp” in our code (dimensions 15x512) which comprises the 512 samples of each 
of the 15 scalp recordings, we normalized the data, computed the (normalized) 
eigenvectors and then projected the original ERP data to each of the 15 directions 
provided by the PCA. 
Thus 15 PCA-projected ERPs (or new "PCA" recordings) were produced, each 1022 
msec-long. From each of these recordings, the five features were extracted. In principle, 
we could set a threshold for the number of principal components to reject, based on the 
percentage of varianve explained by the previous components. Since this could create a 
different number of "PCA" recordings for each subject, we preferred to keep the totality 
of PCA-projected ERP recordings and let the classification algorithm perform the task of 
rejecting the features that correspond to least significant recordings. 
In this application of PCA for each subject we used the 15 scalp recordings of this 
subject. An another application of the PCA was to use for each subject the 15 scalp 
recordings from all the subjects of group, the other procedures were the same with the 
first application and finally produced 15 PCA-projected ERPs. To distinguish these 
applications of PCA we named the first application PCA per subject and the second PCA 
per group.    
    
D. ICs Selection Techniques 
As stated in Chapter 3-"ICA", ICA is used for the transformation of the (bio)signals in 
Independent Components (IC). In the application of this method in EEG signals, and 
specifically in ERPs, we try to achieve the decomposition of the recorded signals in ICs, 
supposing temporally independent components, which are calculated by ICA. The re-
projection of each IC onto EEG recording electrodes, gives a Projection of an 
Independent Component (PIC) at each recording electrode. The sum of PICs for all the 
ICs, per electrode, gives the original EEG signal at the electrode. The analysis of ICs, in 
accordance with the theoretical foundation of ICA and previous researches for ERP 
components such as N100 and P300, seems to be able to provide ICs that represent 
exclusively the generators of the specific components, allowing the separation of 
different "sources" of the components. Therefore one of the targets of ERPs analysis with 
ICA techniques is the selection of ICs that via their PICs, recompose the «original» ERP 
component, which is "hidden" in the original recording due to electrical noise or 
concurrent generators not related to the component under investigation. This analysis 
takes place separately for each component of ERPs. In the present study we recompose 
the P600 of ERPs. The analysis uses the averages of   ERPs per electrode per subject. 
Below, we describe the techniques we proposed and used for the automatic selection of 
ICs that would recompose the Ρ600. 
 
For each subject we have 15 original ERPs recording channels with =512 samples 

for each recording: . In the terminology of Makeig et 
al. (1999) [39], each sample is considered a “mixture”, because it is a combination of the 
effect of various intracranial sources. All of these ERPs data can be written in a mixture 
matrix,

maxS

15,...,1j,1S,...,0ts,x max
ts
j =−=

1S,...,0ts,]x[X max
ts −== , where each column tsx  contains the 15 samples of 
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the original ERPs at the time moment that corresponds to the sample ts: 
xts ( Tts

15
ts
1 x,...,x= ) . Each row j of Χ, is symbolized with ( )1S

j
0
jj,

maxx,...,xV −
ΠΔ =   and has 

the 512 samples of original ERP of channel j. 
Also we have 15 ICs that are produced from ICA: . 
Similarly with the mixture matrix, we can write all the samples of the ICs in a 
"component activation" matrix

15,...,1i,1S,...,0ts,s max
ts
i =−=

1S,...,0ts,]s[S max
ts −== , where each column tss  

contains the 15 ICs values at the moment that corresponds to the sample ts: 
sts ( Tts

15
ts
1 s,...,s= ) . Each row i of S has 512 samples of the ith IC: ( )1S

i
0
ii

maxs,...,sIC −= . 
The rows of S are also named "component activations", i.e the time courses of relative 
strengths or activity levels of the respective ICs. 
It is tsts sAx =  and , where Α is the 15x15 mixing matrix. ASX =

ICA finds A and S, when we know Χ. 
For each ERP channel j, we find the re-projection of each IC i (PIC) at this channel:  
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The projection of the ith independent component onto the original data channels is given 
by the outer product of the ith row of the component activation matrix with the ith 
column of the inverse unmixing matrix. Neither the scalp maps nor the activation time 
series found by the infomax ICA algorithm that we use are normalized. In this case, 
scaling information is distributed between them, and the true size of a component is given 
only by the size of its projection.  
For each sample of the original ERP we have: 

. Our target is the «replacement» of  

from a new ERP: , which will be produced from recomposition with a selection ICs, 

which we will re-project.  

15,...,1j,1S,...,0ts,px max

15

1i

ts
ji
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j =−== ∑

=
j,VΠΔ

jRe,V

 
The calculation of ICs, and their corresponding projections (PIC), is done using the 
EEGLAB toolbox. This toolbox is used with the Matlab software, so we loaded 
EEGLAB, then we imported the patients’ data, providing some specific characteristics 
(number of channels, data format, time points per epoch, data sampling rate, channel 
location), we run ICA (using the "jader" algorithm [40]) and finally we exported the ICs, 
providing some other specific characteristics (output name, transpose matrix, number of 
significant digits to output) [41].  
The calculation of ICs takes place using all the recording time of ERPs (0 until 1022ms 
after the beginning of the eliciting stimulus). Then we automatically categorized PICs 
depending on their contribution to the original EEG signal according to the techniques 
described here after. The study took place per channel j=1,…,15 of the EEG.  
Technique 1 (T1): 
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Technique 1 selects the PICs that contribute more (up to a threshold to be defined 

here after), as a percentage of power of the reconstructed ERP, in each channel. For each 

PIC  15,...,1i,p
ji

=  we compute Ωji ∫≡
2/f

0

s

}jip{
df)f(PSD , i,j=1,…,15 where 

}jip{
PSD  is the 

power spectral density (units V2/Hz) of PIC 
ji

p , computed using Discrete Fourier 

Transform in the [500msec, 800msec] time window, and fs is the sampling frequency, i.e. 

fs=500Hz. Ωji provides a parameter which will enable the ranking of PICs according to 

their power.  

Then we ranked with declining order the PICs, based on the value Ωji, we calculated the 

quantity PTot=  and selected a power percentage (PPT%) threshold. We summed the 

quantities Ω

∑Ω
=

15

1i
ji

ji beginning from the biggest, adding successively the next smaller quantity, 
until to exceed the value (PTot)x(PPT)/100. The PIC with which we exceeded the 
selection threshold PPT was included in the selected PICs. Here we must note that the 
PICs of each channel had a DC content. Some of those PICs had a prominent DC content 
and we wanted to investigate whether their inclusion or rejection (which in the following 
for shortness will be denoted as case “not DC”) in  would influence the 

classification performance, so we computed the DC power for each PIC  
jRe,V

15,...,1ip
ji

= . 

We computed the DC power in absolute terms of the projection of every IC at every 
channel using the time window of [0msec, 1022msec]. In each channel we selected one 
of the PICs as the “DC PIC” and this was the PIC that had the higher DC power from all 
the PIC in that specific channel. The DC PIC was included in the calculation of the 
quantities PTot and Ωji, but in the case of “not DC”, it was excluded from the 
reconstruction of the ERP. Another note is that after the presentation of the eliciting 
stimulus there was a negative peak, the N100 component in the time window of 70 to 140 
msec and this influenced strongly some ICs, so we computed the total power for each 
projection of every IC at every channel using the time window of [70msec, 140msec] 
[10] and we selected the PIC with the higher total power as the “N100 PIC”. In the case of 
“not N100”, we excluded it from the reconstruction of the ERP. 

 
Technique 2 (T2): 
 

Another IC selection technique can be used if we approach the problem differently, 
considering that the P600 or whatever other component of ERP we try to analyze, is not 
exactly expressed at the EEG, because other sources in the brain influence the recording, 
decreasing perhaps the "spikeness" of the peak that we will characterize as the P600 
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component of ERP. Taking into consideration the definition of ERP components, 
according to which the component is defined quantitatively as the local maximum or 
minimum of the EEG recording at a specific time window after the presentation of the 
eliciting stimulus, with technique 2 we import in our algorithm all ICs of the initial signal 
and we calculate each of the ICs combination, from per two until a given limit (ΜΣi) that 
we select, for each subject i. This given limit (ΜΣi) was calculated as follows: Applying 
the technique T1 for 90% PPT%, for all cases (“Full”, “not DC”, “not N100” and “not DC 
and N100”), for each channel j of subject i, we see that we need at most Nj,i PICs to 
surpass the PPT% threshold. These Nj,i PICs are stored in a matrix called “P_ICA”. ΜΣi 
is the mean of Nj,i PICs, for each subject i. So in technique T2, we loaded each time the 
corresponding Nj,i PICs from the matrix “P_ICA”  to the cases of “Full”, “not DC”, “not 
N100” and “not DC and N100”. Finally we select that combination of ICs, for each channel, 
whose algebraic sum of PICs will give the biggest local maximum, at the window 
[500msec, 800msec]. Thus, theoretically, the reconstructed ERP will provide a "cleaner" 
expression of the ERP component that we want to study. 

  

Technique 3 (T3): 
 

In technique 3 we compute, for each lead the time distance of the global maximum 
of each PIC, at the time window [500 msec, 800 msec] to the latency of the P600 ERP 
component of this lead, as it is detected in the original signal. We select the PIC with the 
smallest time distance. 

Therefore in this technique we make the assumption that the PIC that best 
represents the P600 component in the original ERP is the one whose P600 latency is closest 
to the original P600 component latency. This means that we opt for the primacy of the 
temporal mechanisms related to the P600 generation and presume that these are reflected 
in the peaks of the PICs and will consequently lead to features that will best differentiate 
patients from controls.  

  
E. Logistic Regression and PNN’s 
 
The next stage of our study was the use of a classification method based on the features 
extracted using the original data, PCA and ICA with T1, T2 and T3. 
First we checked the normality of the distribution of the features. This was done with the 
use of Kolmogorov-Smirnov test, using the Statistical Package for the Social Sciences 
(SPSS) software (SPSS Inc., Chicago, Illinois). This check was done for each group of 
subjects separately. 
 
Then we used the Logistic Regression method for classification. In this method our files 
had data of two groups each time. From the basic menu of the SPSS editor, we select 
“Analyze”, we choose “Regression” and then “Binary Logistic”. Then the window 
“Logistic Regression” pops-up and the actions to do as follows:  
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1) Sub-window “Dependent:” select channel with dependent values. In our data files we 
had 16 columns. The 16th column was the channel with dependent values and it existed 
for the separation of the subjects of the two groups.   
2) Sub-window “Covariates:” select channels with independent values. From the 1st to 
15th column were the channels with independent values, the features values for the 15 
electrodes.  
3) From menu “Method:” select “Forward: Conditional”. 
4) In button “Options…”, we can keep all the defaults: the “Display At each step” 
selected checkbox, the “Probability for Stepwise” default values for entry and removal 
(0,05/0,1), the classification cutoff (0,5), the inclusion of constant in the model, except 
the “maximum iterations” (20), which must be changed to 999 and the “iteration history” 
box, which must be selected. 
5) Click button “OK” 
 
In the results of the SPSS output we checked the final step’s model’s significance, the 
Nagelkerke R2 ,which is a modification of the Cox and Snell coefficient to assure that it 
can vary from 0 to 1. That is, Nagelkerke's R2 divides Cox and Snell's R2 by its 
maximum in order to achieve a measure that ranges from 0 to 1. Cox and Snell's R2 is a 
measure of how well the Logistic Regression model produced fits to the original data (i.e. 
the dependent data or features). We also checked the final step’s overall classification 
percentage, which is defined as the percentage value of the total number of correct 
classifications for both groups.  
 
In many cases the forward conditional method failed. The reasons were that only the 
constant was included in the model or we have perfect fit or numerically instability. In 
these cases we selected the backward conditional method. 
 
Then we have done two implementations of classification using Probabilistic Neural 
Networks. At the first implementation from the subjects’ data we create 15 features from 
the P600 peak amplitudes g(i), i=1,…,15 per subject, and with the method of leave-one-out 
with all the features we test the classification accuracy of PNN, computing the overall 
classification percentage. According to the method of leave-one-out, if there are n 
samples of training data, an algorithm is trained using n-1 samples of this data and tested 
on the nth sample that was left out. This process of training the algorithm is repeated by 
choosing different n-1 training samples each time. At the second implementation of PNN, 
we create four meta-features from the subjects’ P600 amplitude data: the mean value, the 
standard deviation, the skewness and the kurtosis (see Table 6.1). We test the 
classification performance of PNN for all the meta-features combinations. Before the 
implementation of the PNNs we have done data normalization. We use the PNN’s 
classifier with three different values of the smoothing parameter, σ=0.1, 0.5, 1. 
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  Table 6.1  

“Meta-features” 
For each subject the following formulae were applied  

(g(i)=P600 peak amplitude and N=number of channels=15 in our case): 
Features Formula 

1.Mean        
   Value 

N

)i(g
N

1i
∑

=μ =  

2.Standard     
   deviation 

N

))i(g(
i

2∑ μ−
=σ  

3.Skewness 

3
i

3))i(g(

N
1s

σ

∑ μ−
=  

4.Kurtosis 

4
i

4))i(g(

N
1k

σ

∑ μ−
=  

 

 

 

 

 

 43



 
 

Chapter 7: Results 
 

7.1 Kolmogorov-Smirnov Results 
First we present the results of the Kolmogorov-Smirnov test for the extracted features 
using the original data, the data computed through PCA processing and the data 
computed through ICA processing with T1, T2 and T3 of the following groups: 1-month 
abstinent alcoholics (ALC1), 6-months abstinent alcoholics (ALC6), active alcoholics 
(ALCACT) and healthy controls (CON). The Kolmogorov-Smirnov test is used in order 
to check the normality of the distribution of each feature, of each group.  
We present four tables (Tables 7.1-7.4), one table per group: ALC1-KS, ALC6-KS, 
ALCACT-KS, CON-KS. The results are presented with colours. If the respective cell is 
white it means that the value of the parameter “Significance” of the SPSS software is 
over 0.05, which in turn means that the distribution is not significantly different from 
normal, with significance level 0.05. The yellow colour means that this value is under 
0.05, i.e. the distribution is not normal at 0.05 significance level.  
In the Tables, the headings of the four right-most columns are as follows: “Full” means 
that in these cases we used all the PICs for the reconstruction of the “original” ERP 
component, “nDC” means that in these cases the DC-component PIC was excluded from 
the reconstruction of ERP, “nN” means that in these cases the N100-component PIC was 
excluded from the reconstruction of ERP, “nDCN” means that in these cases both DC- 
and N100-components PICs were excluded from the reconstruction of ERP. The headings 
of the rows on the left are as follows: “Original” means that we used the features that 
were extracted from the original data, T1 60 means that we used the features that were 
extracted by technique T1 with 60% PPT%, T1 70 with 70% PPT%, T1 80 with 80% 
PPT%, T1 90 with 90% PPT%.The five features, extracted by the ERPs reconstructed by 
each technique, as well as from the original data, are AMP, i.e. peak amplitude, LAT, i.e. 
latency, TL, i.e. termination latency, TS, i.e. termination slope and FTS, i.e. “fixed-end” 
termination slope. 
Below each Table we present a sub-table concerning the results of the KS test for the five 
features extracted from the PCA-per subject processing (“PCA_1 reconstructed channels” 
column) and the PCA-per group processing (“PCA_2 reconstructed channels” column). 
In some cases we didn’t perform the test and this is denoted by a gray cell. These cases 
concerned the application of the “nDC” and the nDCN” variants for technique T1 with 
60% PPT%, for all groups, and the “nDCN” variant for technique T1 with 70% PPT% for 
the six-months abstinent and active alcoholics groups. In these cases the exclusion of the 
DC- and N100-components PICs resulted in the non-existence of PICs to participate in the 
reconstruction of the ERPs, in some electrodes. In such electrodes, the PICs needed to 
reach the 60% of the total ERP power included only the DC-component PICs, so when 
the “nDC” variant was applied, these PICs were eliminated, and the same applied also for 
the “nDCN” variant. Since in the 70% PPT% “nDC” variant there were no cases with 
non-existent PICs, the N100-component PICs, which were additionally excluded in the 
“nDCN” variant, were the PICs needed to surpass the 70% PPT% threshold, and again no 
PICs were left for reconstructing the ERPs. The non-existence of PICs for various 
electrodes, would mean that in subsequent classification tasks these electrodes should be 
excluded, and in turn this would create a difficulty in comparing classification 
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performance between different variants, PPT% thresholds and techniques. This was the 
cases that no further work was undertaken in those cases. 
Furthemore, in cells denoted by yellow background with diagonal lines, the non-
normality was very severe. In these cases, which included only the FTS and TS 
parameter, some of the values of FTS and TS, in some electrodes, presented a value near 
zero. This was due to the fact that a very low amplitude P600 component existed in those 
electrodes, compared to the values at the other electrodes. The distribution of such low 
amplitude components between different electrodes did not present a consistent pattern. 
These values are outliers, who should be omitted from further statistical processing, 
although they should not be obligatorily considered as noise or wrong measurements, 
since very low amplitude recordings do occur in ERP measurements and the procedure 
for computing the component and the FTS and TS parameters is exact. For the same 
reasons as above, no further work was undertaken in those cases. 
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Table 7.1 
Kolmogorov-Smirnov test for the ALC1 group. For explanations see text in page 44  

 
ALC1-KS 

Techn. Parameters  Full nDC nN nDCN 
 AMP     
 LAT     

Original TL     
 FTS     
 TS    

 

 
 AMP      
 LAT      

T1 60 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 70 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 80 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 90 TL      
 FTS      
 TS      
 AMP      
 LAT      

T2 TL      
 FTS      
 TS      
 AMP      
 LAT      

T3 TL      
 FTS      
 TS      

 
 PCA_1 reconstructed 

channels 
PCA_2 reconstructed 

channels 
AMP   
LAT   
TL   

FTS   
TS   
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Table 7.2 
 Kolmogorov-Smirnov test for the ALC6 group. For explanations see text in page 44 

 
ALC6-KS 

Techn. Parameters  Full nDC nN nDCN 
 AMP     

 LAT     
Original TL     

 FTS     
 TS    

 

 
 AMP      
 LAT      

T1 60 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 70 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 80 TL      
 FTS      
 TS      
 AMP      
 LAT      

T1 90 TL      
 FTS      
 TS      
 AMP      
 LAT      

T2 TL      
 FTS      
 TS      
 AMP      
 LAT      

T3 TL      
 FTS      
 TS      
   Full nDC nN nDCN 
 

 PCA_1 reconstructed 
channels 

PCA_2 reconstructed 
channels 

AMP   
LAT   
TL   

FTS   
TS   
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Table 7.3 
 Kolmogorov-Smirnov test for the ALCACT group. For explanations see text in page 44 

 
ALCACT-KS  

Techn. Parameters   Full nDC nN nDCN 

 AMP         
 LAT        

Original TL        
 FTS        
 TS       

 

  
 AMP           
 LAT           

T1 60 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 70 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 80 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 90 TL           
 FTS           
 TS          
 AMP           
 LAT           

T2 TL           
 FTS           
 TS           
 AMP           
 LAT           

T3 TL           
 FTS           
 TS           
     Full nDC nN nDCN 

 
 PCA_1 reconstructed 

channels 
PCA_2 reconstructed 

channels 
AMP   
LAT   
TL   

FTS   
TS   
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Table 7.4 
 Kolmogorov-Smirnov test for the CON group. For explanations see text in page 44 

 
CON-KS  

Techn. Parameters   Full nDC nN nDCN 

 AMP         

 LAT        
Original TL        

 FTS        
 TS       

 

  
 AMP           
 LAT           

T1 60 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 70 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 80 TL           
 FTS           
 TS           
 AMP           
 LAT           

T1 90 TL           
 FTS           
 TS          
 AMP           
 LAT           

T2 TL           
 FTS           
 TS           
 AMP           
 LAT           

T3 TL           
 FTS           
 TS           
     Full nDC nN nDCN 
 

 PCA_1 reconstructed 
channels 

PCA_2 reconstructed 
channels 

AMP   
LAT   
TL   

FTS   
TS   
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7.2 Logistic Regression Results 
 
At the next tables we present the results of the logistic regression method applied at the 
extracted features using the original data, the data computed through PCA processing and 
the data computed through ICA processing with T1, T2 and T3 of the following groups: 
1-month abstinent alcoholics (ALC1), 6-months abstinent alcoholics (ALC6), active 
alcoholics (ALCACT) and healthy controls (CON). The classification into two classes of 
subjects was applied to six groups: discrimination between healthy controls and 1-month 
abstinent alcoholics (Table 7.5, with heading CON-ALC1), between healthy controls and 
6-months abstinent alcoholics (Table 7.6, with heading CON-ALC6), between healthy 
controls and active alcoholics (Table 7.7, with heading CON-ALCACT), between 1-
month abstinent alcoholics and 6-months abstinent alcoholics (Table 7.8, with heading 
ALC1-ALC6), between 1-month abstinent alcoholics and active alcoholics (Table 7.9, 
with heading ALC1-ALCACT), between 6-months abstinent alcoholics and active 
alcoholics (Table 7.10, with heading ALC6-ALCACT).  
The division into cells is the same as in Tables 7.1-7.4, with the exception that for size 
reduction we inserted the results concerning the parameters extracted through PCA_1 and 
PCA_2 processing in the top right group of cells. 
The values presented are overall significance, Nagelkerke R2 and overall classification 
percentage, at each cell we have a set of these three values and for better view we have 
used different font color for each feature. 
In some cases the method failed. The reasons were that only the constant was included in 
the model or the model fitted the data perfectly, in which case we have overfitting, or 
there was numerical instability in the model selection process. In these cases the cell is 
left empty. We present also again the cases when the K-S test indicated significant 
deviation from normality, by drawing a yellow background to the cell. Cases were no 
classification processing was applied, for reasons explained in the previous section, have 
a grey background. 
Cases in which a parameter presented overall classification percentage greater than 80% 
have a colored (per parameter) background behind the classification value. Cases in 
which more than one parameter presented overall classification percentages at 80% or 
higher, were included in a colored box. For example in Table 7.5 in the case of T2-nN, 
the parameter AMP has 80% correct classification, LAT has 90% and FTS has 85%, so 
they are enclosed in an orange box. Also for these cases, after each Table, we presented, 
for each parameter, the scalp electrodes who entered the logistic regression equation after 
the stepwise feature elimination procedures.  
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LOGISTIC REGRESSION TABLES 
Table 7.5 

CON-ALC1 
 

   Morphological Components elimination 

Techn. Parameters Full nDC  nN  nDCN 

  AMP 0,002/0.368/72.5     0,000/0.654/82.5 0,057/0.177/62.5 

  LAT 0,015/0,182/70   PCA  ----->[1],[2] 0,002/0,458/77.5 0,007/0,221/72.5 

Original TL 0,021/0,166/65   0,000/0,567/80 0,140/0,000/50 

  FTS 0,000/0,583/80     0.026/0.276/70  

  TS         

  AMP 0,001/0,460/82.5   0,008/0,216/55   

  LAT 0,008/0,215/70   0,000/0,361/72.5   

T1 60 TL 0,044/0,129/65  0,037/0,137/67.5   

  FTS 0.000/0.381/70   0,001/0,314/72.5  

  TS     

  AMP 0,001/0,435/77.5 0,000/0,781/87.5 0,013/0,189/60 0,001/0,301/70 

  LAT 0,000/0.580/87.5 0,004/0,244/75 0,000/0,356/77.5 0,000/0,615/75 

T1 70 TL 0,001/0.400/75 0,006/0,299/65 0.022/0,163/65 0,000/0,429/70 

  FTS 0.015/0.184/65  0,016/0,181/67.5  

  TS     

  AMP 0,000/0,513/80 0,000/0,683/85 0,001/0,481/72.5 0,001/0,308/65 

  LAT 0,048/0,124/67.5 0,004/0,256/70 0,004/0,248/75 0,000/0,807/92.5 

T1 80 TL 0.004/0,321/62.5 0.045/0,191/67.5 0,005/0,238/70 0.013/0,192/75 

  FTS 0,001/0,398/65  0,018/0,173/67.5 0,004/0,3923/77.5 

  TS 0,060/0,113/52.7    

  AMP 0,003/0,331/75 0,000/0,573/80 0,016/0.182/57.5 0,002/0,275/70 

  LAT 0,007/0,223/67.5 0,003/0,267/67.5 0,000/0,496/82.5 0,001/0,450/85 

T1 90 TL 0,000/0,533/80 0,026/0,156/67.5 0,002/0,353/75 0,004/0,246/75 

  FTS 0,006/0,299/70 0.000/0.900/95 0,029/0,148/65 0,009/0,278/65 

  TS     

  AMP 0,000/0,438/77.5 0.000/0.502/85 0.000/0.578/80 0.000/0.425/75 

  LAT 0,017/0,178/67.5 0.020/0.169/65 0.000/0.760/90 0.026/0.156/65 

 T2 TL 0,002/0,544/80 0.000/0.465/75 0.021/0.166/65 0.003/0.345/72.5 

  FTS 0,011/0,452/75 0.002/0.360/67.5 0.000/0.684/85 0.008/0.213/67.5 

  TS 0,001/0,521/75 0.016/0.181/65 0.008/0.287/75 0.093/0,150/72.5 

  AMP 0.011/0.197/65 0.010/0.459/72.5 0.001/0.397/67.5 0.000/0.862/95 

  LAT 0.015/0.183/67.5  0.018/0.174/70 0.000/0.633/77.5 

 T3 TL 0.039/0.135/67.5  0.046/0.127/67.5 0.000/0.703/85 

  FTS 0.055/0.118/67.5 0.001/0.584/80 0.047/0.285/72.5 0.008/0.341/62.5 

  TS 0.002/0.406/75 0.029/0.149/62.5 0.014/0.311/72.5 0.028/0.151/65 

    Full nDC nN nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
T3-nDCN: AMP (Fp1-F3-C5-Fp2-F4-C6-O1-P3-Pz-Cz-Fz) and TL (Fp2-O2-P3-Fz) 
T1 90-nDC: AMP (Fp2-O1-P3) and FTS (Fp1-F3-C5-F4-C6-O1-P4-P3-Pz-Cz) 
T2-nN: AMP (Fp1-C5-O2-P3), LAT (C5-C6-C4-O1-P3) and FTS (C6-P3)  
   
Remarks on problems: 
 
In all cases that the method failed this was because in the forward conditional variant no 
variable qualified as significant for entry into the model and in the backward conditional 
variant the method stopped due to numerical instability. 

 52



 
Table 7.6 

CON-ALC6 

 

  Morphological Components elimination 

Techn. Parameters Full nDC  nN  nDCN 

  AMP 0,000/0.566/77.8     0,000/0.658/88.9 0,028/0.395/77.8 

  LAT 0,000/0,686/83.3   PCA  ----->[1],[2] 0,012/0,217/66.7 0,002/0,446/77.8 

Original TL 0,012/0,294/69.4   0,047/0,138/69.4 0,206/0,000/55.6 

  FTS 0,003/0,297/69.4               0.032/0.161/66.7  

  TS         

  AMP 0,001/0,448/77.8   0,000/0,580/86.1   

  LAT 0,000/0,530/83.3   0,000/0,481/77.8   

T1 60 TL 0,025/0,175/63.9  0,000/0,509/77.8   

  FTS 0.001/0.364/72.2   0,002/0,312/69.4  

  TS     

  AMP 0,002/0,315/63.9 0,001/0,345/66.7 0,000/0,567/80.6  

  LAT 0,000/0.552/83.3 0,008/0,241/75 0,001/0,421/83.3  

 T1 70 TL 0,003/0.296/69.4 0,066/0,290/80.6 0.000/0,602/83.3  

  FTS 0.003/0.286/75 0.001/0.773/91.7 0,003/0,293/75  

  TS     

  AMP 0,002/0,403/80.6 0,008/0,239/66.7 0.000/0.587/75 0,000/0,371/72.2 

  LAT 0,028/0,168/72.2 0,000/0,832/94.4 0.000/0.714/83.3 0,000/0,639/77.8 

 T1 80 TL 0.002/0,405/77.8  0.000/0.745/88.9 0,015/0,202/72.2 

  FTS 0,000/0,727/80.6       0.003/0.285/75             

  TS 0,001/0,337/75   0.001/0.437/75 

  AMP 0,000/0,546/75 0,007/0,244/63.9 0,000/0.581/83.3 0,000/0,397/75 

  LAT 0,000/0,473/77.8 0,001/0,378/77.8 0,001/0,372/77.8 0,000/0,644/91.7 

 T1 90 TL 0,004/0,353/75 0,017/0,196/66.7 0,000/0,481/86.1 0,001/0,505/75 

  FTS 0,000/0,641/77.8 0.016/0.198/55.6 0,010/0,228/69.4  

  TS     

  AMP 0,006/0,253/66.7 0.000/0.398/75 0.000/0.491/75 0.000/0.447/77.8 

  LAT 0,000/0,462/77.8 0.002/0.308/72.2 0.000/0.452/77.8 0.001/0.335/72.2 

T2 TL 0,000/0,656/83.3 0.016/0.149/58.3 0.000/0.607/77.8 0.005/0.457/77.8 

  FTS 0,037/0,331/63.9  0.032/0.291/72.2 0.000/0.704/88.9 

  TS 0,005/0,341/72.2 0.013/0.210/69.4 0.000/0.568/75 0.000/0,614/91.7 

  AMP 0.019/0.190/58.3  0.017/0.197/55.6 0.001/0.614/83.3 

  LAT 0.000/0.638/86.1  0.000/0.638/86.1  

T3 TL 0.017/0.196/69.4  0.017/0.197/69.4 0.007/0.482/77.8 

  FTS 0.068/0.240/75  0.068/0.240/75  

  TS 0.041/0.146/63.9   0.007/0.326/69.4 

    Full nDC nN nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
T1 70-nN: AMP (Fp1-C6-P3), LAT (O1-P3) and TL (C3-Fp2-C6) 
T1 80-nN: LAT (F4-O2-Pz-Fz) and TL (Fp2-F4-O2-Pz) 
T1 90-nN: AMP (Fp2-C6-P3) and TL (Fp2-Pz) 
T1 70-nDC: TL (Fp1-C3-F4-Cz) and FTS (Fp1-F3-C5-C3-Fp2-C6-C4-O1-O2-P4-Fz) 
T2-nDCN: FTS (Fp1-F3-F4-C6-P4-P3-Pz) and TS (O1-P4-Fz) 
 
Remarks on problems: 
 
In cases {T1 80/ TL/ nDC}, {T2/ FTS/ nDC },{T3/AMP/ nDC } , {T3/ FTS/ nDC } , 
{T3/ TS/ nN }, {T3/FTS/ nDCN } the method failed because in the forward conditional 
variant no variable qualified as significant for entry into the model and in the backward 
conditional variant the method resulted in a perfect fit. 
 
In cases {T1 80/FTS/nDC}, {T1 80/FTS/nDCN}, {T1 90/FTS/nDCN}, {T3/LAT/nDC}, 
{T3/TL/nDC}, {T3/TS/nDC}, {T3/LAT/nDCN}, {PCA_1/FTS}  in the forward 
conditional variant no variable qualified as significant for entry into the model and in the 
backward conditional variant the method stopped due to numerical instability. 
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Table 7.7 
CON-ALCACT 

 
 

   Morphological Components elimination 

Techn. Parameters Full  nDC  nN nDCN 

  AMP 0,000/0.417/71.4     0,000/0.570/83.3 0,011/0.357/71.4 

  LAT 0,000/0,555/81   PCA  ----->[1],[2] 0,152/0,000/52.4  

Original TL 0,041/0,359/73.8   0,226/0,000/52.4 0,027/0,384/69 

  FTS 0,002/0,285/66.7     0.061/0.166/66.7  

  TS       0.490/0.000/52.4   

  AMP 0,000/0,469/78.6   0,000/0,436/73.8   

  LAT 0,010/0,195/64.3   0,001/0,363/71.4   

T1 60 TL 0,035/0,402/81  0,013/0,181/66.7   

  FTS 0.001/0.312/66.7   0,001/0,295/64.3  

  TS     

  AMP 0,000/0,460/78.6 0,028/0,209/71.4 0,000/0,442/69  

  LAT 0,000/0.348/71.4 0,004/0,240/69 0,000/0,526/88.1  

T1 70 TL 0,023/0.154/73.8 0,038/0,129/64.3 0.016/0,172/69  

  FTS 0.001/0.321/66.7  0,003/0,252/64.3  

  TS     

  AMP 0,000/0,498/78.6 0,020/0,225/69 0.000/0.436/69 0,017/0,170/61.9 

  LAT 0,00/0,429/73.8 0,000/0,654/88.1 0.000/0.612/83.3 0,000/0,472/81 

 T1 80  TL 0.005/0,473/83.3 0.016/0.337/76.2 0.061/0.107/66.7 0,018/0,166/69 

  FTS 0,001/0,385/66.7       0.003/0.319/71.4  

  TS     

  AMP 0,000/0,450/71.4 0,009/0,267/69 0,000/0.475/73.8 0,005/0,301/69 

  LAT 0,000/0,411/71.4 0,000/0,511/78.6 0,000/0,391/78.6 0,006/0,289/69 

T1 90 TL 0,032/0,297/71.4 0,001/0,700/81 0,006/0,217/66.7 0,009/0,370/66.7 

  FTS 0,002/0,265/64.3 0.005/0.475/64.3 0,013/0,184/61.9 0.005/0.357/59.5 

  TS    0.021/0.399/66.7 

  AMP 0,000/0,497/81 0.003/0.251/66.7 0.000/0.545/76.2 0.000/0.430/76.2 

  LAT 0,000/0,426/78.6 0.001/0.378/71.4 0.000/0.389/78.6 0.003/0.327/66.7 

T2 TL 0,026/0,149/61.9 0.000/0.440/81 0.000/0.514/83.3 0.015/0.176/66.7 

  FTS 0,044/0,122/57.1 0.038/0.130/59.5 0.003/0.323/69 0.019/0.164/69 

  TS 0,001/0,292/66.7 0.000/0.844/92.9 0.001/0.285/69 0.000/0,666/88.1 

  AMP 0.040/0.127/59.5 0.001/0.558/81 0.032/0.139/61.9 0.000/0.408/76.2 

  LAT 0.000/0.556/78.6  0.000/0.550/78.6  

T3 TL 0.006/0.290/59.5 0.012/0.392/76.2 0.004/0.306/59.5 0.007/0.527/78.6 

  FTS 0.000/0.472/71.4 0.034/0.294/66.7 0.000/0.472/71.4  

  TS 0.003/0.632/85.7 0.011/0.355/73.8 0.006/0.388/66.7 0.000/0.769/92.9 

    Full nDC nN nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
T2-nDC: TL (C5-Fp2) and TS (C6-O1-P3-Fz) 
 
Remarks on problems: 
 
In case {T3/ FTS/ nDCN} the method failed because in the forward conditional variant 
no variable qualified as significant for entry into the model and in the backward 
conditional variant the method resulted in a perfect fit. 
 
In cases {T1 70/FTS/nDC}, {T1 80/FTS/nDC}, {T1 80/FTS/nDCN}, {T3/LAT/nDC}, 
{T3/LAT/nDCN} in the forward conditional variant no variable qualified as significant 
for entry into the model and in the backward conditional variant the method stopped due 
to numerical instability. 
 
In case {PCA_1/FTS} the method failed because in the forward conditional variant no 
variable qualified as significant for entry into the model and in the backward conditional 
variant no variable qualified as significant for entry into the model. 
 
In case {PCA_2/LAT} the method failed because in the forward conditional variant the 
method resulted in a perfect fit and in the backward conditional variant the method 
resulted in a perfect fit. 
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Table 7.8 
ALC1-ALC6 

 
 

 
   Morphological Components elimination 

Techn. Parameters Full nDC nN nDCN 

  AMP      0,003/0.520/80.6 0,102/0.000/55.6 

  LAT 0,040/0.148/69.4   PCA  ----->[1],[2] 0,004/0,348/72.2 0,035/0,155/63.9 

Original TL 0,003/0,375/66.7   0,025/0,173/63.9 0,013/0,211/69.4 

  FTS      0.040/0.220/63.9 

  TS         

  AMP    0,005/0,458/77.8   

  LAT 0,001/0,451/75      

T1 60 TL 0,420/0,000/55.8  0,158/0,000/55.6   

  FTS 0.045/0.142/66.7   0,000/0,846/94.4  

  TS     

  AMP  0,003/0,369/75 0,006/0,493/80.6  

  LAT 0,000/0.678/83.3  0,003/0,379/69.4  

T1 70 TL 0,000/0.694/80.6  0.014/0,207/66.7  

  FTS   0,000/0,749/86.1  

  TS     

  AMP 0.011/0.451/72.2 0,012/0.216/66.7 0.037/0.331/72.2 0,002/0.397/72.2 

  LAT 0.004/0.467/77.8 0,018/0.268/63.9 0.003/0.155/61.1 0,015/0,338/66.7 

T1 80 TL 0.011/0,220/72.2  0.002/0.460/69.4 0,031/0,162/63.9 

  FTS  0.017/0.195/69.4                      0.002/0.633/83.3 

  TS     

  AMP 0,004/0,595/75 0,009/0,228/69.4 0,005/0.497/75 0,001/0,501/63.9 

  LAT 0,030/0,164/66.7 0,173/0,000/55.6 0,014/0,207/63.9 0,022/0,366/72.2 

T1 90 TL 0,008/0,235/72.2 0,224/0,000/55.6 0,047/0,139/63.9 0,024/0,308/75 

  FTS    0.008/0.473/75 

  TS     

  AMP 0,002/0.748/86.1 0.006/0.256/80.6 0.002/0.456/80.6 0.011/0.222/72.2 

  LAT 0,042/0,146/69.4 0.016/0.511/75 0.001/0.337/69.4 0.016/0.198/69.4 

T2 TL 0,006/0,327/58.3 0.000/0.842/94.4 0.019/0.461/77.8 0.026/0.355/72.2 

  FTS 0,001/0,748/91.7  0.000/0.733/83.3 0.001/0.427/77.8 

  TS 0,001/0,699/88.9 0.038/0.223/63.9 0.009/0.232/75  

  AMP 0.003/0.475/77.8 0.011/0.354/75 0.004/0.408/69.4  

  LAT 0.027/0.301/69.4  0.049/0.136/66.7  

T3 TL 0.021/0.185/69.4  0.019/0.191/69.4  

  FTS 0.001/0.427/58.3  0.001/0.427/58.3 0.002/0.388/80.6 

  TS 0.000/0.539/75 0.005/0.575/80.6 0.000/0.848/94.4  

    Full nDC nN nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
T1 70-Full: LAT (C6-C4-Cz-Fz) and TL (Fp1-F4-C6-C4) 
T2-nDC: AMP (O1) and TL (C5-C3-C6-O2-P4-P3-Cz) 
T1 70-nN: AMP (F3-C6-O1-P3-Fz) and FTS (Fp1-F3-C4-O1-O2-P4-P3-Pz)   
T2-Full: AMP (Fp1-F3-C3-F4-C6-C4-O1-O2-P4-P3-Cz), FTS (Fp1-F3-C5-Fp2-F4-C4-
O2-P3-Cz) and TS (Fp1-C5-C6-O2-P4-P3-Pz-Fz) 
T2-nN: AMP (O1-P4-P3) and FTS (F3-C6-P3-Cz) 
 
Remarks on problems: 
 
In cases {Original/AMP}, {T1 60/AMP/Full}, {T1 70/AMP/Full}, {T1 70/LAT/nDC}, 
{T1 70/ TL/nDC}, {T1 70/FTS/nDC}, {T1 80/TL/nDC}, {T1 90/FTS/nDC}, 
{T2/FTS/nDC}, {T2/TS/nDCN}, {T3/FTS/nDC} , {T3/AMP/nDCN}, {T3/TL/nDCN}, 
{T3/TS/nDCN} the method failed because in the forward conditional variant no variable 
qualified as significant for entry into the model and in the backward   conditional variant 
the method resulted in a perfect fit. 
 
In cases {Original/FTS}, {PCA_1/FTS}, {T1 60/LAT/nN}, {T1 70/FTS/Full}, {T1 
80/FTS/Full}, {T1 80/TL/nN}, {T1 90/FTS/Full}, {T1 90/FTS/nN}, {T3/LAT/nDC}, 
{T3/TL/nDC}, {T3/LAT/nDCN} in the forward conditional variant no variable qualified 
as significant for entry into the model and in the backward conditional variant the method 
stopped due to numerical instability. 
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Table 7.9 
ALC1-ALCACT 

 
 

  Morphological Components elimination 

Techn. Parameters Full nDC nN nDCN 

  AMP 0.003/0.431/73.8     0,021/0.225/69 0,167/0.000/52.4 

  LAT 0,007/0.527/76.2   PCA  ----->[1],[2] 0,044/0,123/57.1 0,000/0,577/81 

Original TL 0,039/0,241/61.9   0,041/0,126/59.5 0,007/0,282/66.7 

  FTS 0.041/0.188/66.7     0.004/0.310/73.8  

  TS          
  AMP 0.002/0.444/73.8   0,018/0,407/81   

  LAT 0,032/0,202/69   0.036/0.132/59.5   

T1 60 TL 0,488/0,000/52.4  0,145/0,000/52.4   

  FTS 0.037/0.193/64.3   0,069/0,101/61.9  

  TS     
  AMP 0.000/0.586/78.6 0,009/0,198/64.3 0,002/0,512/85.7  

  LAT 0,045/0.122/57.1 0.293/0.000/52.4 0,011/0,189/71.4  

T1 70 TL 0,015/0.242/61.9 0.045/0.183/64.3 0.001/0,382/69  

  FTS 0.004/0.411/78.6  0,066/0,103/61.9  

  TS     
  AMP 0.002/0.586/78.6 0,025/0.149/59.5 0.013/0.303/69 0,022/0.156/57.1 

  LAT 0.009/0.199/66.7 0,005/0.541/76.2 0.009/0.201/69 0,005/0,541/76.2 

T1 80 TL 0.003/0,462/71.4 0.048/0.119/59.5 0.007/0.279/66.7 0,013/0,251/73.8 

  FTS 0.028/0.261/71.4 0.000/0.694/83.3 0.071/0.100/59.5         0.006/0.218/66.7 

  TS     
  AMP 0,000/0,586/81 0,020/0,161/61.9 0,002/0.444/73.8 0,006/0,223/57.1 

  LAT  0,122/0,000/52.4 0,017/0,171/66.7 0,076/0,154/61.9 

T1 90 TL 0,004/0.315/76.2 0,015/0,241/71.4 0,047/0,181/71.4 0,046/0,121/66.7 

  FTS 0.094/0.086/61.9 0.002/0.607/78.6 0.035/0.434/69 0.057/0.110/57.1 

  TS     
  AMP 0,033/0.137/59.5 0.002/0.277/61.9 0.028/0.145/61.9 0.001/0.313/66.7 

  LAT 0,087/0,090/54.8 0.103/0.000/52.4 0.042/0.125/61.9 0.180/0.000/52.4 

T2 TL  0.001/0.414/76.2 0.068/0.208/61.9 0.198/0.000/52.4 

  FTS 0,036/0,133/59.5 0.021/0.159/61.9 0.034/0.135/64.3 0.043/0.124/64.3 

  TS 0,015/0,175/66.7 0.003/0.316/64.3 0.001/0.401/71.4 0.001/0.317/76.2 

  AMP 0.058/0.218/59.5 0.037/0.131/61.9 0.010/0.193/61.9 0.012/0.185/57.1 

  LAT 0.008/0.520/78.6  0.008/0.516/78.6 0.001/0.571/78.6 

T3 TL 0.121/0.127/64,3  0.024/0.313/69 0.009/0.368/69 

  FTS 0.000/0.504/78.6 0.001/0.546/76.2 0.000/0.533/71.4 0.000/0.587/76.2 

  TS 0.002/0.488/64.9 0.010/0.475/76.2  0.009/0.267/59.5 

 
    Full nDC nN nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
Remarks on problems: 
 
In cases {T1 90/LAT/Full},  {T2/TL/Full}, {T3/TS/nN} the method failed because in the 
forward conditional variant no variable qualified as significant for entry into the model 
and in the backward   conditional variant the method resulted in a perfect fit. 
 
In cases {PCA_1/FTS}, {T1 70/FTS/nDC}, {T3/LAT/nDC}, {T3/TL/nDC} in the 
forward conditional variant no variable qualified as significant for entry into the model 
and in the backward conditional variant the method stopped due to numerical instability. 
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Table 7.10 
ALC6-ALCACT 

 

 

   Morphological Components elimination 

Techn. Parameters Full nDC nN nDCN 

  AMP 0.010/0.613/81.6     0,011/0.287/73.7 0,135/0.000/57.9 

  LAT 0,038/0.144/63.2   PCA  ----->[1],[2] 0,131/0,000/57.9  

Original TL 0,071/0,273/81.6   0,071/0,273/81.6 0,009/0,296/81.6 

  FTS 0.007/0.236/60.5      

  TS          
  AMP 0.036/0.156/63.2   0,065/0,180/57.9   

  LAT 0,009/0,590/81.6   0.002/0.609/76.3   

T1 60 TL 0,223/0,000/57.9  0,021/0,177/71.1   

  FTS    0,197/0,000/57.9  

  TS     
  AMP 0.017/0.365/71.1 0,069/0,229/68.4 0,033/0,276/73.7  

  LAT 0,003/0.541/81.6 0.000/0.687/81.8 0,083/0,263/71.1  

T1 70 TL 0,025/0.166/63.2 0.003/0.502/76.3 0.038/0,315/65.8  

  FTS  0.065/0.115/63.2 0,016/0,321/65.8  

  TS     
  AMP 0.005/0.554/86.8 0,067/0.231/68.4 0.020/0.358/65.8 0,002/0.292/68.4 

  LAT 0.015/0.494/78.9 0,001/0.622/86.1 0.047/0.302/71.1 0,014/0,273/71.1 

T1 80 TL 0.010/0,217/71.1  0.007/0.232/73.7  

  FTS  0.000/0.618/81.6          0.007/0.535/76.3 

  TS     

  AMP 0,008/0,625/84.2 0,038/0,358/68.4  0,007/0,237/63.2 

  LAT 0.039/0.143/65.8 0,029/0,452/78.9 0,004/0,534/78.9 0,006/0,643/81.6 

T1 90 TL 0,019/0.182/68.4 0,024/0,169/68.4 0,005/0,256/71.1 0,197/0,000/57.9 

  FTS 0.004/0.270/63.2 0.001/0.707/84.2 0.017/0.187/63.2 0.025/0.294/76.3 

  TS     
  AMP 0,138/0.133/60.5 0.136/0.226/63.2 0.008/0.452/76.3  

  LAT 0,028/0,491/81.6 0.027/0.381/73.7 0.095/0.333/73.7 0.208/0.000/59.9 

T2 TL 0.016/0.190/68.4 0.173/0.119/55.3 0.030/0.227/73.7 0.014/0.329/78.9 

  FTS 0,100/0,431/76.3 0.010/0.519/73.7 0.071/0.174/60.5 0.005/0.647/86.8 

  TS 0,004/0,267/65.8 0.010/0.516/76.3 0.000/0.710/86.8 0.001/0.751/86.8 

  AMP 0.006/0.377/76.3  0.032/0.223/63.2  

  LAT 0.002/0.697/81.6  0.003/0.680/78.9  

T3 TL 0.022/0.175/65.8 0.202/0.675/57.9 0.021/0.177/65.8 0.003/0.540/84.2 

  FTS 0.001/0.661/89.5 0.000/0.675/92.1 0.001/0.661/89.5  

  TS 0.026/0.164/65.8  0.054/0.245/68.4  
    Full nDC nN 

 
nDCN 
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Cases in which more than one parameter presented overall classification percentages at 
80% or higher (included in colored box) and for each parameter, the scalp electrodes who 
entered the logistic regression equation after the stepwise feature elimination procedures 
(Parameters who did not possess normal distribution are in italics): 
 
T3-Full: LAT (Fp1-F3-F4-C6-C4-O1-O2-P4-P3-Cz) and FTS (Fp1-F3-C3-Fp2-F4-C4-
Cz-Fz) 
T1 80-nDC: LAT (Fp1-Fp2-F4-P4-P3-Pz-Cz) and FTS (Fp1-C3-P4-Pz-Cz) 
T2-nDCN: FTS (Fp1-F3-C5-C3-F4-C4-O1-O2-P3-Cz) and TS (F3-C5-Fp2-F4-C4-O1-
O2-P4-Cz-Fz) 
 
Remarks on problems: 
 
In cases {T1 80/ TL/nDC}, {T1 80/TL/nDCN}, {T1 90/AMP/nN}, {T2/AMP/nDCN}, 
{T3/AMP/nDC}, {T3/TS/nDC}, {T3/AMP/nDCN}, {T3/FTS/nDCN}, {T3/TS/nDCN} 
the method failed because in the forward conditional variant no variable qualified as 
significant for entry into the model and in the backward conditional variant the method 
resulted in a perfect fit. 
 
 In cases {PCA_1/FTS}, {T1 60/FTS/Full}, {T1 70/FTS/Full}, {T1 80/FTS/Full}, {T1 
80/FTS/nN}, {T3/LAT/nDC}, {T3/LAT/nDCN}, {PCA_2/FTS} in the forward 
conditional variant no variable qualified as significant for entry into the model and in the 
backward conditional variant the method stopped due to numerical instability. 
 
In case {PCA_2/LAT} the method failed because in the forward conditional variant the 
method resulted in a perfect fit and in the backward conditional variant the method 
resulted in a perfect fit. 
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7.3 PNN’s Results 
 

In this section we present the results of the classification using PNNs implementations for 
the Amplitude feature using the original data, the data computed through PCA processing 
(PCA_1 and PCA_2) and the data computed through ICA processing for techniques T1 
(thresholds of PPT at 60%, 70%, 80% and 90%), T2 and T3 for discriminating the 
following groups: 1-month abstinent alcoholics (ALC1) and healthy controls (CON). We 
have two tables Table 7.11, with heading “PNN_1” and Table 7.12, with heading 
“PNN_2”. The PNN_1 table concerns the first implementation with the fifteen features 
from the fifteen P600 amplitudes of the electrodes per subject. The right most columns of 
Table 7.11 with headings “Full”, “nDC”, “nN”, “nDCN” correspond to the same ICA 
PIC selection variants as explained for Tables 7.1-7.4. Recorded values are overall 
classification success for smoothing parameter σ equal to 0.1, 0.5 and 1. The PNN_2 
table concerns the second implementation with the four meta-features from the subjects 
P600 amplitude data, i.e. the mean value, the standard deviation, the skewness and the 
kurtosis. In the leftmost column of Table 7.11 we give the meta-features that were 
combined. PCA_1 and PCA_2 results are put in the same cell, per combination of meta-
features, in two rows, the first corresponding to PCA_1 and the second to PCA_2. When 
there are four rows of results per cell, (i.e. for the techniques T1, T2 and T3), the first row 
corresponds to the case “Full”, the second to the case “nDC”, the third to the case “nN” 
and the fourth to the case “nDCN”. In case that the test was not performed (reasons stated 
above), the corresponding cell in Table 7.11 is empty with gray background and in Table 
7.12 row is denoted with “---“. 
Cases when overall success rate was equal or greater than 80% are denoted by bold 
lettering. 
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Table 7.11 
“PNN_1” 

 
 

  Full nDC nN nDCN 
Original 68/65/65     
      
PCA_1 68/68/68     
      
PCA_2 75/70/70     
      
T1 60  75/70/70  73/63/63  
      
T1 70  73/73/73 60/60/57 70/68/68 57/57/55 
      
T1 80   68/63/63 60/60/57 65/65/65 65/63/57 
      
T1 90  70/68/68 65/60/57 65/63/63 63/60/57 
      
T2  63/63/63 63/63/57 65/63/63 68/68/65 
      

 
T3  70/68/68 50/50/50 70/68/68 53/53/53 
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Table 7.12 
“PNN_2” 

 
 

 Original PCA_1 
PCA_2 

T1 60 
Full 
nDC 
nN 

nDCN 

T1 70 
Full 
nDC 
nN 

nDCN 

T1 80 
Full 
nDC 
nN 

nDCN 

T1 90 
Full 
nDC 
nN 

nDCN 

T2 
Full 
nDC 
nN 

nDCN 

T3 
Full 
nDC 
nN 

nDCN 
MEAN-
ST.DEV. 

80/65/65 78/73/73 
68/57/57 

75/65/65
--- 

75/68/68
--- 

75/57/57
65/60/60
73/63/63
57/57/57

73/60/60
70/65/65
70/63/63
60/57/55

80/63/60 
68/65/65 
68/63/63 
60/55/55 

65/63/60
65/60/60
68/65/65
68/63/63

68/63/60
55/53/53
70/63/63
83/60/60

MEAN-
SKEWNESS 

68/65/65 80/78/78 
60/50/50 

68/63/63
--- 

65/60/60
--- 

65/63/63
55/53/53
63/63/63
57/55/55

68/65/65
80/65/65
65/63/63
85/65/65

70/68/68 
80/63/63 
68/68/68 
80/53/53 

70/60/60
60/48/48
73/57/57
60/53/53

88/53/53
55/55/55
88/63/63
60/60/60

MEAN-
KURTOSIS 

65/55/55 80/78/78 
70/50/50 

73/60/60
--- 

78/63/63
--- 

65/60/60
60/53/53
78/68/68
55/55/55

57/55/55
53/53/53
78/68/68
55/55/55

60/55/55 
68/55/53 
78/65/65 
55/53/53 

70/60/60
65/50/50
73/57/57
57/53/53

80/63/60
53/53/53
78/57/55
53/53/53

ST.DEV.-
SKEWNESS 

68/65/65 80/68/68 
68/57/57 

65/63/63
--- 

65/65/65
--- 

65/65/65
60/57/57
65/65/65
60/55/55

65/65/65
75/68/68
65/65/65
83/65/65

70/68/68 
78/65/65 
68/65/65 
80/73/70 

70/57/57
68/50/50
73/60/60
63/48/48

78/60/60
57/55/55
85/57/57
65/63/63

ST.DEV.-
KURTOSIS 

63/55/55 83/68/68 
73/53/53 

78/55/55
--- 

75/68/68
--- 

68/60/60
68/60/60
75/63/63
55/55/55

63/60/60
65/63/60
75/63/63
60/55/55

63/53/53 
70/60/57 
75/60/60 
60/55/55 

70/57/57
65/48/48
73/60/57
63/48/48

83/63/63
70/50/50
73/63/63
60/55/55

SKEWNESS-
KURTOSIS 

60/57/57 78/50/48 
65/55/55 

60/57/57
--- 

63/63/63
--- 

63/57/57
53/50/50
63/60/60
55/55/55

63/55/55
85/53/53
63/60/57
70/60/60

63/57/57 
53/50/50 
60/60/60 
83/57/57 

90/50/50
57/50/50
50/50/50
55/55/55

50/50/50
55/55/55
63/55/55
57/55/55

MEAN-
ST.DEV.-
SKEWNESS 

68/65/65 80/75/75 
65/55/55 

68/65/65
--- 

65/65/63
--- 

65/63/63
60/60/60
65/63/63
60/55/55

65/63/63
70/60/60
70/60/60
75/65/65

73/68/68 
73/63/63 
68/68/68 
73/65/65 

65/57/57
60/57/57
68/63/63
63/53/53

80/60/60
55/55/55
75/63/63
63/60/60

MEAN-
ST.DEV.-
KURTOSIS 

65/57/57 80/78/75 
70/55/55 

75/65/65
--- 

75/70/70
--- 

73/60/60
60/60/60
75/68/68
55/55/55

73/53/53
60/57/57
75/65/65
57/55/55

65/57/57 
68/57/57 
78/70/70 
57/57/57 

65/60/57
60/55/55
68/63/63
60/53/53

75/63/60
53/53/53
75/55/55
60/50/50

MEAN-
SKEWNESS-
KURTOSIS 

63/63/63 83/73/73 
68/57/57 

63/60/57
--- 

63/63/63
--- 

65/65/65
53/53/53
65/63/63
55/53/53

63/63/63
88/63/63
65/65/63
73/57/57

63/63/63 
83/60/57 
65/63/63 
78/68/65 

70/57/57
60/60/60
63/60/60
55/55/55

73/55/55
55/55/55
70/55/53
57/55/55

ST.DEV.- 60/55/55 80/68/68 63/60/60 63/60/60 63/63/63 63/60/60 70/57/57 60/53/50

 65



 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

SKEWNESS-
KURTOSIS 

65/57/57 --- 
65/63/63

--- 

57/53/53
65/63/63
57/53/53

83/68/68
65/65/65
75/57/57

85/63/63 
65/63/63 
75/68/68 

60/60/60
65/60/60
57/55/55

55/55/55
70/57/57
60/57/57

MEAN-
ST.DEV.-
SKEWNESS-
KURTOSIS 

63/63/63 80/73/70 
63/57/57 

65/63/63
--- 

65/63/63
--- 

68/63/63
57/55/55
65/65/65
55/55/55

65/63/63
70/63/63
65/65/65
68/63/63

63/63/63 
73/68/68 
65/65/65 
75/57/57 

65/60/60
55/48/48
65/57/57
55/50/50

75/53/53
55/55/55
70/63/60
57/55/55
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Chapter 8: Discussion 
 
In the results of the Kolmogorov-Smirnov test in the Chapter 7, we can see that in Table 
7.1 of ALC1 group the parameters AMP, LAT and TL have normal distributions, apart 
from the AMP in the cases of T2-nN and T3-nDCN. Parameter FTS has normal 
distribution only in the T2 and T3 techniques and parameter TS only in T1 80-Full, T2-
Full, T2-nN and T3-Full.  
In Table 7.2 of ALC6 group we observe that the parameters AMP, LAT and TL have 
normal distributions, apart from the AMP in cases of T3-Full, T3-nDC and T3-nN. 
Parameter FTS has normal distribution only in the T2 and T3 techniques and parameter 
TS only in T1 80-nDCN, T2-nN and T3-nN. 
In the next Table 7.3 of ALCACT group we see that the parameters AMP, LAT and TL 
have normal distributions, apart from the AMP in case of PCA_1. Parameter FTS has 
normal distribution only in T2 technique, T3-Full and T3-nN, while normality was non-
existent for TS.  
In the last Table 7.4 of CON group the parameters AMP, LAT and TL have normal 
distributions, apart from the LAT in case of T1 70-nDCN. Parameter FTS again has 
normal distribution only in T2 technique, T3-Full and T3-nN. Parameter TS is normal 
only in T1 80-Full, T2-Full, T2-nN and T2-nDCN.  
The above results indicate that in most cases parameters FTS and TS did not present 
normal distributions. In principle the logistic regression technique does not require 
normality. On the other hand, the techniques used in the literature for creating the logistic 
regression model, start from initial models assuming normality. Therefore,  results of 
classification when the distribution is not normal should be handled with caution, and if 
there are parameters that provide better, or nearly equivalent classification  rates, they 
should be preferred in future use in novel data.  
 
 
In the results of Logistic Regression, as we see in Table 7.5 of CON-ALC1, classification 
using the original ERPs did not present rates higher than 72,5% for normally distributed 
parameters (i.e. AMP, LAT , TL). Without taking into account non-normal parameters, 
the application of ICA resulted in a best classification rate of 92,5%, achieved for LAT 
parameter in T1 80 technique and “nDCN” variant. Also there are three cases where more 
than one parameter presented classification over 80%: T3-nDCN presented AMP (95%) 
and TL (85%), T2-nN presented AMP (80%), LAT (90%) and FTS (85%), and T1 90-
nDC presented AMP (80%) and FTS (95%). The last case should be considered with 
caution due to the non-normality of FTS. From the table we observe that, when taking 
into account normal distributions, parameter TL presented classification results better 
than 80% in a minority of cases (2 out of 12). The best PCA technique-based 
classification rates were 82,5% for AMP parameter and 80% for TL parameter, clearly 
below the best rates achieved with ICA application. 
In the Table 7.6 of CON-ALC6 we observe that the LAT parameter of original ERPs 
presented classification result 83,3%, for normally distributed parameter. With taking into 
account normal parameters, the application of ICA resulted in a best classification rate of 
94,4%, achieved for LAT parameter in T1 80 technique and “nDC” variant. There are 
five cases where more than one parameter presented overall classification percentage 
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over 80%: T1 70-nN presented AMP (80,6%), LAT (83,3%) and TL (83,3%), T1 80-nN 
presented LAT (83,3%) and TL (88,9%), T1 90-nN presented AMP (83,3%) and TL 
(86,1%), T1 70-nDC presented TL (80,6%) and FTS (91,7%) and T2-nDCN presented 
FTS (88,9%) and TS (91,7%). At the last two cases we must note the non-normality of 
FTS of T1 70-nDC and TS of T2-nDCN. Another note is that parameter LAT presented 
classification results better than 80% in many cases when taking into account normal 
distributions. Τhe best PCA technique-based classification rate was 88,9% for AMP 
parameter, a high rate and equally good with the rates of ICA application. 
In the next Table 7.7 of CON-ALCACT we observe that, for normally distributed 
parameter the classification using the original ERPs presented classification rate 81%. 
The best classification rate, without taking into account non-normal parameters, was 
88,1% and achieved for LAT parameter in T1 70-nN and in T1 80-nDC cases.  Only the 
case of T2-nDC has more than one parameter presented overall classification percentage 
at 80% or higher, TL (81%) and TS (92,9%) and in this case should be considered with 
caution due to the non-normality of TS. Another note is that the normal parameter LAT 
of T1 80 technique presented good classification at the most cases (except the Full case). 
Also it’s important that in this table presented good classification results the non-normal 
parameter TS (T2-nDC, T2-nDCN, T3-Full and T3-nDCN). Τhe best PCA technique-
based classification rate was 83,3% for AMP parameter. 
As we see the results of Table 7.8 of ALC1-ALC6, classification using the original ERPs 
did not present rates higher than 69,4% for normally distributed parameters. Without 
taking into account non-normal parameters, the application of ICA resulted in a best 
classification rate of 94,4%, achieved for TL parameter in T2 technique and “nDC” 
variant. Also there are five cases where more than one parameter presented classification 
over 80%: T1 70-Full presented LAT (83,3%) and TL (80,6%), T2-nDC presented AMP 
(80,6%) and TL (94,4%), T1 70-nN  presented AMP (80,6%) and FTS (86,1%), T2-Full 
presented AMP (86,1%), FTS (91,7%) and TS (88,9%) and T2-nN presented AMP 
(80,6%) and FTS (83,3%). The last three cases should be considered with caution due to 
the non-normality of FTS of T1 70-nN, TS of T2-Full and AMP of T2-nN. It’s important 
to say that many cases presented problems. Τhe best PCA technique-based classification 
rate was 80,6% for AMP parameter. 
In the Table 7.9 of ALC1-ALCACT we observe that classification using the original 
ERPs did not present rates higher than 76,2% for normally distributed parameters. The 
application of ICA resulted in a best classification rate of 85,7%, achieved for AMP 
parameter in T1 70 technique and “nN” variant. There are no cases where more than one 
parameter presented classification over 80%. In a few only cases presented parameters 
with classification result over 80%: T1 60-nN presented AMP (81%), T1 70-nN 
presented AMP (85,7%), T1 90-Full presented AMP (81%) and T1 80-nDC presented 
FTS (83,3%). Here we must note the non-normality of FTS in the last case. The 
classification results in most of the cases were not good. Τhe best PCA technique-based 
classification rate was 81% for LAT parameter. 
In the last results of Table 7.10 of ALC6-ALCACT, we see that classification using the 
original ERPs presented rates 81,6% for normally distributed parameters of AMP and TL. 
With taking into account normal parameters, the application of ICA resulted in a best 
classification rate of 86,8%, achieved for AMP parameter in T1 80 technique and “Full” 
variant. There are three cases where more than one parameter presented classification 
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over 80%: T3-Full presented LAT (81,6%) and FTS (89,5%), T1 80-nDC presented LAT 
(86,1%) and FTS (81,6%) and T2-nDCN presented FTS (86,8%) and TS (86,8%). The 
last two cases should be considered with caution due to the non-normality of FTS of T1 
80-nDC and TS of T2-nDCN. There are enough cases with good classification results and 
especially the normal parameter LAT presented most of them Τhe best PCA technique-
based classification rates were 81,6% for TL parameter. 
As conclusion we can say that even if the PCA results were as good as them of ICA, their 
not contained the information of the scalp electrodes.   
 
 
In the results of PNNs, as we observe the Table 7.11 “PNN_1” the classification results 
were not satisfactory. As we see, the best classification rate of 75% was achieved for 
PCA_2 and T1 60-Full for smoothing parameter 0.1. Also we must note that in most 
cases the classification results did not change for smoothing parameters 0.5 and 1. 
In the results of Table 7.12 “PNN_2”, we observe that the combinations of meta-features 
give us better classification results. As we see, there are single or combinations of meta-
features based on amplitude, with over 80% overall classification percentages, in many 
cases. Especially in case of PCA_1 in almost all the combinations the overall 
classification percentage is 80%. It is important to say that all the good classification 
results presented for smoothing parameter 0.1, for the other smoothing parameters the 
classification results are significantly lower. Also we must note that the highest 
classification result presented in case of T2-Full for combination of skewness and 
kurtosis with 90%. Therefore we might state that the PNN classifiers, based on the meta-
features of a single parameter (AMP), performed well, but we should keep in mind that, 
in a manner analogous to the PCA technique, the information on specific electrode 
positions providing the best classification rates is absent, which is a disadvantage, since 
valuable insight might be gained by investigating those positions and relating them with 
underlying brain processes. 
 
In conclusion we might state that the application of ICA, combined with the logistic 
regression classification technique, provides notable improvement, compared to the 
classification performance based on the original ERPs. The main merit of the application 
is that classification is based on single parameters, i.e. amplitude of the P600 component, 
its latency and its termination latency, which are directly related to the brain mechanisms 
related to ERP generation and pathological processes. 
 
Future work, shall include the investigation of relations of the electrodes providing the 
best classification rates to underlying brain processes. Additionally, the present work 
could be extended to intracranial current source distributions, computed through 
inversion techniques, so that a more direct relation exists between classification 
performance and brain regions. Furthermore, future work should include the extension of 
the investigation with PNNs to other parameters, although preliminary tests showed no 
significant improvement, as well as the extension to other classification techniques, such 
as Support-Vector Machines. 
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