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ABSTRACT 

Manual sleep scoring, executed by visual inspection of the EEG, is a very time consuming activity, with an 
inherent subjective decisional component. Automatic sleep scoring could ease the job of the technicians, 
because faster and more accurate. Frequency information characterizing the main brain rhythms, and 
consequently the sleep stages, needs to be extracted from the EEG data. The approach used in this study 
involves a wavelet filter bank for the EEG frequency features extraction. The wavelet packet analysis tool in 
MATLAB has been employed and the frequency information subsequently used for the automatic sleep 
scoring by means of an artificial neural network. Finally, the automatic sleep scoring has been employed for 
epoching the fMRI data, thus allowing for studying brain resting state networks during sleep. Three resting 
state networks have been inspected; the Default Mode Network, The Attentional Network and the Salience 
Network. The networks functional connectivity variations have been inspected in both healthy and 
narcoleptic subjects. Narcolepsy is a neurobiological disorder characterized by an excessive daytime 
sleepiness, whose aetiology may be linked to a loss of neurons in the hypothalamic region. 

Keywords: Automatic Sleep Scoring, Discrete Wavelet Transform, Filter Bank, Artificial Neural Network, 
Resting State Networks, Narcolepsy. 
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NOTATION 
 

EEG- Electroencephalogram 

MRI- Magnetic Resonance Imaging 

MR-scanner – Magnetic Resonance Scanner 

fMRI- Functional Magnetic Resonance 

ANN- Artificial Neural Network 

⟨    |    ⟩- Scalar product between a(t) and b(t) 
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INTRODUCTION 

THE AUTOMATIC SLEEP SCORING: EEG RECORDED INSIDE A MAGNETIC RESONANCE-SCANNER 
Sleep scoring is usually done by visual inspection of the electroencephalograms (EEG), executed by 

well-trained and experienced technicians, who classify the typical patterns in the EEG by referring to 

precise guidelines, such as the American Association for Sleep Scoring (AASS) guideline. According to 

the criteria illustrated in the AASS guideline, the EEG data are segmented into 30-seconds epochs and 

then each epoch is inspected, to mark the sleep stage either as awake (W), REM (rapid-eye-movement) 

sleep, non-REM sleep 1 (N1), non-REM sleep 2 (N2), or slow wave sleep (SWS, previously known as 

sleep stage 3 and sleep stage 4).  Every sleep stage is characterized by the presence of one or more 

frequencies in the EEG, which create typical patterns that can be recognized by a trained eye (11).  

Unfortunately the EEG scoring is a very time consuming activity, especially for whole-night sleep 

recordings. Errors happen, and the technicians are more likely to commit mistakes the longer time 

they spend on scoring, due to fatigue and to the repetitive task itself (5). 

Moreover, and more important, eye-inspection of EEG has a subjective decisional component that 

hampers the reliability of the procedure between different sleep scorers. A study conducted by the 

American Academy of Sleep Medicine showed that the inter-scorer reliability can be as low as 63,0% for 

certain sleep stages, such as  N1(Table 1). In particular the greatest scorer disagreement is for N1 and 

N3, while it is better for the other sleep stages (10). 

 

 W N1 N2 N3 

W 84.1 %  10 % 3.8 % 0.3 % 

N1 10.9 % 63 % 21.7 % 0.1 % 

N2 0.7 %  6.3 %  85.2 % 6.6 %  

N3 0.1 % 0.1% 32.3 % 67.4% 

Table 1: Inter-scorer reliability for the sleep stages. 

An automatic method of classification instead, such as using an Artificial Neural Network (ANN) as 

classifier, could solve these issues, easing the job of the scorers, as an automatic method could be 

faster and more accurate. 

Previous studies have shown that the automatic sleep data scoring by an ANN can be accomplished 

yielding results comparable with the manual scoring, and with an overall performance showing 

specificity and accuracy over 93% in distinguishing between all the different sleep stages. The authors 

claim that such a performance could also help to overcome the disagreement that may arise between 

the experts scoring the EEG manually (6) (8).  

Combining EEG recordings with other neuroimaging techniques, which focus on mapping the brain, is 

a standard method that allows for correlating the subject’s mental activity with the brain areas 

involved. One of the characteristics of EEG data is a good time resolution, compared to other type of 

examinations used for studying the brain. By simultaneously recording EEG and functional Magnetic 

Resonance Imaging (fMRI) data for example, it is possible to overcome one of the worst limitations of 
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fMRI data, namely the lack of time resolution (despite having a very good spatial response). This 

method also allows for mapping the brain during sleep stages. Thus the scored EEG data can be used to 

epoch fMRI resting state data. 

Resting state fMRI data, obtained when the brain is not engaged in any task, have been used to study 

the functional organization of the brain. The knowledge gained with fMRI about how the brain 

functions and how it is organized is mainly derived from experiments involving active tasks, like 

moving the right arm for example, and the related effects elicited in the neural activity. However much 

of the brain energy consumption, about 20% of the body’s energy consumption, is due to a rest 

condition of the brain, when it is not involved in any task, rather than to active states, which involve 

around 5% of the energy consumption increase. This finding, along with the observation that during 

rest the brain somatosensory cortex and motor areas are active, despite no movement is elicited, led 

the scientific world taking an interest in researching resting states (25).  

Usually fMRI data are studied by correlating the hemodynamic response with an experimental 

paradigm, which can involve an external task or a stimulus, and it is inferred that the brain regions 

that are showing activation in correlation with the experimental paradigm are involved in 

accomplishing the task. However it came to the attention of the scientists that there are also 

spontaneous fluctuations of the hemodynamic response not due to any external task, but rather 

elicited by the resting brain. The interconnected brain areas showing activation in response to these 

spontaneous fluctuations are called resting state networks and reflect the resting state activities of the 

brain (25). 

The main aim of this project was to create a viable automatic sleep scoring method for EEG that have 

been recorded simultaneously to the fMRI data, and secondarily to show that the scoring can be used 

to study resting state networks during sleep. Differently from other studies (6) (8), this method is 

tuned to EEG recorded inside a MR-scanner, which are affected by more disturbances and artefacts 

compared to standard EEG recordings.  

INVESTIGATING THE RESTING STATE NETWORK IN SLEEP 
The secondary aim of this work was to study resting state network during sleep, by using the sleep 

scoring obtained with the automatic sleep classification method. 

Among the numerous resting state networks, it was decided to investigate three resting state network; 

the Default Mode network, the Salience network and the Attentional Network. The Default Mode 

Network (DMN) is a group of brain areas particularly active when the subject is focused on “interior” 

tasks, like daydreaming or retrieving memories (3).  It has been shown in previous studies that the 

DMN changes connectivity (the network configuration in terms of interconnected areas) during the 

different sleep stages (4)  and the connectivity is thought to be different also between normal and 

pathological conditions. The Attentional Network is involved in processes such as cognition, reasoning 

and attention, while the Salience Network is involved in the detection of the most relevant feature in a 

stimulus. Both the networks are thought to vary between light and deep sleep (30) (37), or to differ in 

some sleep diseases (34) (31). 

Three research hypotheses (whose detailed description is found on the method section of this work) 

have been formulated on the selected resting state networks, to show that the automatic sleep scoring 

could be used to test if their functional connectivity, which reflects the temporal correlation of 

separated brain areas within a network, may change in response to different sleep stages.  
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The SANDMAN project, the project this thesis work belongs to, focuses on narcolepsy. So, the 

mentioned resting state networks have been studied not only to detect their differences across sleep 

stages, but also between healthy control and narcoleptic subjects.  

Narcolepsy is a neurobiological disorder causing symptoms that impair people’s normal life.  People 

with narcolepsy have been found to have a marked loss of specific neurotransmitter-producing 

neurons in the hypothalamic region. The aetiology of narcolepsy has not been discovered yet, although 

the disorder may be linked to a strong immune response in individuals carrying a particular 

configuration of genes (1). 

 

OVERVIEW OF THE THESIS 
The chapters in this thesis work describe the method that has been used to create the automatic sleep 

stages classifier, as well as a description of the research hypotheses and the method used to 

investigate the resting state networks.  The results section shows the performances that have been 

obtained with the sleep stages classifier and the results from testing the hypotheses on resting state 

networks. The final section shows the discussion of the results. The next chapter is the background, 

which contains all the information the reader should be familiar with in order to understand the 

method.  

The approach used in this work involves several steps.  Firstly the EEG data are segmented into 

epochs, later analysed through the Discrete Wavelet Transform (DWT) in a filter bank, programmed in 

MATLAB. 

Once decided the structure of the filter bank that best suits the EEG data, an ANN is programmed to 

automatically classify the sleep stages. From the previous DWT analysis the energies of the EEG bands 

of interest, or combinations of those, are extracted, thus becoming the inputs of the ANN. 

The successive step involves the use of the sleep stages classification to epoch the fMRI resting state 

data.  

The fMRI examinations are finally studied performing an Independent Component Analysis (ICA), 

where statistical independent sources of the signal are separated, thus allowing for dividing the signal 

into different spatially-based activities (2). 

Once having obtained the resting state networks with the ICA, the hypotheses about the DMN, the 

Attentional Network and the Salience Network have been tested, using the ANN sleep scoring.  

 

 

 

 

 

 



10 
 

BACKGROUND 

WAVELET AND FILTER BANKS 
Physiological signals in general are characterized not only by different frequency ranges, but also by 

activities at different time scales. In sleep EEG in particular there are slow varying events as well as 

and faster events, and both are important markers for the sleep stage.  

The time-frequency analysis is a common way to inspect signals, both in time and frequency domains, 

and it can be accomplished by different mathematical tools, such as a transformation between the two 

domains. In this study the analysis is performed using the Discrete Wavelet Transform (DWT) instead 

of the Fourier Transform or the Short Time Fourier Transform. The reasons for this choice are 

presented and discussed in the following sections.  

THE FOURIER TRANSFORM 
The Fourier Transform is a well-known mathematical tool, best suited for the analysis of stationary 

signals which are not supposed to vary in time. The Fourier Transform of a signal      can be 

expressed as: 

 
     ∫            

 

  

   
 
 

( 1 ) 

 
 

The signal     is multiplied by sinewave bases of infinite duration (       ), which are characterized 

by a constant frequency content, and the result is integrated over the whole time interval. This kind of 

analysis assumes that the signal is infinite and stationary as well, otherwise the transform cannot 

represent it accurately in the frequency domain. Moreover the frequency content relative to any 

sudden change in a non-stationary signal would be spread out over the entire frequency axis, so that it 

would be impossible to relate it to the moment in time where it happened. For these reasons another 

tool has been developed, the Short-Time Fourier Transform, in order to act more locally, being 

dependent not only on frequency, but also on time (12). 

 

THE SHORT-TIME FOURIER TRANSFORM  
The Short-Time Fourier Transform (STFT) has been developed to overcome the limitation of the 

Fourier Transform. The basic idea behind the SFTF is to analyse a portion of the signal that can be 

considered almost stationary with the Fourier Transform, and then move further to analyse another 

portion of the signal. The signal is portioned by windowing it, through multiplication by a window 

function       , that it is zero outside the interval D as:  

        {
                    
                            

 
 

( 1 ) 

 
 

where   is also called the duration of the window function. The signal      is then multiplied by the 

window and analysed as it would be done with the Fourier Transform. The Short Time Fourier 

Transform is a bivariate function, depending both on the time interval   and the frequency  . 
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( 2 ) 

 
 

The transform allows to look at the frequency content of the signal from time   to time    . The next 

step is to shift the window and inspect other portions of the signal. The goodness of the analysis 

however depends significantly on the choice of the window, regarding both its length and the function 

itself. The window can be appropriate for analysing some features in the signal, but at the same time 

inappropriate for others. Once the window has been decided, the time-frequency resolution is set for 

the entire analysis. The wider the window, the worse the time resolution, and the assumption of 

stationarity gets weaker. More importance is given to the frequency resolution in this case (Fig. 1.a).  It 

is possible to enhance the time resolution by decreasing the length of the window, obtaining however 

a poorer frequency resolution (Fig. 1.b). This could be done for example in case of a signal containing 

spectral characteristics well isolated from each other, where it is not essential to keep a high frequency 

resolution, thus allowing for better time resolution. The trade-off between frequency and time 

resolution, which tracks back to the Heisenberg’s uncertainty principle, needs to be kept in mind and 

the choice of the right window depends on the specific application (12). 
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Figure 1: Time-Frequency plane examples for two different analysis windows, in the STFT.     : high 

frequency resolution.    : high time resolution. 

 

 

THE WAVELET TRANSFORM 
The wavelet transform overcomes the limitations of the STFT because the resolution is not the same 

for the entire time-frequency plane, but changes instead, depending on the frequency content of the 

signal. The wavelet transform gives a good time resolution and poor frequency resolution for the 

higher frequency content of the signal, while for the lower frequencies it gives a good frequency 

resolution and poor time resolution. This feature suits the characteristics of most physiological signals, 

which are usually characterized by high frequency components at small time intervals, (for example 

the QRS complex in the ECG) and lower frequency component at long time intervals (13).  
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Similar to the transforms previously discussed, this analysis method involves portioning the signal, 

this time using a wavelet function as window. The wavelet function can be thought of as the impulse 

response      of a band pass filter. The function has to have zero mean and no DC component, such as 

 
∫     

 

  

           
 
 

( 3 ) 

 
 

where   represents the Fourier Transform of the function      (12). 

From a single prototypic wavelet function, called the mother wavelet, a whole family of wavelets can be 

created by shifting and scaling (e.g. compressing or dilating) the mother wavelet. After having decided 

the mother wavelet      the wavelet family is given as:  

 
         

 

√| |
 (

   

 
) 

 
( 4 ) 

 
 

where   is the scaling parameter and   is the shifting parameter. The choice of the mother wavelet 

depends on the features of the signal to be analysed; the mother wavelet should be chosen for its 

similarity to the signal of interest. 
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Figure 2: Two examples of wavelet functions; Daubechies and Symlets. 

 

 

The Continuous Wavelet Transform 
The continuous wavelet transform (CWT) is calculated as the convolution of the signal with the 

wavelet functions as: 

 
          ∫     

 

√| |
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( 5 ) 
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The result is the coefficient          , which is a measure of similarity between the signal      and 

the member of the wavelet family decided by the values of   and  . The wavelet can be stretched or 

dilated by varying the parameter  , in a way to adapt to different kind of signals, thus computing all 

the coefficients. Small values of   contract the wavelet, which when being compressed, shows an 

increase in higher frequency content and a decrease in duration (Fig. 3). The coefficient thus 

calculated, which can be interpreted as a similarity measure between the wavelet and the portion of 

signal analysed, results being bigger for short time-scale event at high frequencies. When the wavelet 

is dilated instead (for large values of  ), it is characterized by a greater lower frequencies content and 

longer duration, producing bigger coefficients when the portion of the signal to be analysed contains 

lower frequencies. The coverage of the time-frequency plane is displayed in Fig. 4. In the CWT the 

coefficient   is varied continuously. 

 

 

 
Figure 3: A wavelet function ψ(t), with scaling factor     (above) and its scaled version  ψ(t/2), scaling 

factor    (below). The bigger the scaling factor the wider and the slower the wavelet. 
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Figure 4: Time-Frequency plane of the wavelet transform (left) and relative scaled wavelet functions 

(right). The green colour corresponds to the scaling coefficient    , the red to     and the blue to 

a=4. 

 

The shifting parameter   is used to shift the wavelet, in order to accomplish the analysis of every 

portion of the signal (14). 

The steps to execute the continuous wavelet analysis can be summarized as: 

1. Decide the wavelet family. 

2. Calculate the coefficient of similarity for a portion of signal (equation 5).  

3. Shift the wavelet to analyse the other portions, until the complete signal has been analysed. 

4. Scale the wavelet. 

5. Repeat steps 2 through 4 for all the scales.  

 

 

 

Discrete Wavelet Transform  
As the CWT coefficients are calculated by varying    and   continuously, the analysis can be redundant 

for discrete signals, and computationally demanding. For this reason in many applications the scaling 

factor   is varied on a dyadic scale, so that     , with         ,   being the level of desired 

accuracy in the analysis. Thus the CWT becomes a Discrete Wavelet Transform (DWT), which is often 

used along with filter banks (12).  

The analysis coefficients of the DWT are given by: 

           ∑ [ ]    
 [ ]

   

 
 

( 6 ) 

 
 

where      and        (14). 

 

 



15 
 

MULTI-RESOLUTION ANALYSIS  
A fast and efficient way to calculate wavelet coefficients is provided by filter banks. A filter bank is a 

processing unit, capable of sub-bands decomposition and reconstruction. Filter banks exploit 

algorithms that are based onto the concept of Multi-Resolution Analysis (MRA) (7). 

Multi-resolution analysis states that every signal can be represented as the sum of an approximation 

part and a detailed part, and every approximation itself can be further decomposed into another 

approximation and detailed part. In terms of linear algebra every signal can be represented as a vector, 

and a vector belonging to a space, for example the space V0 can be expressed in terms of V0 basis 

functions. A scaling function       is a function belonging to V0 that can be expressed as a linear 

combination of its scaled version. If the family of functions        with       is a set of orthonormal 

bases for V0 and if the generic      can be represented as linear combination of functions of the form of  

√        , then the space V1 spanned by the set of functions √         is different from V0. In 

particular      , meaning that it is a subspace of V1. Intuitively, as the space V1 represents functions 

shifted by ½ (relative to l) it can contain elements with finer details compared to V0, whose bases are 

shifted by integers. Thus, the space V0 can represent elements in V1 at a coarse approximation. If V0 is 

such a subspace of V1 there will be a difference space then called W0 ,being      , orthogonal to V0, 

which contains the elements missing in V0 to complete V1, so that          with       (figure 5).  

The space    is spanned by the functions                   , which are orthonormal to        and 

contains all the elements characterized by the finer representations which are present in V1 but 

missing in   . 

 
 
 
 
                        
                                                                                        
 
 
 
 

Figure 5: Multi Resolution Analysis, spaces nesting and relative bases. The vector space V1 (spanned by 

the basis √           includes the sub-spaces W0 and V0 (spanned by the bases ψ(t-l) and ϕ(t-l) 

respectively), orthogonal to each other. 

Moving one step forward it is possible to imagine another space, spanned by the bases  √         

which is the difference space W1, containing the details missing in    to complete a space   , such as 

         with         , being    spanned by          (figure 6). 
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Figure 6: MRA, 2-level nesting and relative bases. The vector space V2 (spanned by the basis            

includes the sub-spaces W1 and V1 (spanned by the bases √ ψ(2t-l) and √ ϕ(2t-l) respectively), 

orthogonal to each other. 

In general, a signal belonging to a space    can be represented as a linear combination of scalars, 

namely the coordinates   , with the basis   . Coordinates relative to the bases functions, in case of 

orthonormal basis, are given by the scalar product of the signal with the basis itself. 

         
 

  ∑  
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A signal belonging to the space V2 then can be expressed as a linear combination of coordinates cj, 

relative to V2 , with the basis          , however keeping in mind the spaces nesting previously 

described, equation (8)  is not the only possible representation. As the space V2 is represented by the 

sum of V1 and W1 , the signal can be represented as well as a linear combination of coordinates aj and dj 

relative to V1 and W1 with the respective bases √         and √        , such as  
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where aj and dj are the coordinates of the approximation and the detail parts. The same reasoning can 

be applied to a function belonging to V1, which can be expressed as 
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( 9 ) 
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where aaj and daj are coordinates representing the approximation of the approximation and the detail 

of the approximation. 

In general, as                   , for m levels or spaces, it can be concluded that  

  
                       
 

 
 

( 10 ) 

 
with relative implications for the signals belonging to these spaces (15).  

 

 

FILTER BANKS 
 As mentioned, a filter bank is a processing unit for discrete signals. It consists of an analysing part, 

where the signal is divided into N channels and down-sampled by a factor N (keeping every N-th 

sample), and a reconstruction part, where each channel is up-sampled and the signal is perfectly 

reconstructed. The advantage of the method lies in dividing the signal into separate channels or sub-

bands which are processed independently, or even suppressed if necessary. In case of a two channels 

filter bank (N=2) the signal is divided by means of two filters, an octave low pass filter H0 and an 

octave high pass filter H1 (figure 7). Octave filters reduce the bandwidth by half. As the signal has been 

filtered by the octave filter, half of the frequency band is removed, so it is possible to get rid of half of 

the samples in each channel without losing information. Thus the down-sampling operation (keeping 

every other sample) does not reduce the resolution, because half of the samples have already been 

filtered out. The mentioned procedure implies that if a signal had N samples at the beginning, after the 

filtering and down-sampling operation it is reduced to N/2 samples. Down-sampling instead has the 

effect of doubling the scale (15). 
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     x 
 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 7: Filter bank, analysis part. The signal x is half-band low pass filtered by H0 and half-band high 

pass filtered by H1 . After the filtering stage the two components are down-sampled. The low-pass filtered 

signal can be further analysed at other stages. Coefficients    and    are the filter responses. 

Depending on the desired accuracy and level of details needed in the analysis , the signal can be 

further decomposed: the low-pas output becomes the input signal for the next decomposition stage, so 

it is half-band filtered and down-sampled, meaning that the bandwidth is halved again and the scale 

doubled. The low-pass channel output represents an approximation of the signal, because it contains 

only lower frequencies, while the high-pass channel contains the details of the signal. In the 

reconstruction part of the bank the outputs of the two channels are up-sampled and fed to two filters, 

and then summed up, creating the new input for the following stage (figure 8) (15).  

A detailed description of the reconstruction part of a filter bank is beyond the scope of this work, 

because it is not used for the aims of the project. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8: Filter bank, reconstruction part. The outputs from the filters G1 and G0 are summed together. 

Perfect Reconstruction is possible if certain conditions on the filters are met. The output  ̂ is equal to   

except for a delay. 
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There are two conditions that ensure perfect reconstruction in the filter bank: 

                         
 
                          

 

( 11 ) 
 
 

( 12 ) 
 

with                         being respectively the frequency responses of the analysis (      ) and 

reconstruction (      )filters. Condition (11) ensures that there is no distortion in the reconstructed 

output, while condition (12) ensures that there is no aliasing (15). 

In order to meet the previous conditions the filters need some constraints. Real coefficients filters have 

to fulfil the following constraints: 

              
 

( 13 ) 

 

             
 

( 14 ) 

 

                              
 

( 15) 

 

leading to the so called quadrature mirror filters configuration. The same constraints in the (discrete) 

time domain are expressed as: 

              
 

( 16 ) 

 

              
 

( 17 ) 

 

                     ( 18 ) 

 
The latter equations states that the analysing filters are the time reversed version of the 

reconstruction filters, and that the high pass reconstruction filter is an alternating flip of the low pass 

filter. It is possible to fulfil all the constraints by choosing one filter, for example    and then calculate 

all the others (15).  

It has been showed previously (equation (7), (8) and (9) ) that a signal can be expressed in terms of 

linear combination of coordinates, given by the scalar product with the bases functions, and the bases 

themselves. In terms of signal processing the coordinates represent filters responses (the output of the 

filters), which are obtained convolving the signal with the filters impulse responses. Since the 

convolution operation can be interpreted as a scalar product, filters impulse responses can be 

interpreted as time reversed basis functions (15).  

      ∑     

 

       ⟨      |      ⟩              
 

( 19 ) 

 
  

                                

 
 

( 20 ) 

 
 

This concept holds for both the analysis filters       and       in the filter bank, which are 

interpreted as the time reverse versions of the bases functions of the space where the signal is 

represented. According to the constraints for the quadrature mirroring filters, the analysis filters are 
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given by time reversed version of the reconstruction filters       and      , so these latter are the 

basis functions for the representation spaces (15). 

Recalling the MRA, the spaces Vi and Wi are spanned respectively by the basis functions  
 
           

and  
 
         . The filter impulse response     is the same as the set of basis functions  

 
         , 

which are wavelets. In fact with a simple change of notation: 
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  (     )   

 

√| |
 (

   

 
) 

so the bases represent the mother wavelet. 

The scaling function  
 
            is also called father wavelet, and represents the filter impulse 

response   . 

Summarizing all the statements, it has been shown that a 2-channels filter bank, where perfect 

reconstruction is assured by holding the condition for the quadrature filter bank configuration, 

performs the wavelet decomposition of the signal, with wavelets used as high pass filters. At each 

stage the signal is analysed by means of two filters, which give an approximation and a detailed part. 

Then the resolution is halved and the scale doubled, leading to another analysis stage. The concept is 

the same as in the CWT, with the difference that the analysis is performed at a dyadic scale, meaning 

that the filter bank decomposition can be seen as a sampled version of the CWT. Furthermore the bank 

is a constant Q-factor filter bank, because the ratio between the band and the centre frequency is 

constant for every filter, at every stage. A constant Q-factor assures that all the filters will behave in 

the very same way in terms of time response and dissipated energy (12). 

The whole process of wavelet decomposition in a filter bank is represented in figure 9 as a 

decomposition tree, where A stands for approximation, D for details, and the subscripts indicate the 

stage of decomposition. 

 

                                                          
 
 
 
 
 
 
 
  
 
Figure 9: Wavelet decomposition asymmetric tree. 9.a: x(n) is the signal, that is decomposed into A1and 

D1, the approximation and detailed part respectively (analysis level 1). The approximation part is further 

decomposed at level 2 into A2 and D2, its approximation and detailed part. 9.b: Example of wavelet 

decomposition for a signal with maximum frequency content of 100 Hz. At each level the band is halved. 
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WAVELET PACKET ANALYSIS 
A richer representation of the signal can be obtained by decomposing every detail part too, instead of 

solely the approximation part. This method is called Wavelet Packet Analysis (WPA). The 

decomposition tree in this case is symmetric (figure 10). Depending on the application, and on the sub-

bands of interest, many kinds of trees can be created (16). 

 

                                                          
 
 
 
 
 
 
 
 
 

Figure 10: Wavelet packet Analysis, symmetric tree. 10.a: x(n) is the signal, that is decomposed into 

A1and D1, the approximation and detailed part respectively (analysis level 1). The approximation part is 

further decomposed at level 2 into AA2 and DA2, its approximation and detailed part. The detailed part is 

further decomposed at level 2 into AD2 and DD2, its approximation and detailed part.  10.b: Example of 

wavelet packet analysis for a signal with maximum frequency content of 100 Hz. At each level the band is 

halved. The packets are sorted into Paley order. 

 

In this case, extra attention must be paid to the order of the decomposition packets. They are not 

ordered by frequency but rather in the Paley (natural) order. This means that at the second stage, the 

packet AD2 contains higher frequency than the packet DD2. The Paley ordering is due to the quadrature 

mirroring filter configuration because of the low-pass filters that are reversed time versions of the 

high pass filters (17). 
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ARTIFICIAL NEURAL NETWORKS 
 

An artificial neural network (ANN) is a computational system modelled onto the mammalian cerebral 

cortex.  As neural networks are capable of machine learning, after an adequate training they can be 

used for classification and pattern recognition. Generally, a network consists of highly interconnected 

elements called artificial neurons. Much like biological neurons, artificial neurons can be seen as single 

processing units capable of firing a signal when a certain activation threshold is exceeded. Mimicking 

synapses in the biological brain, each artificial neuron is interconnected to many other neurons, and 

each connection is provided with a weight (figure 11). According to the Hebb’s rule, the weight of an 

interconnection becomes greater in relation to the correlation of the firing of the neurons involved, 

meaning that if two neurons have to fire in response to a certain input, their connection needs to be 

strong, thus the weight needs to be large (9). 

 
Figure 11: An Artificial Neural Network (ANN). Neurons 1, 2 and 3 are connected to neuron 0. W1, W2 

and W3 are the respective weights. 

 

According to the McCulloch and Pitt’s model, the inputs of the network, that can also be the outputs 

coming from other neurons, are summed together according to their weights, weights that can be 

negative or positive, creating an inhibitory or excitatory signal. If the result of the sum will exceed a 

threshold, the artificial neuron will fire. The output can also become the input to other neurons (figure 

12).  
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Figure 12: Mcculloch and Pitt’s ANN model. x1, x2 and x3 are the inputs of the network, the circle 

represents the sum of the connections and thr stands for threshold. wi represent the weights of the 

connections. The dashed line represents the neuron. 
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Generally many inputs, output and neurons are allowed, depending on the task to achieve. Thus the 

term input vector and output vector are used. The dimension of the output vector reflects the number 

of categories the network needs to discriminate (9). 

The activation function a of the neuron can be excitatory or inhibitory and is given as: 

   ∑  

 

   

 

 
( 21 ) 

 

The threshold function thr represents the membrane potential of a neuron cell, and if a> thr the 

neuron will fire, otherwise it will not. As real groups of neurons are capable of producing a graded 

output instead of only one constant firing value, it is better to model the artificial neurons with a 

transfer function, rather than a simple threshold (9). Thus the value of the output y depends on the 

transfer function and on the activation as: 

                        ( 22 ) 

 
 

                   (∑  

 

  ) 
 

( 23 ) 
 

 

The transfer function can be a step function (in this case it functions as simple threshold), a sigmoid 

function or a linear function. For many applications the sigmoid function suits better because it 

produces continuous values for the output, constraining it between 0 and 1 (19). 

 

 

The network structure described so far consists of just one layer of neurons, namely the output vector, 

and it has proved unsuitable for solving more than linearly separable problems, meaning problems 

where it is possible to separate (with a line or a plane) the input vectors in different categories when 

plotted. When a network is used to classify more difficult patterns, one or more extra-layers of 

neurons are needed. The number of neurons in extra-layers, called also hidden-layers, is difficult to 

determine, and often it is decided by trial and error (19). 

 

 

 

 

 

Figure 13: Sigmoid transfer function,   represents the activation of the neuron,   is the output (19). 
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Figure 14: Example of multi-layer neural network structure, with four neurons in the hidden-layer 

(dashed circles), and three neurons in the output (solid circles). 

TRAINING THE NETWORK 
After having decided the structure of the network that best suits the classification problem to be 

solved, the network needs to be trained. Training the network means to find the correct values for the 

interconnection weights to give the desired outputs. Thus some kind of error measure has to be 

computed so that the weights can be changed and updated until the outputs reach the correct expected 

values, called the targets. One possible error measure consists simply in comparing directly the 

produced output    with the target   . Each iteration the weights will be increased or decreased 

according to the estimated error, such as: 

               

 

( 24 ) 

 

where    reflects how much the weights need to be changed,    are the inputs and   is the learning 

rate. The learning rate is a parameter decided during the training and determines how fast the 

network can learn, so how big is the increment or decrement of the weights after each iteration. Its 

maximum value is 1 and a typical values range from 0.1 to 0.4.  The weight change    is positive 

when the targets exceed the output, meaning that the neuron was thought to fire but did not. So the 

weight needs to be increased. The multiplication by the inputs is necessary to include their possible 

negative values still obtaining positive weight changes (9). 

In case of a multilayer network all the weights are calculated in the very same way, but the 

computations are harder for the hidden-layers weights, because they depend on the previous layers 

results (19). 
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INDEPENDENT COMPONENT ANALYSIS  
The Independent Component Analysis (ICA) is a method used to decompose a signal into a linear 

combination of components, or sources, which are statistically independent and non-Gaussian. It is 

one of the standard methods to separate the fMRI signals representing different brain neural 

networks. Given two sources, s1(t) and s2(t), imagine two other signals, or observations, x1(t) and x2(t) 

given by their linear combinations such as: 

                         
 

( 25 ) 

 

                         
 

( 26 ) 

 

where the coefficients aij represent the amplitude of the sources in the linear combinations. The two 

observations x1(t) and x2(t) are the only known data, while sources and coefficients are the unknowns 

of the problem. Applying the ICA it is possible to estimate sources and coefficients directly from x1(t) 

and x2(t). En example is given by the famous “cocktail party problem”, imagining two speeches (s1(t) 

and s2(t) ) from two different speakers in the same room and aiming to recover them from two 

recordings (x1(t) and x2(t)) obtained by microphones put in different positions in the room. Each 

individual recording is likely to contain too much noise to estimate the speech sources directly, 

especially as the speeches are probably overlapping each other. (20). 

The only constraint needed to solve the problem is that the sources have to be non-Gaussian and 

statistically independent from each other. Statistical independence is expressed as: 

               

 
 

( 27 ) 

 

with     the probability distribution function (pdf) of s1(t),     the pdf of  s2(t), and       the joint pdf. 

Non-Gaussianity is a necessary constrain, otherwise it is not possible to estimate the coefficients aij 

with ICA(20).  

Moreover in real world applications it is often the case that the data available are not so many to 

consider their pdf as Gaussian (21). 

ICA does not allow for the variance (energy) determination of the components, as both sj(t) and aij are 

to be determined, and there is no order in the components, differently from other methods such as the 

Principal Component Analysis (PCA)(20). 

A generic observation, or signal x(t) can be expressed in the matrix notation as: 

 x=As 
 

( 28 ) 

 

where A is the matrix containing the coefficients, x the vector representing the observations and s the 

vector whose elements are the components to find. Given that ICA allows to estimate the A matrix, 

then s is determined as: 

 s=Wx 
 

( 29 ) 

 

being W the inverse of A (20). 
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W is estimated via measuring the local maximum of non-Gaussianity of the product wT x. There are 

different measures of non-Gaussianity, and one of the most commonly used is the kurtosis, or fourth-

order cumulant. The kurtosis of a random variable y is expressed as: 

          {  }     {  }   ( 30 ) 

 
For a Gaussian variable  {  }     {  }  , so for these kind of variables the kurtosis is equal to zero. 

Non-Gaussian variables have absolute values of kurtosis greater than zero, so maximising the non-

Gaussianity means maximising the absolute value of the kurtosis (20). 

Keeping in mind that s=Wx, if y is a linear combination of variables contained in the vector x (the 

observations) such as y= wT x, then y corresponds to one independent component if and only the 

vector wT is a row of the coefficients matrix A. With a change of notation as z=ATw, meaning that 

zT=wTA it is possible to express the linear combination of the observations as a linear combination of 

independent components s, as y= wT x= wT As=zTs. The independent components are non-Gaussian, 

but according to the Central Limit Theorem a linear combination of non-Gaussian variables tends to 

become Gaussian, so zTs is more Gaussian than the single component sj. Maximising the non-

Gaussianity of the product wT x, which is equal to zTs, means then that the vector z should contain just 

one non-zero element, and in this case the variable y would be equal to a single independent 

component. So the kurtosis of wT x is to be calculated and to accomplish that in practice, as the only 

known data are the observations x, w is initialized with some random values, the kurtosis calculated 

and according to the direction that makes the kurtosis grow (gradient method), the vector w is 

updated, until the local maximum is found (20).  

APPLICATIONS 
The possibility of isolating the sources in a signal makes ICA a commonly used method, allowing for 

many applications, like filtering, denoising, and also removal of artefacts in physiological recorded 

signal, if the cause of them can be considered a separate (statistical independent) process (20). 

Ballistocardiogram artefact 
The ballistocardiogram artefact (BCG) usually affects EEG recordings severely, when they are recorded 

inside the MR scanner. Pulsatile movement of the blood inside the vessels of the scalps, dictated by the 

heart pulse, causes a movement of the EEG electrodes, leading to the pulsatile artefact. Inside the MR 

scanner the effect is so severe to completely hamper the EEG reading. This is due to the fact that the 

movement of the electrodes happens inside a magnet field, thus the amplitude of the artefact is 

proportional to the value of the magnetic field (22). 

As the origin of the BCG artefact is anatomically and physiologically independent form the brain 

activity recorded with the EEG, it is possible to separate it from the rest, after having isolated its 

sources. The ICA has proved to be one of the best methods to accomplish that, and it is commonly used 

in pre-processing of EEG data (23).  

ICA and Resting State Networks 
Functional Magnetic Resonance Imaging (fMRI) is one of the most used techniques to study the brain. 

In fMRI it is assumed that the neural activity is related to a change in the hemodynamic response, so 

what it is detected is the change in the blood flow due to an external stimulus (like auditive or visual 

stimulus or an external task). Areas in the brain showing a similar hemodynamic response during the 

application of the stimulus then are thought to be involved in processing of the stimulus. The signal 

from these areas is isolated from the rest of the brain by contrasting with a “control baseline”, the 
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signal detectable when the stimulus is not applied. Recently neuroscientist began to investigate this 

control baseline, finding that when no stimulus is applied, and the subject is at rest, certain areas of the 

brain show coherent low frequency fluctuations (<0.1 Hz) in the hemodynamic response. The network 

comprehending all these coactive areas was called the Default Mode Network (DMN) (24).  

Beside the DMN there are other networks reflecting the mental activity during resting state conditions, 

for example the salience network, auditory and visual networks (29). 

 Several approaches can be used to identify the different resting state networks. One method requires 

that the hemodynamic response is detected from a region of interest, and its time course temporally 

correlated to other voxels. Voxels showing high correlation then can be clustered together, indicating 

the presence of a resting state network. The problem with this approach is that it involves a “a priori” 

knowledge of the area to be inspected, meaning where in the brain is likely to search for a resting state 

network. Another approach is the ICA. With ICA all the networks can be separated assuming their 

statistical independence. Each component resulting from ICA is thus related to a spatial map in the 

brain. However not all the components correspond to neural networks; several of them are usually 

due to artefact or noise, so knowledge of the anatomy of the networks is needed to distinguish them 

(25).   
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THE ELECTROENCEPHALOGRAM (EEG)  
 

The EEG is the recording of the spontaneous electric activity of the brain, which is used for sleep 

scoring and also to distinguish between healthy and diseased subjects, especially in presence of 

epilepsy or sleeps disorders. The EEG analysis is used to scope the specific mental activity of the 

subject, detecting whether is awake, deeply asleep or relaxed (26).   

It is possible to distinguish five main rhythms in the EEG, depending on the frequency content; Delta  

(frequency lower than 4 Hz), Theta (4-7 Hz), Alpha (8-13 Hz), Beta (14-30 Hz) and Gamma rhythm 

(30-40 Hz). Each of the rhythm is related to a specific mental activity (26). 

According to the AASM terminology, sleep can be divided into wakefulness, non-REM(Rapid Eye 

Movement)  sleep and REM sleep, the stage in which people usually dream, characterized by atonia 

(impossibility to move the body) and rapid eye movements (1). Non-REM sleep is further subdivided 

into other 3 stages, depending on the depth of sleep, as non-REM sleep 1 (N1), non-REM sleep2 (N2) 

and Non-REM sleep3 (N3). As the sleep gets deeper, the EEG shows increasing amplitude and slower 

frequencies (11). 

Amplitude and frequency of the EEG depend on the synchronization of signals generated in the cortex; 

large amplitudes and low frequency contents are associated with electrical activity generated by areas 

of the cortex which work synchronically. On the other hand; low amplitudes and high frequencies 

depend on groups of neurons working asynchronically, typical of activities like cognition and vision 

(26).  

Every sleep stage is characterized by the presence of some rhythms and other special kind of waves. 

Stage W is often characterized by a dominant alpha rhythm and little theta activity. Stage N1, 

indicating light sleep or drowsiness, shows more theta activity than W, and little alpha activity. In 

stage N2 the higher frequencies are gradually substituted by lower frequencies, and there is the 

presence of two kinds of waves: Spindles, which are trains of waves around 11-16 Hz with duration 

longer than 0.5 seconds, and K-complexes, large amplitude bipolar waves around 0.5-2Hz (27), with 

total duration longer than 0.5 seconds. Stage N3 is characterized by predominant delta rhythm. REM 

sleep it is probably the hardest sleep stage to classify, because it resembles the W stage, with 

predominant alpha and beta rhythm, but can be easily spotted by visually checking the recording (if 

available) of the eyes movement (11).  
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Table 2: The sleep stages and their relative frequency patterns (49). 
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METHOD 

DATA RECORDING AND PRE-PROCESSING 
The subjects were asked to stay still and rest, allowing themselves to fall asleep, for ten minutes inside 

the MR scanner. During that period both fMRI and EEG data have been recorded. 

EEG data have been recorded simultaneously to the fMRI data, thus inside the MR-scanner (3T Philips 

Ingenia scanner). A MR-compatible headcap has been used, with 64 Ag/AgCl electrodes (10-20 system 

position montage). A sampling frequency of 250 Hz has been used. Among all the available electrodes, 

the mid-occipital electrode, labelled Oz, has been chosen for the sleep stage analysis. Oz has been 

selected because the alpha activity (see the “Filter Bank and Wavelet Decomposition” paragraph) is 

stronger at the occipital area. Other electrodes such as Fz (mid-frontal) and Cz (mid-central) have been 

examined as well, but have been discarded afterwards, because showing small variation across the 

sleep stages.  

The recording of the EEG inside a MR-scanner is affected by strong artefact due to the changing 

gradient of the magnetic field.  These artefacts have been removed and EEG data were pre-processed 

using ICA to eliminate the ballistocardiogram artefact. Finally the EEG data set has been pre-filtered, 

eliminating the frequency bands above 50 Hz and below 1 Hz. 

The first seconds (usually 5-9 seconds) at the beginning of each EEG recording have been removed 

because of the triggers from the MR scanner, preceding the start of fMRI data acquisition. After the 

beginning of the fMRI data acquisition triggers are no longer present on the EEG data. As these triggers 

hamper severely the EEG recordings, the best solution is to remove completely those part containing 

triggers. 

EEG files are 10 minutes long for each subject, and as the sleep scoring is performed on 30 seconds 

epochs, according to the rules of the AASM (11), each file been portioned into 30-seconds epochs, for a 

total number of 20 epochs for each subject. 

Some 30-seconds epoch showed artefacts (figure 15), that are likely to be due to head movements 

during the recordings inside the MR scanner. Even because the source of these artefacts cannot be 

determined with certainty, they needed to be removed prior the frequency analysis, otherwise the 

results could have been hampered. 

 

 
Figure 15: 30-seconds EEG epoch showing an artefact around second 7 and one around second 29. 
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An algorithm for the automatic removal of this kind of artefacts has been coded; each 30-seconds 

epoch has been divided into 1-second epochs, and each 1-second epoch has been thresholded. If the 1-

second epoch contained one or more artefacts exceeding a manually set threshold, then the whole 

epoch was removed (figure 16).   

 
Figure 16: 30-seconds EEG epoch, before and after artefacts removal. 

30-seconds epochs containing too many artefacts, so that it was not possible to distinguish the actual 

frequency features, have been manually excluded from the analysis. 

FILTER BANK AND WAVELET DECOMPOSITION 
A filter bank in MATLAB has been used for analysing the features of interest in the EEG data. 

The EEG data available presented only four 30-seconds epochs of N3 and twelve of REM, so these two 

stages had to be excluded from the analysis, because data were not enough for the training of the 

artificial neural network.  

Six bands of interest were selected, to be extracted from the EEG data and successively becoming 

inputs of the ANN: 

1. Beta rhythm 

2. Spindles 

3. Alpha rhythm 

4. Theta rhythm 

5. Delta2 

6. Delta1 + K-complex 

Gamma rhythm was not taken in consideration because such a higher frequency band is not a 

characteristic of any sleep stage.  
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A wavelet packet decomposition has been performed in MATLAB. The wavelet decomposition tree was 

built accordingly to the 6 subbands of interest and with 7 decomposition levels. A total of 8 packets in 

the wavelet tree were selected (some of the terminal nodes in figure 17), and their coefficients were 

extracted. Nodes number 2, 8, 4, 32, 34, 67 and 64 have not been further decomposed, because their 

decomposition is not needed for the sleep stages analysis. The node number is just a label; as 

explained before, at the first decomposition level the signal is divided into two parts, approximation 

and details (node 1 and 2 in this case). At the second level each of the packets (node 1 and 2) is further 

decomposed, so node 3, 4, 5 and 6 are created. In this case node 5 and 6 are not shown in figure 17 

because their frequency content has not been used. 

 

 
 

Figure 17: Seven-levels wavelet decomposition tree. The numbers indicate the nodes’ indexes (MATLAB 

OUTPUT). 

Coefficients of every selected packet were associated to the bands of interest, because they contained 

the frequency information needed (Table 3). For example; packet number 8 was associated to the Beta 

band, because it contained frequency information between 15.6 and 31.2 Hz. 

   

Bands Node Freq. (Hz) Node Freq. (Hz) Total Freq. (Hz) 
Beta 8 15.6 -31.2    15.6 -31.2 
Spindles 138 12.7-13.6 67 13.6-15.6 12.7-15.6 
Alpha 34 7.8- 11.7 137 11.7-12.7 7.8-11.7 
Theta 32 3.9-7.8   3.9-7.8 
D2 64 1.9-3.9   1.9-3.9 
D1+K-compl.  128 0.9-1.9   0.9-1.9 

 

Table 3: Wavelet packets coefficients and frequency bands. 

After the coefficients were extracted from the packet, their energy was calculated as the sum of the 

square of their absolute values, as: 

    ∑|  |
 

 

 
 

( 32 ) 

 
where Ei and Ci represent the energy and the coefficients of the packet i.  
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Every Ci is a vector, with a different number of samples, depending on its level in the wavelet 

decomposition tree. Each packets is the result of an octave filtering operation, so at each level the 

frequency band is halved as well as the number of samples, due to the down-sampling. Therefore 

vectors Ci have different sizes. The sub-bands packets are ordered in the Paley order (figure 18). 

However it is not formally correct to talk about frequency bands when it comes to wavelets, because 

wavelets are defined by their scale, not by a central frequency. In order to associate the scale of the 

wavelet to a frequency value, it is possible to find a frequency based signal in MATLAB, like a sinusoid 

function, that approximates the main wavelet oscillations (figure 19), and imagine that the wavelet 

could act as a normal sine function in the Fourier analysis (16). Reasoning in this way it is naturally to 

think to the wavelets in terms of filters characterized by a band-length and central frequency. Figure 

18 shows the frequency band of the wavelet packets used for the EEG analysis. Level zero starts from a 

frequency band of 125 Hz, the maximum frequency content of the EEG, according to the Nyquist’s 

theorem. At the first level each wavelet filters has a band of 62.5 Hz, at the second level of 31.25 Hz 

and so forth, reducing by half at each level, according to the rules for the 2-channels filter banks. 
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Figure 18: Wavelet decomposition tree and frequency sub-band of each packet (nodes). EEG data have 

been recorded with a sampling frequency of 250 Hz (max frequency content is 125 Hz). The coloured 

packets contain the needed frequency information, and are associated the sleep rhythms. The packets 

are ordered in the Paley order, thus node 34 contains lower frequencies than node 33 for example.  
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Figure 19: A wavelet (blue) and the associated sinusoid (red) that approximates the main wavelet 

oscillation. 

 

The energy of each feature was calculated as the sum of energies of the corresponding wavelet 

packets, as: 

1. EBeta= E8 

2. ESpindles= E138 + E67 

3. EAlpha= E34 + E137 

4. ETheta = E32 

5. EDelta2 =E64 

6. EDelta1+K-complex = E128 

After analysing the energies of the six features, eleven additional features have been calculated 

because useful in discriminating between the sleep stages. Two of these extra features are suggested 

by the literature (8).  

The others seven features have been found to change their values across sleep stages, thus have been 

selected as markers to discriminate the sleep stages. These eleven extra features are: 

7. Etot = EBeta + ESpindles + EAlpha +ETheta + EDelta2 + EDelta1+K-complex 

8. EBeta%= (E8/Etot)*100 

9. ESpindles%=((E138 + E67)/Etot)*100 

10. EAlpha%= ((E34 + E137)/Etot)*100 

11. ETheta% = (E32/Etot)*100 

12. EDelta2% =(E64/Etot)*100 

13. EDelta1+K-complex% = (E128/Etot)*100 

14. Ealpha/Theta (8) = EAlpha/ ETheta 

15. EDeltas = EDelta2% + EDelta1+K-complex% 

16. EDeltas/Theta (8)= EDeltas / ETheta% 

17. EHigh/Low =(EBeta + ESpindles + EAlpha)/(ETheta + EDelta2 + EDelta1+K-complex) 

 

Feature 7 is the total energy of the selected bands, while features 8 to 13 are the energies of the 

relative bands calculated in relation to the total energy. They express the percentage of the main 

rhythms in the epochs.  Feature 14 is the ratio between alpha energy and theta energy. It is higher for 
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W stages and gets lower as the sleep get deeper. It is useful to discriminate especially W from N1 

stages. Feature 15 is the sum of the delta bands, and account for very low frequencies. It increases as 

the sleep gets deeper. Feature 16, the ratio between delta energies and theta is useful to discriminate 

between N1 and N2 as the delta rhythm replaces theta as the sleep gets deeper.  Feature 17 is the ratio 

between the higher frequencies rhythms and the lower frequencies rhythms, and expresses the 

transition from W to N2, because it is bigger in wakefulness and gradually decreases in N1 and N2. All 

the 17 features became the inputs of the ANN. 

ARTIFICIAL NEURAL NETWORK 

STRUCTURE 
An ANN was created with the nntool in MATLAB, in particular the pattern recognition tool (nprtool) 

was used to generate a basic code that was adjusted and further developed in relation to the specific 

task of the project. The input vector was constituted by 17 elements, the calculated energies in the 

filter bank. The hidden layer dimension was set to 10 neurons, by trial and error; fewer neurons gave 

worse results during the training phase, while increasing their number did not increase the network 

performance. The dimension of the output vector was set by 3, as the network is used to discriminate 

between three sleep stages, W, N1 and N2 (figure 20).  

 
Figure 20: Structure of the Artificial Neural network. 

In figure 20 the boxes marked with W indicates the weights that are calculated and updated during the 

training, for both the hidden layer and the output layer. The boxes marked with b refer to the so called 

bias. The bias purpose is that to adjust the value of the threshold; if the inputs to two neurons were 

zero for example, and the model expects one of them to fire but not the other one, then the only way to 

accomplish that would be to changing the threshold level just for one of the neuron, therefore through 

the bias. The bias is updated as the weights are, because it is considered as a weight with a constant 

input of 1 (9). 

A sigmoid transfer function is used in the hidden layer, while a softmax transfer function in the output 

layer. Softmax function puts the higher output to a value close to one, while scaling the others, to 

values close to zero. 

                   ∑  

 

⁄  
 

( 33 ) 

 
where x represent the input vector (19). 

INPUT AND TARGET MATRICES 
Out of 29 subjects whose EEG data were scored manually, 13 subjects, both from the healthy and the 

narcoleptic group, were selected to create the training matrix. These 13 EEG were selected in order to 

reach an almost equal number of epochs belonging to all the sleep stages, and also because they 
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showed fewer artefacts compared to the rest. The remaining 16 subjects were not taken into 

consideration for building the input matrix, and were subsequently classified after the training phase. 

The matrix thus created had a dimension of 238 x 17, with 238 being the epochs and 17 being the 

features calculated by the wavelet filter bank. Out of the 238 epochs, 51 epochs were marked as W, 73 

as N1 and 114 as N2. It was not possible to select a bigger number of W and N1 epochs; many W 

epochs were impaired by artefacts, thus discarded, while N1 epochs were just few in numbers, 

because the subjects did not spend much time in the N1 sleep stage.   

Each of the 238 rows in the matrix was pre-processed, normalizing their values between -1 and 1. This 

operation prevents the weights to reach unnecessarily large values (9). The maximum and the 

minimum values then are stored in the network, to be used automatically for scaling new inputs when 

the network is used for classifying. 

The target matrix was built with 238 three-element vectors, thus with a dimension of 238 rows for3 

columns. Each row in the target matrix corresponds to a row in the input matrix (an epoch). Each 

three-element vector in the target matrix is constituted by one 1 element and two zero elements, with 

the 1’s element position varying for each sleep stage as: 

 W =[1, 0, 0]; 

 N1 =[0, 1, 0]; 

 N2 =[0, 0, 1]; 

After that, both the input and the target matrices were divided into three sub-matrices, to be used for 

three different processes during the training. The rows in the input matrix were randomly distributed 

into three sets; 70% of the rows were randomly assigned to the training-set, 15% to the validation set 

and 15% to the test-set. The corresponding rows in training matrix were divided into training, test and 

validation target sets.  

The training-sets are used to calculate the weights of the networks, while the other two sets have 

different functions.  

The validation-sets are used to avoid overfitting. If the network is trained for a long time sometimes it 

learns not only from the data, but also from the noise in the data, and from the outliers. Thus the 

network fits too much to the noise, without learning to generalise to all kind of inputs. This is called 

overfitting (9). 

To prevent overfitting, some input data must be spared from the training and used as a validation set; 

error on the validation sets is calculated while the network is learning. When the error on the 

validation set reaches the minimum, it is a sign that the network has optimally learned; after that, the 

error may rise again, if overfitting occurs. If the error continues increasing for a certain number of 

iterations established by the user (validation checks), the training is stopped, and the configuration of 

the network restored to the iteration where the minimum validation error was reached (19).  

However it is crucial that the training is not stopped too early by the validation checks. Therefore the 

test sets are used, to monitor the network performance. The test-sets are used to test how good the 

network is in classifying an independent set data (not used for the weights calculation or for avoiding 

overfitting). That would give an independent measure of the general network performance, expressing 

if the network has learned to generalise with different inputs (9). 
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TRAINING PROCESS 
After having divided the data in the subsets, the network was trained. The errors were calculated at 

each k iteration, and the mean squared error function (mse) was used as error measure.   

 

 
      

 

 
∑       

 

 

 
 

( 34 ) 

 
 

where t and and y represent the target and the output. The gradient was then calculated by 

differentiating the error functions, as it gives the direction along which the error decreases or 

increases most. If the error has to be minimized, then the negative gradient of the error function has to 

be used to find the local minimum (9).  

After having found the minimum error, the weights were updated. As the network is multi-layered, it is 

not possible to calculate the errors of the hidden layer directly, because there are no targets for this 

layer (the only targets available are those for the output layer). Thus; errors must firstly be calculated 

on the output layer, updating its weights, and after that the errors in the hidden layer can be calculated 

as a function of the output errors. This algorithm is called the back-propagation algorithm as the 

output errors are back-propagated to update the weights in the hidden layer (9).  

There are different training algorithms that can be used to train the neural network. The Levenberg-

Marquardt algorithm, a quasi-Newton algorithm, proved best for the training, giving the best 

performance. 

A quasi-Newton method updates the weights by computing the gradient of the error function and also 

the Hessian matrix, that contains second derivatives of the error function: 

           
      

( 35 ) 

 
where w represents the weights, H is the Hessian matrix and g the gradient of the error. Newton and 

quasi-Newton methods, in proximity of an error local minimum, converge faster than methods based 

only on the negative gradient (19). 

The Levenberg-Marquardt algorithm approximates the Hessian matrix and the gradient by calculating 

the Jacobian matrix as: 

       ( 36 ) 

 
       ( 37 ) 

 
where  J is the Jacobian matrix (containing first derivatives of the error function, thus simpler to 

calculate) and  e is the error vector. The weights are thus updated as: 

         [      ] 
          

( 38 ) 
 
 

The scalar µ is a parameter that allows regulating the algorithm; if µ is zero the algorithm behaves as a 

standard quasi-Newton method, as the Hessian matrix influences the calculation, while if large, the 
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contribution of the Hessian matrix is minimized, and the biggest role is played by the gradient. The 

value of µ is adjusted automatically each iteration. As it is preferable using quasi-Newton method in 

proximity of a local minimum, so when the mse decreases, µ is decreased as well. When the mse 

increases instead µ is increased (19). 

For training the neural network, the value of the scalar µ was 0.001. It was multiplied by 0.1 or by 10 

depending on the value of the mse at the iteration. 

EXAMINATION OF FMRI DATA   
The second part of the projects focuses on the analysis of fMRI examinations.  

Before being analysed, data were preprocessed. Preprocessing of fMRI data usually involves some 

operations, such as realignment, normalization and smoothing. Realignment corrects for movements 

of the head during different scans. It computes the rigid transformation (translation and rotation) that 

minimizes the sum of squared differences between scans, and then according to this, it realigns the 

scans. Normalization is used to correct for the differences in the brain anatomy between the subjects. 

As the brains have different sizes and shapes, they need to be normalized to allow for comparisons. 

Normalization computes an affine transformation (a rigid transformation with the possibility of 

scaling and shearing) by minimizing the sum of squared differences. The spatial smoothing is finally 

used to correct for the remaining differences not successfully corrected through normalization (28). 

The software used to accomplish these operations was the open-source SPM8 (statistical parametric 

mapping), developed by the Wellcome Trust Centre for Neuroimaging at University College London. 

After the preprocessing step, data were analysed with ICA in gift (group ICA of fMRI toolbox), an open-

source toolkit running in MATLAB, developed for group ICA of functional magnetic resonance data. 

Spatial ICA was calculated, separating spatial independent brain sources, each of them representing 

either a resting state network or sometimes noise. 

GROUP ICA 
The ICA analysis begins with the data reduction. A principal component analysis (PCA) is done on the 

fMRI data to reduce the data dimension. After this step an ICA can be run.  

Every independent component is showed along with its time course and spatial maps. Stereotactic 

coordinates indicate the brain slices (figure 21).  
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Figure 21: Example of a spatial component (visual) isolated through ICA (gift output). The time course is 

showed at the top of the spatial maps. The bar on the right indicates how strongly the component is 

activated. 

After having calculated the independent components, alias the resting state networks, they have been 

temporally sorted in gift, meaning that they have been ordered depending on how strongly they 

correlate with a certain condition. The conditions used in this project are the sleep stages. Stimuli 

and/or conditions are represented as columns in the so called design matrix, which is used in order to 

reflect the hypotheses to be tested in the study (28). The temporal sorting will be explained in the 

following paragraph.  

 

HYPOTHESES AND DESIGN MATRIX 
Among the numerous resting state networks that can be obtained with the ICA, it was decided to focus 

on the Default Mode network, the Salience network and the Attentional Network. Three hypotheses 

have been formulated about these three networks, relatively to their functional connectivity variations 

across sleep stages and the differences between healthy and narcoleptic subjects.  

The Default Mode Network (DMN)  
The DMN comprises areas such as the posterior cingulate cortex (PCC), the temporo-parietal junctions 

and the anterior cingulate cortex (ACC) (figure in the results section) (32). There are evidences 

showing that the DMN functional connectivity disrupts from wakefulness to deep sleep stages in 

healthy subjects (32) and that a decreased functional connectivity is due to sleep deprivation (33). 

Thus it is hypothesized that the DMN looks different across sleep stages and between healthy and 

narcoleptic subjects. 

Hypothesis n°1: 

1) It is expected that the DMN’s connectivity: 

a) may change in response to different sleep stages, for the healthy and the narcoleptic 

subjects. 

b) may differ between healthy and narcoleptic subjects in response to the sleep stages. 

Goals of the experiment: 

0 
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1.1. To replicate the findings about the disrupting DMN across sleep stages, using the ANN 

sleep scoring, in healthy subjects. 

1.2. To test whether the functional connectivity varies across sleep stages also in the 

narcoleptic subjects (using the ANN sleep scoring). 

1.3. To prove that the functional connectivity looks different for the narcoleptic and the 

healthy subjects across sleep stages, using the ANN sleep scoring. 

 

The Attentional Network 
There are different attentional networks, corresponding to different definition of the attentional or 

cognition processes. Generally the attentional network is thought to comprise areas such as the fronto-

temporal parietal cortex and the posterior parietal cortex (30)(figure 32-33 in the results section). 

There are evidences proving that there is a deterioration of the fronto-temporal- parietal functional 

network for narcoleptic subjects, during resting state conditions (34). Moreover the connectivity 

disruption of the fronto-parietal network, from wakefulness to deep sleep, has been showed in healthy 

subjects, with changes already visible for N1 (30). Therefore it is hypothesized that the whole 

attentional network looks different in narcolepsy, and across different sleep stages. 

 

Hypothesis n°2: 

2) It is expected that the functional connectivity of the Attentional Network: 

a) may change in response to different sleep stages, for the healthy and the narcoleptic 

subjects. 

b) may differ between healthy and narcoleptic subjects in response to the sleep stages. 

Goals of the experiment: 

2.1. To replicate the findings about the varying Attentional Network’s functional 

connectivity across sleep stages, using the ANN sleep scoring, in healthy subjects. 

2.2. Test if the functional connectivity varies across sleep stages for the narcoleptic 

subjects, using the ANN sleep scoring. 

2.3. To test if the functional connectivity looks different for the narcoleptic and the healthy 

subjects across sleep stages, using the ANN sleep scoring. 

 

The Salience Network 
The Salience network comprises the ACC and the bilateral anterior insula. There are structural 

evidences showing that in narcolepsy (with cataplexy) the thickness of the insula is reduced compared 

to healthy subjects (35) so probably there could be also a consequence in the insula functionality. 

Moreover, the insula shows an augmented metabolism (regional cerebral blood flow) in insomnia 

(36).  In insomnia the co-activation between anterior insula (AI), the ventral AI salience network, and 

the dorsal AI salience network increases, compared to healthy condition, during a “try to fall asleep” 

state, but not during resting state (31). These findings lead to hypothesize that the Salience Network 
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may change between narcoleptic and healthy subjects. Furthermore, an augmented metabolism in the 

insula during sleep compared to wakefulness (37) induces hypothesizing that the salience network 

may change between different sleep stages. 

Hypothesis n°3: 

3) It is expected that the functional connectivity of the Salience Network: 

a) may change in response to different sleep stages, for the healthy and the narcoleptic 

subjects. 

b) may differ between healthy and narcoleptic subjects in response to the sleep stages. 

Goals of the experiment: 

3.1. To test if the Salience Network’s functional connectivity varies across sleep stages, 

using the ANN sleep scoring, in healthy subjects. 

3.2. To test if the Salience Network’s functional connectivity varies across sleep stages, 

using the ANN sleep scoring, in narcoleptic subjects. 

3.3. To test if the functional connectivity differs between the narcoleptic and the healthy 

subjects, across sleep stages, using the ANN sleep scoring. 

 

 

 

THE GENERAL LINEAR MODEL 
For testing the hypotheses it is necessary to study how the components obtained from the ICA respond 

to the sleep stages, in specific; how well they correlate.  Thus it is necessary to sort the components 

according to the sleep stages. Temporal sorting allows for correlating the ICA component to the design 

conditions, where the conditions represent the sleep stages. In order to accomplish this procedure, the 

General Linear Model (GLM) has been used.  

The GLM defines the matrix containing the observation, the hemodynamic responses, in terms of a 

linear combination of variables, functions representing the design conditions, and their weights: 

 

        ( 39 ) 

 
 

Y is the matrix containing the fMRI signals, where each column represents a voxel each row represents 

one time point. G is the design matrix, containing multiple (or single) regressors, which are the 

independent variables. Regressors are built by convolving the hemodynamic response with an 

alternating box-car function, which indicates when the condition is on or off (figure 22) (38). 
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Figure 22: The boxcar function (red) and the boxcar function convolved with the hemodynamic response 

(green). The latter correlates better with the voxel signal (blue) (39). 

 
As the conditions used are the sleep stages, boxcar functions representing every sleep stage, for every 
subject, have been produced. Thus durations and onsets of the sleep stages had to be extracted from 
the EEG classification (figure 23). 
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Figure 23: Example of W boxcar function, before being convolved with the hemodynamic response 
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The coefficients multiplied by the design matrix G are contained in the matrix β, that needs to be 

estimated. The β coefficients are called weights, representing how much each regressor contributes to 

the detected signal in Y. Finally, the matrix ε contains the errors, given by non-perfect matching 

between Y and Gβ. By minimizing the sum of the squared errors ε,  β weights are estimated (35). 

For each ICA component a GLM had been solved, taking in consideration only the voxels included in 

the component, and finding the correlation value with the model design. After this step, statistics (t-

tests) on the β weights had been produced, to test the hypotheses for the three selected resting state 

networks. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



45 
 

RESULTS 

TRAINING OF THE ANN 
The ANN was trained with the parameters specified in the method section. As explained previously, 

the input matrix was built with the EEG of 13 subjects, taken from both the healthy and the narcoleptic 

groups. The input matrix was then randomly divided into training, test and validation matrices. 

The training phase ended at iteration 124, after 100 validation checks, as the error on the validation 

set then started increasing (figure 24).  

 
Figure 24: Monitoring of the error on the validation set (MATLAB output). The minimum was reached at 

the 124th iteration, and the training stopped, as for the following 100 iterations the error continued to 

increase (224 iterations). 

 

The error on the test and the training test were monitored as well (figure 25). 
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Figure 25: Mean squared error (mse) monitoring for the training, test and validation sets (MATLAB 

output). The vertical-green dotted line indicates the minimum mse in the validation set, reached at the 

124th iteration (epoch). The goal is parameter used for the early stop the training. It was set at 10-5, 

meaning that if the error on the training set would have reached this value, the training would have 

stopped. 

 

The overall performance of the network training is showed in the confusion matrices in figure 26, 

indicating that the 88.2% of the EEG epochs are correctly scored (all-confusion matrix, bottom-right). 

The top left matrix shows the performance (91.6 %) on the training set, the top right matrix shows the 

performance on the validation set (86.1%), the bottom left confusion matrix show the performance on 

the test set (75.0%), while the bottom right matrix is derived by summing up the three matrices 

results. 
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Figure 26: Confusion matrices for the training, validation and test sets. The all confusion matrix (bottom-

right corner) is given by the sum of the other three. 

 

The output/target classes indicate the sleep stages: 1 stands for W, 2 for N1 and 3 for N2. The green 

diagonal squares indicate the number of epochs that are correctly scored (when the output 

corresponds to the target), and their percentage over the total number of epochs. The red squares 

instead indicate the number of the incorrectly scored epochs and their percentage over the total 

number of epochs. The blue squares indicate the total percentage of correctly (green) and incorrectly 

(red) scored epochs. Grey squares indicate the relative percentage of correctly/incorrectly scoring, for 

each row (output classes) and column (target classes). The bigger errors occurred for N1 (see figure 

26, the all confusion matrix), with a misclassification of 21.6%.  

After the training the network was ready for the classification purpose. 
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CLASSIFICATION RESULTS 
All the EEG data have been scored by the ANN, both the 13 data sets used for the training and the 

remaining 16 that have not been used. All the EEGs have been also manually scored, in order to 

evaluate the performance and confusion matrices for all the subjects.  

Generally, the network was able to correctly classify most of the EEG. Out of 29 available EEG, 19 have 

been scored with a performance above 75% of correct classification, with a mean value reaching 

89.35%. The remaining 10 EEG classification showed a big performance variation. The majority of 

these 10 EEG were very disturbed by movement artefacts. Performances ranged from 30% to 73.7%.  

Low performances have been obtained for EEG that were not ICA pre-processed (2 of them), or for 

EEG containing lots of artefacts. The average performance of the ANN for all the 29 EEG reached 

76.36%. The performance results are showed in Table 3. The complete results are shown in Table 19, 

in the appendix C. 

Subject 
(Narcoleptic) 

Performance Subject 
(Healthy) 

Performance 

101(t) 95% 401(t) 100% 
103 57.9% 402(t) 85% 
104 50% 405(t) 75% 
105 100% 406 57.1% 
106 (t) 75% 407 30.8% 
108 70.6% 409 100% 
110 85.7% 410 100% 
111 (t) 88.9% 411 35% 
115 (t) 85% 412 90% 
201 (t) 88.2% 504 30% 
202(t) 73.7% 505(t) 95% 
203(t) 50% 506 61.9% 
204(t) 95% 507 95% 
205 85% 509(t) 75% 
206(t) 75%   

Table 3: Classification performances of the artificial neural network. Subjects are numbered from 101 to 

509.  Subjects 101 to 206 are narcoleptics, while subjects 401 to 509 are healthy. The subjects used for 

the training are marked with ( ). 

 

The highest performances have been obtained for those EEG containing only W epochs or W and N2, 

reaching around the 90-100% of correct classification (Figure 27). 
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Figure 27: Classification results for two subjects, 105 and 412. 

 

Among all sleep stages, the worst misclassification results have been obtained for sleep stage N1, 

whose epochs are likely to be classified as N2 with a percentage of 29.8% (Table 4). Better results are 

obtained for sleep stage W and for N2 especially. 

 

 W N1 N2 

W 79.2% 14.9% 4.1% 

N1 10.2% 55.3% 12.3% 

N2 10.6% 29.8% 83.6% 

 

Table 4: Classification and misclassification percentages for each sleep stage. 

 

 Epochs W N1 N2 

W 202 17 7 

N1 26 63 21 

N2 27 34 142 

Total= 245 114 170 

 

Table 5: Classification and misclassification results, in terms of number of 30-seconds epochs. 
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RESTING STATE NETWORKS 
 

By performing the ICA on the fMRI data belonging to all the subjects, it was possible to isolate 39 

distinct independent components. Many of these components represent resting state networks, as well 

as the movement of the cerebral spinal fluid, noise or artefacts. The figures depicting all the 39 

components are shown in appendix C. The resting state networks to test the hypotheses on are 

represented by component 5 and 9 (the Default Mode Network), by component 26 (the salience 

network) and by component 17 (the attentional network). Figure 28 shows two examples of 

components from the ICA analysis. Figures representing the selected resting state networks are shown 

in the following sections.  

  

Figure 28: Two ICA components. The left one represent a resting state network (vision network) and the 

right one represents the cerebro-spinal fluid  movement. 

The components were temporarily sorted by solving the GLM, thus finding the β weights. Three 

regressors, reflecting the design conditions, have been used to build the design matrix, for W, N1 and 

N2 respectively. The classification obtained from the ANN has been used to build the boxcar 

regressors. 

Components were subsequently sorted by comparing the fit regression parameters, calculated as R2 

coefficients. The order of the components, as well as the regression coefficients, is shown in table 6. 
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Component 
number 

Fit regression value 

10 0.20272146     
31 0.2005912      
33 0.18684402     
1 0.16761706     
14 0.16432784     
28 0.15477133     
26 0.13003538     
19 0.11175306    
35 0.10731864     
17 0.10684775     
27 0.10345937    
6 0.10064458    
15 0.099499672   
39 0.099264157   
25 0.090561426   
20 0.078411231   
23 0.077003385   
38 0.076940804   
32 0.07651905     
8 0.074780155   
16 0.073257673 
30 0.072928036   
2 0.068431917    
24 0.066881246   
36 0.066374667    
7 0.065941989   
12 0.065613791    
5 0.065491186    
22 0.064927411   
37 0.062674536   
9 0.061012422    
34 0.06047458    
29 0.05524561     
4 0.051235016    
3 0.049749751    
11 0.038250539    
13 0.031956191    
21 0.027949739    
18 0.02030931     

Table 6: ICA components' temporal sorting and regression values. Decreasing order. 

 

Once sorted, statistics t-tests have been done on the three components of interest, to test the previous 

hypotheses. 
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THE SALIENCE NETWORK 
 

Component 26 from the ICA analysis includes parts belonging to the so called Salience Network. This 

network is responsible for detecting the most important features of a stimulus, including emotional 

features, and for monitoring/anticipating painful stimuli. The salience network includes the anterior 

cingulate cortex (ACC) and the bilateral insula (29) (figures 29-30- 31). The highlighted areas in the 

figures are the active ones, meaning the areas that create the network (ICA component). 

 
Figure 29: The salience Network, component 26, 

Anterior cingulate cortex (ACC). 

 
Figure 30: The Salience network, component  

26, bilateral insula. 
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Figure 31: The Salience Network, transversal planes. The stereotactics coordinates indicate the brain 
slice. The colorbars indicate the positive (red) and negative (Blue) correlation maps, calculated by z 

scores. 

 

To test the significance of the component with the respect to the regressors, statistics on the β weights 

have been produced. T-tests have been calculated for the overall group and for the subgroups of the 

healthy and narcoleptic subjects. Two-sample t-test has been calculated to compare the narcoleptic 

with the healthy subjects, referring to each regressor. The results are showed in the following tables. 

 

One Sample t-tests 
 

 All subjects Narcolepsy group Healthy group 

 p-value T-value p-value T-value p-value T-value 

W 0.85938591    -0.17873848 0.17864207      -1.41102 0.71504366   0.37315959 

N1 0.7854401   0.27477121 0.092384993     -1.7976718   0.38888842    0.89145241 

N2 0.84946165   -0.1915087 0.0049437184     -3.2915602    0.68598238   0.41349706 
Table 7: T-test for the all subjects, Narcolepsy and Healthy group. 
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Two-samples T-test 
 

 Healthy vs Narcolepsy group 

 p-value T-value 

W 0.39587611    -0.86224792 

N1 0.16164073    -1.437563 

N2 0.32771578   -0.99613501   

Table 8: Two samples T-test, healthy vs Narcolepsy group. 

The significance threshold chosen for the t-tests is a p-value of 0.05 (above the threshold the t-test is 

considered non-significant), meaning that the probability of obtaining such result by chance is lower 

than 5 %. In this case the null hypothesis, stating that no difference is observed between the observed 

group and the reference population, is rejected. For the salience network however p-values did not 

allow to reject the null hypothesis. The better significance is obtained for the narcolepsy group, as the 

network showed a changing functional connectivity as the sleep stage changed. It is worth noticing 

that not being able to reject the null hypothesis does not mean that there is no difference between the 

sample and the population, but only that further tests are needed to prove that.  

Cohen’s d test 
For the comparison between the healthy and narcoleptic group the Cohen’s d test has been conducted, 

to calculate the effect size. This test helps to assess the strength of the phenomenon, and could be 

useful to decide whether further tests could give interesting results. The Cohen’s d value is given as: 

 
          

  

√    
 

 

 
( 32 ) 

 

where t is the t-test and df the degree of freedom (in this case the number of the subjects -2). The effect 

size is defined small for the coefficient |d|<0.2, medium for 0.2<|d|<0.8, and large for |d|>0.8.  

 

 

Sleep Stage Cohen’s d 

W -0.3258 

N1 -0.5433 

N2 -0.3765 

Table 9:Cohen’s d values, healthy vs narcolepsy group. 

 

The Cohen’s d test suggests that there could be an effect, in this case a difference in the functional 

connectivity of the network between the two groups, as the d coefficients show that a medium effect is 

present.  
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THE ATTENTIONAL NETWORK 
 

Component 17 from the ICA analysis includes parts of the Attentional Network. This network is 

responsible for tasks such as reasoning, visual spatial processing, calculation and attentional control 

(40), and includes the dorsolateral prefrontal and posterior parietal cortex (Figures 32-33). 

 

 

Figure 32: The attentional network, 
component 17, dorsolateral prefrontal 

cortex. 

 

Figure 33: The attentional network, 
component 17, Posterior parietal cortex. 
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Figure 34: The attentional network, transversal planes. 

 

 

One Sample t-tests 
 

 

 All subjects Narcolepsy group Healthy group 

 p-value T-value p-value T-value p-value T-value 

W 0.50866271     0.66919713 0.050851628     2.1225089   0.45408692  -0.77170895 

N1 0.86625003   0.16992368 0.027913755      2.433824     0.492062  -0.70697316 

N2 0.96378679  0.045795961 0.13242429      1.5911597   0.60244155  -0.53386959 
Table 10: T-test for the all subjects, the narcolepsy and the healthy group. 

 

As the p-values calculated show significance only for the narcoleptic group.  In this group the 

attentional network showed to change functional connectivity in response to W and N1 stages, but not 

to N2. 
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Two-samples T-test 

 

 Healthy vs Narcolepsy group 

 p-value T-value 

W 0.071536734       1.873048 

N1 0.14594152    1.4956129 

N2 0.30279269    1.0497876 

Table 11: Two samples T-test, healthy vs Narcolepsy group. 

 

The two samples t-test revealed that the network behaves slightly differently between the narcoleptic 

and the healthy subjects, but only for the W stage. To evaluate the effect size for the comparison 

between the two groups, results on the Cohen's d test were calculated. 

Cohen’s d test 
  

 Cohen’s d 

W 0.7079 

N1 0.5652 

N2 0.3967 

Table 12:Cohen’s d values, healthy vs Narcolepsy group. 

 

The Cohen’s d test showed a medium-large effect for the sleep stages, especially for W and N1. These 

results suggest that further tests could succeed in detecting a significant difference. 
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THE DEFAULT MODE NETWORK 
 

Component 5 and component 9 from the ICA includes parts belonging to the DMN. Component 5 

shows large activations for the posterior areas and precuneus, while the anterior areas, such as the 

ACC and frontal medial cortices are more visible in component 9. 

 

 
Figure 35: The Default Mode 

Network, Component 5, posterior 
cingulate cortex (PCC) and 

precuneus. 

 

 
Figure 36: The Default Mode 

Network, Component 5, 
temporoparietal junctions. 

 

 
Figure 37: The Default Mode 
Network, Component 5, the 

anterior cingulate cortex (ACC). 
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 Figure 38: The Default Mode Network, component 

9, ACC ,and prefrontal medial areas. 
 

 
Figure 39: the Default Mode Network, component 

9, posterior cingulate cortex (PCC) and precuneus . 

 

 

Figure 40: The Default Mode Network, component 
5. Positive and negative activations are shown. 

 

Figure 41: The Default Mode Network, component 
9. Positive and negative activations are shown. 
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One Sample t-tests 
 

 All subjects Narcolepsy group Healthy group 

 p-value T-value p-value T-value p-value T-value 

W 0.048265486     2.0620364   0.037890985     2.2766935  0.56050452     0.597397 

N1 0.31595541    1.0204448 0.20673912     1.3196516 0.96500795  -0.04472278 

N2 0.91699443   0.10513257 0.8276837    -0.22150862 0.7887648   0.27350147   
Table 13: Component 5, T-test for the all subjects, the narcolepsy and the healthy group. 

 

 

 All subjects Narcolepsy group Healthy group 

 p-value T-value p-value T-value p-value T-value 

W 0.08652165      1.7742552   0.030862271     2.3824911   0.94232927  0.073753527 

N1 0.10388815    1.6790444 0.055222372     2.0786878     0.84513222   -0.19927298 

N2 0.58187967     0.55688358 0.15500262      1.4975251    0.074756105   -1.9372069   
Table 14: Component 9, t-test for the all subjects, the narcolepsy and healthy group. 

The t-tests for the all-subjects group showed significance only for stage W, in component 5. 

Component 9 W was just below the significance level. For the narcoleptic group the t-test was 

significant for the stage W in both the component, and just below significance for component 9 in stage 

N1. The healthy group’s t-test proved almost significant only for stage N2 in component 9. 

 

Two-samples T-test 

 

 Healthy vs Narcolepsy group 

 p-value T-value 

W 0.27228926      1.1198566 

N1   0.32149151    1.0092624 

N2 0.72256064   -0.35863172   
Table 15: Component 5, Two samples T-test, 

healthy vs Narcolepsy group. 

 

 Healthy vs Narcolepsy group 

 p-value T-value 

W 0.11961639      1.6054476 

N1 0.079834675    1.8176445   

N2 0.043607789    2.1134045   
Table 16: Component 9, Two samples T-test, 

healthy vs Narcolepsy group. 

 
 

The p-values for component 5 are not significant, so the null hypothesis could not be rejected. For 

component 9, the null hypothesis can be partially rejected as the network showed to change functional 

connectivity in response to N2, but not to W and N1.  

 

 

 



61 
 

Cohen’s d test 
 

 
Sleep Stage Cohen’s d 

W 0.4232 

N1 0.3814 

N2 -0.1355 

Table 17: Component 5, Cohen’s d values, healthy 
vs Narcolepsy group. 

 

 
Sleep Stage Cohen’s d 

W 0.6068 

N1 0.6870 

N2 0.7987 

Table 18: Component 9, Cohen’s d values, healthy 
vs Narcolepsy group. 

 
 

 The Cohen’s d test showed a small-medium effect for component 5, while for component 9 a medium-

large effect. These results suggest that further tests could succeed in rejecting the null hypothesis. 
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DISCUSSION 

EEG CLASSIFICATION 
The ANN has shown varying performance in relation to different sleep stages. The best performance 

(83.6%) has been reached for N2. During N2 the subjects are deeply asleep and are therefore less 

likely to move their body. Thus the incidence of movement artefacts is lower compared to the other 

stages, and the N2 epochs result to be more similar. The homogeneity of N2 epochs in the data set 

played an important role in the ANN performance for classifying this stage.  Moreover a bigger amount 

of N2 epochs (114) have been used for the training, compared to W (51) and N1 (73), so that the 

network has been trained more for this stage. As explained before it was not possible to include more 

W and N1 epochs because the relative EEG data were not clean enough.  

The worst classification performance (55.3%) has been obtained for stage N1. It was expected to 

obtain the worst classification for N1, as the training produced the worst performance for this stage 

(figure 26 in the results section). The low performance could be ascribed to different causes. One 

reason could be a possible overfitting of the N1 data during the training, so that the network has not 

learned to generalize. However this does not seem to be the case because the training was stopped as 

the error on the validation set started to increase, after having reached the minimum. The 

performance obtained with the test-set, 75.0% in classifying the three sleep stages,  is lower compared 

to the performances calculated with the training and validation sets, especially for stage N1 (60.0% on 

the test-set versus 81.8% on the training and 77.8% on the validation sets). Unfortunately the limited 

size of the test and validation sets used during the training (36 epochs each), makes the inferences 

about a possible occurred overfitting not possible to be made.  

If overfitting is excluded, the discrepancy between the test/training and validation performances could 

be interpreted as an inhomogeneity in N1 data, meaning that N1 epochs do not show similar frequency 

characteristics. The wavelet analysis of the epochs that have been manually scored as N1, confirms this 

hypothesis, because these epochs show large variability in the energy values of the frequency bands. 

The frequency inhomogeneity observed in N1 epochs can be due to the definition of N1 used for the 

manual scoring. The AASM rules for scoring N1 stages require that the alpha rhythm attenuates and is 

substituted by low-amplitude mixed frequency activity (11). The “mixed frequency activity” is not a 

precise definition, and could explain the variability noticed in the N1 frequency features. Moreover the 

criteria for scoring N1 have been recently criticised by members of the AASM itself, authors of “The 

American Academy of sleep Medicine Inter-scorer Reliability Program” (10). The results of this study 

have been previously reported in Table 1, and show that the lower agreement between scorers was 

obtained for N1, thus indicating a possible difficulty in N1 recognition and/or definition. The authors 

of this study propose indeed a possible solution for avoiding such disagreement by changing the 

definition of N1 (10).   

Whether the reason accounting for the low N1 performance is overfitting or inhomogeneity in N1 data, 

the solution for improving the performance would be increasing the amount of data to train the 

network with. A larger data set would allow the network to learn all the possible N1 configurations, as 

well as checking if overfitting occurs.  

It could also be the case that the manual scoring was not entirely correct, especially for N1, or was not 

based on the solely frequency analysis. The wavelet analysis has shown that some epochs, which have 

been manually scored as N1, show frequency patterns that typically appear in the manually scored W 

epochs instead. The manual scoring is the golden standard, but however there is no way to check its 
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correctness other than trusting the scorer opinion. The method has a strong subjective component, 

and this is one of the main disadvantages of the manual scoring compared to automatic methods. Thus, 

the presumed incoherency could account for the performance variability observed in the automatic 

scoring for N1 epochs. Generally the manual scoring of N1, which marks the boundary between 

wakefulness and sleep, entails some difficulties. A study showed that the intra-scorer reliability (the 

opinion of the same scorer asked more than once about the same data set) for N1 could range between 

18-42% (47). In addition, N1 could look different for a small percentage of population (10-20%) that 

produce little or no alpha rhythm. These subjects are thought to possibly account for the low intra-

scorer reliability about N1, as N1 epochs can be mistaken for other sleep stages with little alpha 

activity. These reasons pushed the experts to suggest new criteria for defining the boundary between 

wakefulness and sleep, by introducing new intermediate sleep stages between W and N1(42). 

The opinion of more than one scorer would certainly help in getting a better insight about the 

frequency features describing N1, thus allowing for a better training and classification performance of 

the network. In this way, using the ANN as classifier would allow for achieving greater reliability than 

manual scoring. 

For the sleep stage W the performance of the ANN reached 79.2%, which could presumably be 

improved by increasing the number of W epochs used for the training. However it is important to 

remove as many artefacts as possible from the W epochs before the classification, because movement 

could sometimes be interpreted as low frequency waves, which leads to misclassify the W epochs as 

N2. 

Among all the brain rhythms, the alpha activity is the most important for scoring the W epochs, but it 

is also very variable between individuals. It has been proved that the alpha power is positively 

correlated with the IQ and with the brain grey and white matter volume (43). So the W epochs for 

these subjects could show different features. Moreover alpha power changes are age-correlated (48), 

and this could also be taken into consideration for explaining W misclassifications, as the subjects 

involved in the study ranged in ages, from 12 to 20 years old. 

The average classification performance showed no remarkable differences between the narcoleptic 

and healthy group, being 79% for the first and 73, 56% for the second. Probably the slightly better 

result is due to the bigger amount of N2 sleep for the narcolepsy group (122 vs 65 epochs). 

As mentioned in the results section two of the EEG, number 103 and 104, have not been ICA processed, 

and this could account for the low classification performances, as they may look different from the rest 

of the data. Many of the other EEG were affected by movement artefacts that was not possible to 

correct for. Some of these artefacts appear as slow-frequency high-amplitudes waves that could be 

misclassified as slow rhythms, like theta and delta activities, leading to misclassifying W stages as N1 

or N2. 

Nevertheless, the ANN proved to be successful in classifying most of the EEG. The classification 

process is definitely faster than the visual inspection, and can be as much accurate for those EEG that 

are not impaired by artefacts. If the method is used along with the manual scoring, it certainly can help 

to overcome the possible indecisions of the scorer.  
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RESTING STATE NETWORKS 
The functional connectivity in the brain is defined as the temporal correlation of neuron activity 

belonging to separated structural areas. These areas are thus functionally interconnected, and can be 

grouped into different neural networks, which are related to specific functions, such as attentional 

process, vision or detection of salient stimuli (44).  

The DMN is a resting state network that is active when the brain is not engaged in any external task, 

but rather engages in internal tasks, such as the retrieval of memories, future planning or day 

dreaming (3). It is interesting to see how this network is anti-correlated to the attentional network, as 

it is shown in figure 42. 

  

Figure 42: The Default Mode Network and the attentional network, ICA component 5 and 17. Dorsolater 

prefrontal cortices show positive correlation in the attentional network and negative correlation in the 

Default Mode Network (coordinate from Z=45 to Z=57), suggesting that these networks are 

anticorrelated. 

 

The DMN is divided in two ICA components, 5 and 9. The t-tests gave significant results for stage W for 

the total group (component 5) and for the narcoleptic group. The healthy group’s t-test yielded almost 

significant results only for stage N2 in component 9. The difference in functional connectivity between 

the two groups proved to be significant only for component 9, in response to N2 onsets. 
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Hypothesis n°1 states that the DMN changes functional connectivity across sleep stages and between 

narcoleptic and healthy subjects. It was not possible to replicate successfully the findings about the 

disrupting functional connectivity in healthy subjects, so goal 1.1 was not reached. Despite that, an 

interesting finding is that the DMN in the narcoleptic group proved to change its functional 

connectivity at W onsets for both the components, and at N1 onsets for component 9 (the p-value was 

just below significance). Thus goal 1.2 was partially reached.  The obtained p-values are encouraging, 

and new experiments, involving more subjects, could prove successful. Goal 1.3 can be considered 

partially reached, as component 9 proved to change functional connectivity between narcoleptic and 

healthy subject in response to N2 onsets, and, just below significance, to N1 onsets. The Cohen’s d test 

encourages for additional tests, especially for component 9 that showed a large-medium effect. 

According to hypothesis n°2 it is expected that the Attentional Network’s connectivity may vary 

between healthy and narcoleptic subjects across sleep stages. It was not possible to reach goal 2.1 as 

the p-values for the healthy subjects were below the chosen significance threshold. The attentional 

network showed significant variations in its functional connectivity only in the narcoleptic subjects, 

for W and N1, however not in N2. Therefore, goal 2.2 can be considered partially reached. It could be 

case that the non-significance in N2 data is due to non-favourable experimental conditions, like the 

small group size, and the noisy data. The comparison between healthy and narcoleptic subject 

highlights an almost significant difference only for W stage. Goal 2.3 cannot be considered reached, 

but the p-value for W stages, along with the Cohen’s d test indicates that additional experiments, with 

a larger data set, could yield successful results.   

The detection of salient stimuli activates the salience network, and according to hypothesis n°3, it is 

expected that its functional connectivity changes across sleep stages and between healthy and 

narcoleptic subjects.  However the t-tests for the healthy group produced no significant results, as the 

p-values were bigger than the chosen significance threshold of 0.05. Goal 3.1 was not reached. Only in 

the narcoleptic group, the p-value for N2 is significant, meaning that at every N2 onset the network 

shows changing functional connectivity. Further test would be needed to assess whether the 

functional connectivity increases or decreases. Thus, goal 3.2 can be considered partially reached. The 

Cohen’s d values show that a medium effect is present in the comparison between healthy and 

narcoleptic subjects, and indicate further tests to verify the hypothesis. However, goal 3.3 cannot be 

considered reached.  

Generally, it was not possible to replicate the results showed in other studies (30) (32) for the healthy 

subjects, about the varying functional connectivity in the attentional network and DMN, across sleep 

stages. It was not possible also to validate the hypothesis about the varying salience network 

configuration, in healthy subjects. This could be due to the lack of data. Also, as healthy subjects 

showed more awake epochs than N1 and N2, their data were more affected by movement artefacts, 

compared to narcoleptic subjects.  

The t-tests have proved to be significant for the narcoleptic group, and the hypotheses about the 

functional connectivity variation across sleep stage, for the three resting state networks, can be 

considered partially verified. These results suggest that in narcoleptic subjects the resting state 

networks behave in the same way as they do in healthy subjects (30) (32). However further tests are 

needed to state whether the functional connectivity increases or decreases across sleep stages. 

Narcoleptic subjects had more N2 sleep, so their fMRI data were cleaner (less affected by movement 

artefacts), compared to the healthy group. 
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The comparison between the narcoleptic and healthy group shows that there is a difference in the 

DMN functional connectivity at N2 onsets, and N1 (just below significance). It was shown the DMN 

connectivity changes in response to sleep deprivation (33), and as narcoleptic subjects usually 

experience disrupted night sleep and consequent sleep deprivation (41), it was hypothesized to find 

differences between the healthy and narcoleptic group. The hypothesis has been verified for N1 and 

N2, and the 2 samples t-test non significance for W epochs is probably due to noise in the data 

(artefacts). Regarding the attentional network, the 2 samples t-test shows that the network 

connectivity changes at W onsets (just below significance). The significant results obtained for W 

epochs suggest that there is truly a difference in the connectivity between healthy and narcoleptic 

subjects, confirming the findings from another study (34). Unfortunately it was not possible to prove 

this difference for the other sleep stages. 

It was expected that the some t-tests could have proved to be not significant. The main reason is that 

fMRI data set was rather noisy and that more subjects would be needed to obtain stronger correlation 

values of the resting state networks. Another reason for the non-significant t-tests is that 30-seconds 

epochs used as unit of measure of the regressors are very long and heterogeneous, so it is less likely 

that the brain functional connectivity could respond to such artificial blocks. Inside a 30-seconds 

epoch for example, the subject is maybe awake for 20 seconds and drowsy for the remaining 10, but 

the epoch as a whole is classified as W. Probably the functional connectivity would have been different 

between the 20 and the 10 seconds interval, but convolving the component time course with the 30 

seconds epoch does not allow to see this difference. Creating smaller epochs, like 5 seconds or 1 

second epochs could allow for a more accurate analysis, but then defining sleep stages at such time 

intervals would contrast with the definition given by the AASM. 
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CONCLUSION 
An ANN has been coded for the automatic sleep classification. A wavelet filter bank has been used, in 

order to extract the features of interest from the EEG data, as the frequency bands that are necessary 

to distinguish the main brain rhythms. In addition to these frequency bands, other features have been 

calculated as bands combinations, in order to maximize the differences between sleep stages. Once all 

the features have been calculated they have been used as inputs of the ANN. The network has been 

trained by using part of the available EEG data and finally used as a sleep stage classifier. 

After having obtained the sleep classification, sleep stages have been used to epoch the fMRI data. By 

performing the ICA, 39 independent components have been obtained, including resting state networks 

like the salience network, the attentional network and the DMN. Statistic tests have been performed on 

those three networks to verify the hypotheses. 

The salience network for the narcoleptic group showed to change its functional connectivity in 

response to every N2 onset. The Cohen’s d test suggests that there could be a difference in the 

functional connectivity between the healthy and narcoleptic group, as the d coefficients indicate a 

medium effect. The attentional network showed significant variations in its functional connectivity in 

narcoleptic subjects, for W and N1. The non-significant result in N2 is probably due to non-favourable 

experimental conditions, like the small group size and the noisy data. The Cohen’s d test showed 

medium-large effects in the comparison between the healthy and the narcoleptic group, especially for 

W and N1. The t-tests for the DMN gave significant results for stage W for the total group (component 

5) and for the narcoleptic group (both component5 and 9). The difference in functional connectivity 

between the two groups proved to be significant only for component 9, in response to N2 onsets. The 

Cohen’s d test showed that a large-medium effect is present for component 9. For the narcoleptic 

subjects these finding on resting state network connectivity showed to be interesting and promising. 

The networks proved to change their functional connectivity in response to certain sleep stages, and 

further experiments would be needed to investigate the connectivity for this group of subjects more in 

depth. 

In order to obtain more significant tests, and verify the hypotheses, a larger and cleaner data set would 

be needed. Moreover using shorter time intervals for epoching the fMRI data could yield better results, 

as 30-seconds epochs used as unit of measure of the regressors can be too long and heterogeneous to 

detect variation in the functional connectivity of the resting state networks. 

The ANN proved to be functional in classifying the EEG, and could be used as a valid aid in sleep 

scoring of EEG data recorded inside the MR scanner. Seven new extra features have been calculated 

from the energies yielded by the filter bank, and have been selected as markers to discriminate the 

sleep stages.  These features subsequently became inputs of the ANN. The performance on the training 

set reached 91.4% of correct classification, which is comparable with the performances obtained by 

other studies (8) (6), employing similar methods (97.5% and 93.0% respectively), which have used 

much larger data sets for the training (800 and 5779 epochs respectively vs 238 of the SANDMANs). 

The overall training performance, including test and validation sets, reached the 88.2%.  After the 

training, the network has been used for classifying the entire data set, reaching a performance of 

83.6% for N2 and 79.2% for W. 

In order to improve the ANN performance more data would be needed. As the available data set 

contained lots of movement artefacts many W and N1epochs have been discarded and not used for the 

training. Including more subjects in the study would solve this problem and allowing them to sleep for 
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a longer time would also allow for getting enough REM and N3 epochs to train the network on. It was 

not possible to complement with data from the Physionet Sleep Database (45), since SANDMANs data 

is not comparable to those data sets. SANDMANs data has particular features due to recording in an 

MR scanner and the specific EEG equipment.  

Other strategies have been tried to increase the ANN performance, like creating a bank of parallel 

neural networks and averaging their classification results, but they have not been implemented as 

they did not yield better results. 

Out of the 64 available electrodes used for the EEG recording, the occipital-medial Oz has been 

selected, after having analysed also the central-medial Cz and the frontal-medial Fz. Other electrodes 

recordings could be examined to see if they show differences between sleep stages. In this case it 

would be possible to increase the inputs of the ANN, probably increasing its classification 

performance.     

The ANN has been “modelled” onto the judgment of a single person. Decision making is a difficult task 

per se, and as no objective criteria has been directly “translated” from the AASM guidelines to the 

neural network (only the frequencies of the main brain rhythms), the network has learned to mimic 

one single person decisions. The opinion of different scorers would have certainly helped to get a more 

objective classification, especially for those sleep stages that are difficult to score, such as N1.  

Despite those issues the method can be readily used as a valid aid for a quick assessment of sleep 

stages, helping the scorer in his or her decision making. The method, in particular the neural network, 

is capable of further improvements and adjustments (especially if more data will be available) and can 

be used in future studies that involve simultaneous recording of EEG and fMRI data. The classification 

obtained by the ANN can help overcoming the disagreements between different scorers, especially if it 

will be further trained with the manual scoring of different technicians. Furthermore, the method can 

also be applied for scoring shorter epochs if needed, which could be more compatible with the study of 

brain activity microstates, on a milliseconds timescale (46), another research branch of the 

SANDMAN’s research group. 
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APPENDICES 

APPENDIX A: EEG PROCESSING AND WAVELET PACKET DECOMPOSITION 
%Read the edf files (EEG) with edfread 

 

[hd, rd]=edfread('name_of_the_file.edf'); 

 

fs=250; %set the sampling frequency 

  

%% 

EEG=rd(18,:);% set the EEG channel, check the vector hd for it. Usually 

Oz is the 18th. Fz is the 15th. Cz is 16.  

 

Ln=length(rd(18, :)); % length of the signal 

t=(0:Ln-1)/fs;  %time vector 

  

%% not needed but useful 

figure(1); 

plot(t./60, EEG); 

xlabel('Time (minutes)');   

ylabel('Amplitude EEG uV');%display the EGG vs time in seconds 

  

  

%% 

% Build a matrix with 30 seconds epoch. The last one that can be less of 

30 seconds 

nse= number_of_seconds ; %the number of second at the beginning of the 

epoch (the first epoch) that must be excluded because of the MRI trigger 

at the beginning. Substitute! 

EG=EEG(nse*fs+1:end); 

Lne=length(EG); 

tt=(0:Lne-1)/fs;   

ne=floor(Lne/fs/30); %find number of possible 30-seconds epochs 

EE=EG(1:fs*ne*30); % take part of the EEG, without the last epoch 

EPO=reshape(EE,30*fs,[]); %reshape in30 secs epochs 

  

EPO=EPO'; 

sz=size(EG((fs*ne*30)+1:end),2); 

lastEP=padarray(EG((fs*ne*30)+1:end)',(fs*30)-sz, 'post'); %add zeros at 

the end of the epoch to fill the void. 

EPO(ne+1,:)=lastEP'; 

to=(0:length(EPO(1,:))-1)./fs; %check if the epoching is correct 

 %%figures to understand the process, not needed 

% figure; 

% subplot(2,1,1) 

% plot(to,EPO(1,:)); %plot the first 30-sec epoch 

% subplot(2,1,2); 

% plot(tt, EG); 

% axis([0 30 -60 60]); 

%  

% figure; 

% plot(to, EPO(20,:)); %plot the 20th epoch 

  

 

%% Reshape Ep 1 sec 
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%Now let's divide the EEG into 1 second intervals for removing the 

artefacts 

  

intl=1; %decide the intervals length in seconds (1) 

EP=reshape(EPO',intl*fs, [] );  % for a generic EEG EP=reshape(EEG,number 

seconds*fs, []); 

EP=EP'; 

te=(0:length(EP(1, :))-1)/fs; 

  

% figure; 

% subplot(211); 

% plot(te,EP(2,:)); 

% subplot(212); 

% plot(to,EPO(1,:)); 

% axis([1 2 -20 20]); 

  

  

%% Automatic artifact remotion.  

  

epo_sz=size(EPO,1); 

EP1=EP; 

  

for f=1:epo_sz 

    

for k=1:30 

Ep=EP(((f-1)*30)+k,: );% CHOOSE THE EP TO ANALYZE 

  

Energy(k,:)=max(abs(Ep)); 

end;  

 mean_Et=mean(abs(EG)); %Mean value of of the 1 sec epochs included in a 

bigger 30 s epoch 

th=9* mean_Et; % threshold. If you are not happy with the result try to 

change the value of the threshold 

r=find(Energy > th); 

  

EP1(((f-1)*30)+r,:)=zeros; 

% clear r; 

end; 

  

EPO1=reshape(EP1', 30*fs,[]); 

EPO1=EPO1'; 

 

%% Check if the removal of artifacts works, up to 20 figures 

for k=1:size(EPO,1) 

    figure; 

    subplot(211); 

    plot(to,EPO(k,:)); 

    xlabel ('time sec'); 

    ylabel(' Amplitude'); 

    title('Epoch with artifact'); 

     

    subplot(212); 

    plot(to,EPO1(k,:)); 

     xlabel ('time sec'); 

    ylabel(' Amplitude'); 
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    title('Epoch without artifact'); 

end; 

  

%% manual removal 

si=13 ; %initial second (excluded), example 13
th
 second 

sf=14;%final second (included), example 14
th
 second 

EPO1(PUT THE NUMBER OF THE EPOCH, (si-1)*fs:sf*fs)=zeros; 

  

  

figure; 

plot(to,EPO1(PUT THE NUMBER OF THE EPOCH,:)); 

  

%% if you are satisfied with the artefacts removal go on 

  

EPO=EPO1; 

%otherwise change the threshold! 

%% Removal of zero 1-seconds Epochs, due to the artifacts. The resulting 

30 seconds Epochs thus can be shorter than 30 seconds. 

for k=1:size(EPO,1); 

    Epp=EPO(k,:); 

  Epp=reshape(Epp',[],30); 

  Epp=Epp'; 

 Epp( ~any(Epp,2), : ) = [];  %delete all zeros rows 

  

EPOCH{k}=reshape(Epp',[],1); 

EPOCH{k}=EPOCH{k}'; 

Lnt(1,k)=length(EPOCH{k}); 

Lnt(2,k)=(Lnt(1,k)-1)/fs; 

Time{k}=(0:Lnt(1,k)-1)/fs; 

  

end; 

  

%% Filter Bank for the 30 seconds EPOCHS 

epochs=size(EPO,1); 

for k=1:epochs 

Ep=EPOCH{k};% CHOOSE THE EP TO ANALYZE 

level = 7; 

dwtmode('zpd'); 

wpt = wpdec(Ep,level,'db8'); %calculate the wavelet packet tree 

 % 

  

 

 wpt= wpjoin(wpt,[2;8;4;32;34 ;67; 64]); %these nodes do not need to be 

decompose 

 

%Beta / 15.63 - 31.25 Hz  

C8=wpcoef(wpt,8); 

  

%Splindles 12.6 Hz to 15.6 

C67=wpcoef(wpt,67); 

C138=wpcoef(wpt,138); 

  

%alpha 7.8 to 12.7 Hz 

C34=wpcoef(wpt,34); 

C137=wpcoef(wpt,137); 
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%Theta 3.9 to 7.8 Hz 

C32=wpcoef(wpt,32); 

  

  

%Deltas 

C64=wpcoef(wpt,64); %1.95-3.9 Delta+ K complex 

  

C128=wpcoef(wpt,128); %D1 0.97-1.95 

  

% Energies of the subbands 

  

  

E = sum(abs(Ep).^2); 

  

E2=(sum(abs(wpcoef(wpt,2)).^2)); % 

E4=(sum(abs(wpcoef(wpt,4)).^2)); % 

  

  

E8=sum(abs(C8).^2); 

E32=sum(abs(C32).^2); 

E34=sum(abs(C34).^2); 

  

E137=sum(abs(C137).^2); 

E64=sum(abs(C64).^2); 

E128=sum(abs(C128).^2); 

E67=sum(abs(C67).^2); 

E138=sum(abs(C138).^2); 

  

E127=sum(abs(wpcoef(wpt,127).^2)); 

  

 

  

B=E8; %Beta 

Sp=E138+E67; %Spindles  

A=E34+E137; %Alpha  

Th=E32; %Theta 

DK=E64; %Delta+ K complex 

D=E128; %Delta  

  

% %Special energies in order to distinguish sleep stages 

 Et= E8+E32+E34+E67+E64+E128+E137+E138; 

% %  

%  

  

Energy2(k,:)=[ Et B Sp A Th DK D]; 

  

end; 
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APPENDIX B: THE ARTIFICIAL NEURAL NETWORK 
% Solve a Pattern Recognition Problem with a Neural Network 

% Script generated by Neural Pattern Recognition app 

% Created Fri May 02 10:22:51 CEST 2014 

% 

% This script assumes these variables are defined: 

% 

%   Energy_Sandman - input data. 

%   Target_Sandman - target data. 

  

x = Energy_Sandman; 

t = Target_Sandman; 

  

% Create a Pattern Recognition Network 

hiddenLayerSize =10; 

net = patternnet(hiddenLayerSize); 

  

% Choose Input and Output Pre/Post-Processing Functions 

% For a list of all processing functions type: help nnprocess 

net.input.processFcns = {'removeconstantrows','mapminmax'}; 

net.output.processFcns = {'removeconstantrows','mapminmax'}; 

  

  

  

%% 

net = init(net); %reinitialise the weight to retrain the network 

  

% Setup Division of Data for Training, Validation, Testing 

% For a list of all data division functions type: help nndivide 

net.divideFcn = 'dividerand';  % Divide data randomly 

net.divideMode = 'sample';  % Divide up every sample 

net.divideParam.trainRatio = 60/100; 

net.divideParam.valRatio = 20/100; 

net.divideParam.testRatio = 20/100; 

  

% For help on training function 'trainscg' type: help trainscg 

% For a list of all training functions type: help nntrain 

  

% net.trainFcn = 'trainscg';  % Scaled conjugate gradient 

net.trainFcn = 'trainlm';  % LevenM trining 

  

% Choose a Performance Function 

% For a list of all performance functions type: help nnperformance 

net.performFcn = 'mse';  % mean squared error 

net.trainParam.goal = 1e-5; % performance< goals stops the training 

net.trainParam.epochs=50000; 

net.trainParam.max_fail=100; %number of validation checks 

net.trainParam.min_grad=1e-11; %value of the gradient 

% Choose Plot Functions 

% For a list of all plot functions type: help nnplot 

net.plotFcns = {'plotperform','plottrainstate','ploterrhist', ... 

  'plotregression', 'plotfit', 'plotconfusion'}; 

  

% Train the Network 

[net,tr] = train(net,x,t); 
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% Test the Network 

y = net(x); 

e = gsubtract(t,y); 

tind = vec2ind(t); 

yind = vec2ind(y); 

percentErrors = sum(tind ~= yind)/numel(tind); 

% performance = perform(net,t,y) 

  

% Recalculate Training, Validation and Test Performance 

trainTargets = t .* tr.trainMask{1}; 

valTargets = t  .* tr.valMask{1}; 

testTargets = t  .* tr.testMask{1}; 

  

  

trainPerformance = perform(net,trainTargets,y) 

valPerformance = perform(net,valTargets,y) 

testPerformance = perform(net,testTargets,y) 

performance = perform(net,t,y) 

  

% View the Network 

% view(net) 

  

% Plots 

% Uncomment these lines to enable various plots. 

% figure, plotperform(tr) 

% figure, plottrainstate(tr) 

% figure, plotconfusion(t,y) 

% figure, plotroc(t,y) 

% figure, ploterrhist(e) 

  

% figure, plotconfusion(t,y)%all confusion matrix 

% title('All Confusion Matrix'); 

% figure, plotconfusion(t(:,tr.testInd),y(:,tr.testInd))%confusion test 

matrix 

% title('Test Confusion Matrix'); 

% figure, plotconfusion(t(:,tr.valInd),y(:,tr.valInd)) %validation 

confusion matrix 

% title('Validation Confusion Matrix'); 

% figure, plotconfusion(t(:,tr.trainInd),y(:,tr.trainInd)) ;%training 

confusion matrix 

% title('Training Confusion Matrix'); 

  

% Deployment 

% Change the (false) values to (true) to enable the following code 

blocks. 

if (false) 

  % Generate MATLAB function for neural network for application 

deployment 

  % in MATLAB scripts or with MATLAB Compiler and Builder tools, or 

simply 

  % to examine the calculations your trained neural network performs. 

  genFunction(net,'myNeuralNetworkFunction'); 

  y = myNeuralNetworkFunction(x); 

end 
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if (false) 

  % Generate a matrix-only MATLAB function for neural network code 

  % generation with MATLAB Coder tools. 

  genFunction(net,'myNeuralNetworkFunction','MatrixOnly','yes'); 

  y = myNeuralNetworkFunction(x); 

end 

if (false) 

  % Generate a Simulink diagram for simulation or deployment with. 

  % Simulink Coder tools. 

  gensim(net); 

end 
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APPENDIX C: CLASSIFICATION RESULTS 
Subject 101(t) 103 104 105 

Classification Manual ANN Manual ANN Manual ANN Manual ANN 
 W W W W W W W W 

 W N2 N1 W W W W W 

 N1 N1 N2 N1 W N2 W W 

 N1 N1 N2 N2 W W W W 

 N2 N2 N2 N1 W W W W 

 N2 N2 N2 N2 W N2 W W 

 N2 N2 N2 N1 W W W W 

 N2 N2 N1 N1 W N2 W W 

 N2 N2 N2 N2 W W W W 

 N2 N2 N2 N1 W N2 W W 

 N2 N2 N2 N2 W N1 W W 

 N2 N2 N1 N1 W W W W 

 N2 N2 N2 N1 W W W W 

 N2 N2 N2 N2 W N2 W W 

 N2 N2 N2 N2 W N2 W W 

 N2 N2     W W 

 N2 N2 N2 N1 W W W W 

 N2 N2 N2 N2 W N2 W W 

 N2 N2 N2 N1 W W W W 

 N2 N2 N2 N2 W N1 W W 

Performance  95%  57.9%  50%  100% 

 

106 (t) 108 110 111 (t) 115 (t) 

Manual ANN Manual ANN Manual ANN Manual ANN Manual ANN 
N1 N1 N1 N2 N1 N1 W W N2 N2 

N1 N1 N1 N2 N2 N2 N1 N1 N2 N1 

N1 N1 N1 N2 N2 N2 W W N2 N2 

N1 N2 N1 N2 N2 N2 W N1 N2 N2 

N2 N2 N1 N2     N1 N2 

N2 N2 N2 N2 N2 N2   N1 N1 

N2 N2 N2 N2 N2 N2   N1 N1 

N2 N2 N2 N2 N2 N1 N2 N2 N1 N1 

N2 N2 N2 N2 N2 N2   N2 N2 

N2 N2 N2 N2   N2 N2 N2 N2 

N2 N1 N2 N2 N1 N2 N2 N2 N1 N1 

N2 N2 N2 N2 N1 N1 N2 N2 N1 N1 

N2 N2 N2 N2 N2 N2   N1 N1 

N1 N1 N2 N2 N2 N2   N1 N1 

N1 N1 N2 N2 N2 N2   N1 N2 

N1 W   N2 N2 N2 N2 N2 N2 

W N1       N2 N2 

W N1       N2 N2 

N1 N1 N1 N1     N2 N2 

N1 N1 N2 N2     N2 N2 

 75%  70.6%  85.7%  88.9%  85% 
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201 (t) 202 (t) 203 (t) 204 (t) 205 

Manual ANN Manual ANN Manual ANN Manual ANN Manual ANN 
W W N1 N2 W W N2 N2 W W 

N1 N1 N1 N1 W N1 N2 N2 W W 

N1 W N1 N1 N1 N2 N2 N2 W W 

W N2 N1 N1 W N1 N2 N2 W W 

N2 N2 N1 N1 N1 W N2 N2 W W 

N2 N2 N1 N1 N1 N1 N2 N2 W W 

N2 N2 W N2 N1 N1 N2 N2 W W 

N2 N2 N1 N1 N1 N1 N2 N2 W W 

N2 N2 N1 N1 N1 N1 N2 N2 W W 

N2 N2 N2 N2 N1 N1 N2 N2 W W 

N2 N2 N2 N1 N1 N1 N2 W W N1 

    N2 N1 N2 N2 W W 

  W N2 N1 N2 N2 N2 W W 

  N2 N2 N1 N1 N2 N2 W W 

N2 N2 N2 N2 N1 N1 N2 N2 W W 

N2 N2 N1 N1 N1 N2 N2 N2 W W 

N2 N2 N1 N1 N1 N2 N2 N2 W W 

N2 N2 N1 N1   N2 N2 W W 

N2 N2 N1 N1   N2 N2 W W 

N2 N2 N1 N2 N1 N2 N2 N2 W W 

 88.2%  73.7%  50%  95%  85% 

 

206 (t) 401 (t) 402 (t) 405 (t) 406 

Manual ANN Manual ANN Manual ANN Manual ANN Manual ANN 
W N1 W W W W W W W W 

W W W W W W W W W N2 

W N1 W W N1 N1 W W W N2 

W N1 W W N1 N1 W W W W 

W W W W N1 N1 W W W W 

W W W W N1 N1 W W W W 

W W W W N1 N1 N1 N1 W W 

W W W W N2 N2 N1 N1 W W 

W W W W N2 N2 N1 N2 N1 W 

W W W W N2 N2 N1 N1 W W 

W W W W N2 N1 N1 N1 N1 N2 

W N1 W W N2 N2 N1 N2 N1 N2 

W N1 W W N2 N2 N1 N2 N1 N2 

W W W W N2 N2 N1 N2 W W 

W W W W N2 N2 N2 N1 W N2 

W W W W N2 N2 N2 N2 W N2 

W W W W N2 N2 N2 N2 W N2 

W W W W N2 N1 N2 N2 W N2 

W W W W N2 N1 N2 N2 W  N1 

W W W W N2 N2 N2 N2   

 75%  100%  85%  75%  57.1% 
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206 (t) 401 (t) 402 (t) 405 (t) 406 

Manual ANN Manual ANN Manual ANN Manual ANN Manual ANN 
W N1 W W W W W W W W 

W W W W W W W W W N2 

W N1 W W N1 N1 W W W N2 

W N1 W W N1 N1 W W W W 

W W W W N1 N1 W W W W 

W W W W N1 N1 W W W W 

W W W W N1 N1 N1 N1 W W 

W W W W N2 N2 N1 N1 W W 

W W W W N2 N2 N1 N2 N1 W 

W W W W N2 N2 N1 N1 W W 

W W W W N2 N1 N1 N1 N1 N2 

W N1 W W N2 N2 N1 N2 N1 N2 

W N1 W W N2 N2 N1 N2 N1 N2 

W W W W N2 N2 N1 N2 W W 

W W W W N2 N2 N2 N1 W N2 

W W W W N2 N2 N2 N2 W N2 

W W W W N2 N2 N2 N2 W N2 

W W W W N2 N1 N2 N2 W N2 

W W W W N2 N1 N2 N2 W  N1 

W W W W N2 N2 N2 N2   

 75%  100%  85%  75%  57.1% 

 

 

504 505 (t) 506 507 509 (t) 

Manual ANN Manual ANN Manual ANN Manual ANN Manual ANN 
W N2 W W W N1 W W W W 

W W W W W W W W W W 

W N2 W N1 W W W W W W 

W W N1 N1 W W W W W W 

W N2 N1 N1 W W W N1 W W 

N1 W N1 N1 W W W W W W 

N1 N2 N2 N2 W W W W W W 

N1 W N2 N2 W W W W W W 

W W N2 N2 W W W W W W 

W W N2 N2 W W W W W W 

W W N2 N2 W W W W W W 

N1 N2 N2 N2 W N1 W W N1 N1 

N1 W N2 N2 W N2 W W N1 N1 

N1 W N2 N2 W W W W N1 N1 

N1 W N2 N2 W W W W N1 W 

N1 W N2 N2 W N1 W W N2 N1 

W W N2 N2 W N1 W W N2 N1 

N1 N2 N2 N2 W W W W N1 W 

N1 N2 N2 N2 W N1 W W N1 N1 

N1 W N2 N2 W N2 W W N1 W 

 30%  95%  61.9%  95%  75% 
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Table 19: ANN classification results. Subjects are numbered from 101 to 509.  Subjects 101 to 206 are 

narcoleptics, while subjects 401 to 509 are healthy. The rows represent the 30-seconds epochs. Both the 

manual and the ANN classifications are given,  along with the ann performance. Blank rows contained 

movement, REM or N3 epochs that have been excluded from the classification. The subjects used for the 

training are marked with (t). 
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APPENDIX D: ICA COMPONENTS 
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Figure 43: ICA components. Some of them represent resting state networks, like component 3 (auditory 

network) and 10 (visual network) for example, while others represent the cerebro-spinal fluid 

(COMPONENT 8) or noise (component 30). The DMN is represented by component 5 and 9, the salience 

network by component 26 and the attentional network by component 17. 

 

 

 

 

 


