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Abstract- The culture of Architecture school is very conservative and insular culture. That means education is very 
wearisome. The result is fatigue and sleeplessness. Sleeplessness is a widespread problem the entire world. Sleeplessness is 
affect to some people who interested in study on serious data. Scalp Electroencephalography (EEG) is a noisy, non-
stationary signal produced by an aggregate of brain activity from neurons close to the scalp. Previous research has identified 
a relationship between information extracted from resting scalp EEG and sleeplessness, but it has not been established if this 
relationship is strong enough to have meaningful diagnostic utility and non-tested student relationship. In this study, we 
investigate the efficacy of using supervised machine learning on resting scalp EEG data to build models that can match 
clinical diagnoses of Sleeplessness dependence about faculty of architecture students. 
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I. INTRODUCTION 
 
For some students, college will be the time when 
some might struggle to cope with the stresses 
associated with university life. Many do not realize 
that at the age of 18-23, that the university years, is 
when mental health as well as learning disability 
issues begin to show up in people more so than any 
stage in life. Architecture school has another layer of 
stress and rigor placed upon its students – we are in 
the studio, perhaps for a day or three, our limited time 
makes it more difficult to uphold a healthy lifestyle 
and maintain our personal relationships with those 
outside of architecture. We pull a heck of a lot of all-
nighters, might not eat right, and not getting enough 
sleep – all which can trigger or worsen symptoms 
associated with mental health.  
 
With the highly competitive environment that 
architecture school has some students feel isolated 
and lonely. The culture of Architecture school is very 
conservative and insular culture. Thomas Fisher 
(Fisher, 2012) points out three aspects in his editorial 
Patterns of Exploitation; first, architecture is 
entwined in a macho cut-throat toughen up approach; 
secondly, a fraternal aspect of our profession and 
education that likens the workload pressures to 
hazing; lastly, how we glorify and seek to personalize 
ideals of the self-suffering artist The problem is when 
we lose students who are legitimately dedicated, but 
were overworked and stressed out to the capacity and 
forcing them to stop. We personally believe that they 
still have a chance, and that architecture is a life 
learning experience – they’ll learn how to be tough 
and proficient eventually, maybe as clearly defined 
by a 4-year or 5-year educational track. Losing 
students because they are unable to keep up or fall 
behind due to personal circumstances means another 

voice or perspective lost in our schools and our 
profession. It reduces the plurality of insights, the 
limitless opportunities and potential for our field to 
progress. Mental health awareness is starting to be 
portrayed in the media, and this is from years of 
getting the facts straight. Architecture, as a field, has 
always looked back and with new knowledge evolved 
and iterated itself after being informed.  
 
The architectural education built in the totality of 
design studio and theoretical courses has given much 
more importance to sustainable architecture concept. 
In this case, the architecture education has very 
“repugnant condition” in Turkey. Furthermore, sleep 
is very important for students especially architecture 
students. This study stand out this phenomenon and 
to signalize why to sleep is very important for 
architecture students. Addition the appreciation and 
to cross-refer to architectural education in Turkey.  
 
EEG has two clear advantages for brain research. The 
first is characteristic of any electrical recording 
system—high precision time measurements. Changes 
in the brain’s electrical activity occur very quickly, 
and extremely high time resolution is required to 
determine the precise moments at which these 
electrical events take place. Today’s EEG technology 
can accurately detect brain activity at a resolution of a 
single millisecond (and even less).The scalp 
electroencephalogram (EEG) is a non-invasive tool 
for measuring electrophysiological brain activity near 
the scalp and the scalp EEG measures electrical 
potential changes at different locations along the 
scalp that result from current flow from neurons 
(Niedermeyer and da Silva, 1987).  
 
Emotion is essential for humans. It not only 
contributes to communication between humans, but 
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also plays a critical role in rational and intelligent 
behavior (Picard et al., 2001). Emotion recognition 
could be done from the text, speech, facial expression 
or gesture. Recently, more researches were done on 
emotion recognition from EEG (Horlings 2008). 
Different kinds of methods have been devised to 
recognize the underlying emotion of a person. 
Notably, emotion recognition  from facial expression 
(Fan et al., 2003), voice intonation, gesture, and 
signal from Autonomous Nervous System  like heart 
rate and Galvanic Skin Response had been being 
carrying out (Panagiotis et al., 2010). Emotion 
recognition from Electroencephalography signals is 
relatively new in the field of affective computing. 
emotion recognition  from EEG signals overcome 
some of the drawback that arises while using the 
technique of emotion recognition from facial 
expression, GSR, heart rate, like facial expression can 
be easily faked, for example a person might be really 
feeling pain inside but he might show the expression 
of happy. 
 
Scalp EEG is commonly described in terms of its 
frequently identified rhythmic components. The most 
commonly studied rhythmic components of scalp 
EEG are identified in Table 1. Each of these activity 
bands has been associated with different states of 
brain activity. 
 

Table I: The Arrangement of Channels 

 
The major EEG rhythms are named according to their 
frequencies: delta, theta, alpha, beta, and gamma 
from low to high, respectively, as shown in Figure 1. 

 

 
Figure 1: Major EEG rhythms.  

The delta wave lies below 4 Hz, and is the slowest in 
frequency. It is usually observed in deep dreamless 
sleep and the amount of delta waves is related to the 
deep of the sleep (Kubler Et Al., 2001). Theta waves 
lie within the 4 to 8 Hz range. They are associated 
with Dreams, deep meditation, hypnosis and, sleep, 
meditation, and hypnosis. Only a small amount of 
theta waves can be observed in adults in awake status, 
while a larger amount of theta waves can be seen in 
young children, and adults in drowsy, meditative or 
sleep states (Kubler Et Al., 2001). Alpha rhythms lie 
within the 8 to 12 Hz range. They are associated with 
relaxed wakefulness and creative thought where 
attention may wander. The amplitudes of alpha waves 
are related to the eye movements: they would 
increase during the eye close and mental relax status 
and decrease during eye open and mental effort 
making status (Cott et al., 1979). Beta rhythms, 
within the 12 to 30 Hz range, are associated with 
attentiveness, selective attention, concentration and 
anticipation. The amplitudes of Beta waves are 
related to the motor functions, while they would 
decrease during real or imagery movements 
(Pfurtscheller and Neuper, 2001) Gamma rhythms are 
the most rapid in frequency. They lie within the 30 to 
100 Hz range and related to certain motor functions 
or perceptions (Lee et al, 2003). 
 
The collection procedure for obtaining the EEG is 
described in Madhavi et al. (2002). Each signal was 
recorded for roughly 4 minutes at 256 Hz using a 19-
channel montage. We chose to only include the 120 
volunteers (70 males and 50 females) that showed no 
symptoms for any physiological dependence in our 
negative population as we hypothesized that they 
would be the most separable from the positive 
population. 60 volunteers have sleeplessness and 
other to have one's sleep out. We identified age and 
gender as two major covariates that would affect the 
features we extracted from the resting EEG, and 
therefore the training of generalizable models. Age 
has a significant effect on the periodic features of 
resting EEG, and this effect is different in males and 
females (Duffy et al., 1993). Furthermore, there are 
substantial differences in the distribution of ages 
between the negative and positive subject populations 
(p-value < .00001) 
 
II. DETAILS EXPERIMENTAL 
 
We use linear models for classification in our 
experiments; we can look directly at the feature 
weights to see which features influence the decision 
value for an example in each model. The features that 
are consistently given larger absolute valued weights 
when training models are the most important for 
identifying alcohol dependence in these data. 
Therefore, we can see if any particular feature type or 
channel location (Figure 2), is most useful for our 
task in a given population. 
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Figure 2: Relative location of electrodes along the scalp 

 
In order to accurately place the electrodes on the 
scalp, the international 10-20 system is used to guide 
the placement of electrodes for EEG applications 
(Jasper, 1958). The 10-20 system labels the location 
of electrodes in an international recognized approach 
which ensure the comparability of EEG experiments 
over time and over subjects. The electrode locations 
are determined by making the distance between 
adjacent electrodes are either 10% or 20% of the total 
distance of the scalp as shown in Figure 2. The letters 
in the 10-20 systems represent the specific region of 
human brain: A (ear lobe), F (frontal), T (temporal), 
C (central), P (parietal), and O (occipital) (Teplan, 
2002). A basic overview of the experiments carried 
out for model training and evaluation is presented in 
Figure 3. 
 

 
Figure 3: Overview of the model training and evaluation 

process 
 
We focused on the approximate entropy of the signal, 
which is an estimate of the unpredictability of time-
series data in the presence of noise (Igor and 
Ehrenkranz, 1991) and to extract the entropy features 
from the raw signal instead of the signal at different 
frequency bands to avoid information overlap with 
the filter band energy features. Approximate entropy 
has been shown to be useful in training other 
discriminative models using resting EEG (Vairavan et 
al., 2007), and is calculated by the following 
procedure on a time series u(i) with N data points: 
 
 Choose m, the length of comparison, and a 
filtering level r. 

 Form a sequence of vectors x(1), x(2), ... x, 
(N-m+ 1) where x(i) = [u(i), u(i+ ), . . . , U( + M - 1)] 
 Calculate C7'(r) for every i where 1 < i < N, 
which is defined as the number of x(j) such that 
d[x(i), x(j)] < r)/(N-m+1), where d[x, x'] = max(a) 
Iu(a) - u'(a)I. 
 Define 휙m(r) = (N - m + 1)-1 

∑ 1og(Cm(r)). 
 Calculate approximate entropy as 휙m (r) - = 
휙m+1 (r) 
 
Approximate entropy is measuring the log likelihood 
that patterns within the signal will be followed by 
similar patterns (Kalon et al., 1997). An extremely 
repetitive signal should have an approximate entropy 
value of near zero, while a more "chaotic" signal 
should be much higher. We chose to include these 
features since they represent information to be gained 
from the inherent randomness contained within the 
EEG signal compared to the filter band features 
which measure an estimate of spectral information. 
 
DISCUSSION 
 
Finally, there is no physiological measurement that is 
a clinical indication of sleeplessness dependence. 
Scalp EEG is a noisy, non-stationary signal, but there 
are established features within a continuous EEG 
signal that can be extracted from short, quasi-periodic 
segments that have been useful in creating 
discriminative models. 
 
Previous studies have identified features within 
resting EEG as being associated with alcoholism, 
epilepsy, and other physiological/brain problem  but 
there has been little work in using machine learning 
to explore resting scalp EEG's relationship to clinical 
indications of sleeplessness dependence. 
 
We focused on using supervised machine learning 
techniques to explore the utility of resting scalp EEG 
features for matching clinical diagnoses of 
sleeplessness dependence in architecture student in 
Turkey. 
 
We looked at eyes-closed resting EEG data for 120 
subjects and first converted each of the continuously 
recorded signals into discrete feature vectors. We 
then experimented with training supervised models 
on a subset of the feature vectors, and measuring 
performance on a held out test set. 
 
We first considered which features in the resting EEG 
would be most useful for training discriminative 
models for identifying sleeplessness dependence. We 
chose to extract signal energy at known periodic filter 
bands since band power has been previously shown to 
be associated with sleeplessness dependence and also 
calculated approximate entropy features since they 
have shown potential in other discriminative tasks for 
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EEG, and provide supplementary information to the 
filter band features.  
 
These features were extracted from short quasi-
periodic segments of each signal, and aggregated 
across all segments, leading to one feature vector for 
each signal. We then investigated the generalization 
performance of a linear supervised classifier trained 
on the features we extracted. In order to get an 
estimate of how well a trained model would perform 
on new, unseen data, we randomly split our data into 
a training and holdout set.  
 
We performed multiple experiments where we trained 
a model on a training set and tested on a held out 
validation set in order to get stable estimations of 
performance metrics for models trained on these 
features. We found that we can train linear models 
that can better than randomly match identifications of 
sleeplessness dependence using resting EEG. 
 
The model results for female student aren't as good as 
in male students, however, the difference in 
performance between the trained models and a 
random classifier is statistically significant. We 
looked at the feature weights of the models we 
trained in order to see which features in the resting 
scalp EEG were most important for matching 
identifications of sleeplessness dependence. In male 
students, Beta band energy from signals recorded 
near the front of the brain seem to be the most 
important features, which is consistent with previous 
studies that related periodic features in the resting 
scalp EEG to sleeplessness. 
 
However, the approximate entropy features seem to 
have a significant impact in the model's performance 
in male students. The models trained on the female 
emphasis place a greater emphasis on the alpha and 
theta bands than in male students, although the top 
features don't stand out as much as the most 
important features for male students. 
 
Whether our models' performance on our validation 
sets are representative of their ability to perform on a 
general population using a similar method remains 
unclear. 
 
RESULTS 
 
The results on the male student population and the 
results on the female student population each raise 
separate concerns about their generalizability to new 
data. In male students, model performance varies 
greatly across different random training/validation set 
splits. This variation is likely in part due to the small 
number of negative examples in each validation set, 
but it raises uncertainty about how close the average 
performance on this data will be to that on new data.  
 

In female students, our validation set performance 
varied significantly over different experiments. 
Specifically, there is a significant discrepancy 
between the results from the models that used age 
matching and those that used linear detrending for 
age adjustment. It isn't immediately obvious which 
results are more accurate. Therefore, the best average 
performance we get on the validation set in females 
may not be the most representative of how these 
models would perform on different population of 
subjects.  
 
Overall this thesis shows that there is some promise 
for a physiological measurement of sleeplessness 
dependence using resting EEG, but more work needs 
to be done to investigate its effectiveness on a general 
population. We were able to extract features from 
four minutes resting eyes-closed EEG alone, and use 
those features to identify sleeplessness dependent 
subjects with better than random performance. 
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