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Abstract  

Alcoholism may be recognized with the use of (EEG) analyzing signals. None-the-less, the analysis of the 

multi-channel signals of EEG is a complicated issue that usually needs performing complex computation 

operations and takes quite a long time to execute. The presented research will propose 13 optimal channel 

to feature extraction. In this research, an innovative horizontal visibility graph entropy (HVGE) method has 

been proposed for evaluating signals of EEG from controlled drinkers and alcoholic subjects and comparing 

against an approach of sample entropy (SaE). Values of HVGE and SaE have been obtained from 1200 

records of bio-medical signals.  While  in classification step using SVM as classifier. 

 
Keywords: Alcoholics,  Support Vector Machine, Using  Electroencephalogram Signal,Sample Entropy, 
Classification. 

1.Introduction  

Alcoholism can be defined as one of the common neurological disorders that result from the combined 

impact of environmental and genetic factors. It results in prominent harms to the brain system and in 

addition to that, results in impairments in mobility and cognition [1]. Electro-encephalogram (EEG) is one 

off the very efficient tools for researching the complicated brain activity dynamics. It is capable of 

visualizing complicated activities of the brain in the form of dynamic outputs. Which is why, it may be 

utilized for distinguishing normal subjects from alcoholics according to differences in signals, and that is 

helpful in detecting and diagnosing alcoholic subjects. Time-domain approaches and Frequency-domain 

analysis have been commonly utilized for the assessment of alcoholic EEG or EOG signals. Hayden et al. 

[2] have stated that the signals of the brain may be obtained with the use of a variety of methods. It may be 

categorized to invasive and non-invasive techniques. Invasive methods require surgical interference for 
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putting the electrodes under scalp. As a result of the medical risks, the experts prefer avoiding invasive 

method. While when using noninvasive method    the electrodes are placed on the scalp of human [3].  

Alcoholism the important of BCI application for medical lies detection/ prevention in the probable defeat 

of job and decrease of attentiveness level resulting from smoking and alcohol drinking, researcher try to 

exposed the upper reacting brain part to alcoholism [4].  Alcoholism can be defined as one of the common 

neurological disorders that result from the combined impact of environmental and genetic factors. It results 

in prominent harms to the brain system and in addition to that, results in impairments in mobility and 

cognition [5]. Signals of EEG are considerably beneficial to diagnose the brain and for analyzing anomalies 

and mental disorders. Some prominent researches in which detecting and classifying   alcohol from data of 

EEG is performed have been explained as follows: classifying signals of EEG according to the drunk and 

non-drunk categories of people has been carried out by Ziya et al [6]. According to (Lin and Xiong) [7] 

Support Vector Machines (SVMs) and Independent Component Analysis (ICA) have been utilized to 

classify alcoholism . EEG signals have been analyzed for alcoholic and epileptic samples using methods of 

Auto Regressive (AR) modelling that have been advanced by( Faust et al) [8].  Automated diagnosis and 

detection of normal EEG signals vs. alcoholic EEG signals has been performed by( Acharya et al) [9]. EEG 

alcoholic and control subjects have been categorized using machine learning ensemble approaches by( 

Hussain et al) [10] .  

The maim objective of this study is analysis  alcoholic EEG and its impact on the diagnosis of ahuman 

brain . Two methods used to extract data such as sample entropy and HVG and  to find which one is the 

best way to get hogher accuracy if using SVM as classifier. The structure  of the paper is organized as 

follows. Section 2  Materials and Methods , Data Acquisition process, Feature Extraction, Sample entropy,   

HVG, Classification  Process   3. Section  Result & Analysis  , Section 4  Conclusion. 

2. Materials and Methods 

Many stage was suggested in this study  . The Figure 1 refer to   proposed research methodology of this 

work . 
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Figure 1: Diagram of Proposed Search 

2.1 Data Acquisition process 

In this paper ,the data set  were obtained from the University of California, Irvine Knowledge Discovery in 

Data-bases Archive UCI KDD [11]. The dataset has been gathered from 122 individuals. Every one of those 

individuals completed 120 trials with 3 stimuli types [12]. Records from each one of the subjects includes 

61 channel signals of EEG, 2 channels of EOG and a single reference electrode. The rate of sampling of all 

of the channel data is 256Hz, and each trial’s duration is 1 sec. There are respectively 3 data-sets that are 

SMNI_CMI_TRAIN, SMNI_CMI_TEST and FULL. In the present research, only the first 2 data-bases are 

utilized due to the fact that FULL data-sets include a few all-0 recordings [13] In this paper  using 13 

channel  like(FPZ,APZ,FZ,FCz,Cz, C1,C2,C3, C4,FC1,FC2,FC3,FC4)  as feature extraction . These 

channels are distributed according to electrode placement in the standard 10 -20 system. 

 

2.2 Feature extraction 

2.2.1 Sample entropy   

Sample entropy, due to the fact that it is related to the dynamic systems, is a reflection of information 

production rate. The Approximate entropy (ApEn) which has been presented by Pincus, is a collection of 

measurements of the complexity of the system that is applied easily on clinical cardio-vascular as well as 

other time series [14]. Sample entropy has been suggested by Richman and Moorman [15] It was utilized 

for measuring alcoholic EEG complexity [16]. The Sample entropy algorithm has 3 parameters of the input 

(i) m, which represents embedded dimension, (ii) r, which represents the criterion of similarity, (iii) n     

which represents the time series length. The sample entropy can be define in the equation 1 .  
 
 

Sample Entropy (m,r)=  ln[				!
!(#)

%!(#)
]		……… . (1) where 

A&(r) = '
()&

∑ A*&(r)()&
*+'     ………….. (2) 

B&(r) = '
()&

∑ B*&(r)()&
*+'     ………….. (3) 

B& (r) represents the possibility of the 2 streams matching for m points 

A& (r) represents the possibility for the 2 streams in matching for the m+1 points [17] and 

B*&	(r) =
'

()&)'
	B-       
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Whe re considering N points of data from a time series  {x(n)} = x(1), x(2), … . x(N).	 

Considering m vectors 

x&(1), … . x&(N −M+ 1)defind	as	(i) = [x(k), x(k + 1)…x(k + m− 1)] For1≤ k ≤ N −m+

1. at	the	ith	sample	[17].  

There are many, types of approaches for l graph entropy computation according to either, the edges or, the 

vertex [18] the present paper, know the graph entropy (GE) with Shannon’s formula of entropy,[19] 

 

h = −F p(k)log	(p(k)).
/+'   ……….      (4) 

2.2.2  Horizontal visibility graphs (HVG) 

This approach is utilized for the construction of a matrix of synchronization of the network of the brain 

according to the real signals of EEG for disabled and normal subjects [20]. The graph of visibility can be 

represented in the following way, {x/} i=1. .N be an N data time series. What is referred to as the algorithm 

of horizontal visibility Luque et al.[21].  Can assign every element of the series of data to one of the nodes 

in the horizontal graph of visibility (HVG from now on). Nodes i and j in the graph are linked in the case 

where one is capable of drawing a horizontal line in the time series, which joins x/ with x0 that doesn’t 

intersect any of the intermediate data heights. As a result, i and j are 2 linked nodes, in the case where the 

following geometric condition is satisfied in the time series: 

x/			,   x0	   > x. for each n in a way that, i < n < j ……..(5) 

The needed processed for determining the synchronization based on HVG have been illustrated in Figure 2 
 
                                               

                                                           

Figure 2:  Represent the signal 

2.3 Classification  Process 

SVM is a widely used classifier utilizing the method of supervised machine learning [22]. SVMs can be 

defined as one of the discriminative classifiers which is defined formally with a separating hyper-plane that 

may be utilized effectively for classifying a feature set of high dimensions. The hyperplane has to be in a 

way that it can maximize inter-class separations. It is also one of the supervised models of learning in which 

predetermined values of the class are utilized for the training[23]. The data of EEG might as well be turned 

into a mapping of higher dimensions. The function of mapping may be obtained with the use of the functions 

of Kernel. The most common one of the functions of kernel is the kernel of RBF [24]. The obtained width 
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is helpful in deciding the margin of the SVM. In the case of considering data non-linearity, SVMs impose 

a parameter of trade-off for the separation of this type of data, as a result, allows margin flexibility [25]. 

 
3. Results and  Analysis 

The calculation feature are then nourished to the classifier for characterization between different states of 

the human brain. In this study had many objective 1) collect data t from by scraping a website and extracting 

information like UCI KDD data set 2) Preparing the input data 3) Analyzing the input data by using 

algorithms such as sample entropy and Horizontal visibility graphs 4) Train and testing the algorithm and 

after that  Evaluating and  the result generated by the proposed approach.  We have utilized SVM classifiers 

in our work. Using thirteen  channels  with SaE  as feature extraction  shown figure 3 .  While figure 4 

refers to analysis of alcoholic EEG based on Horizontal visibility graphs and represent time of alcoholic 

EEG shown figure 5. The accuracy with SaE  of 13 channels  are  80.6%  and  with HVG  are 91.2% .  The 

experimental results in this study , HVG is  higher reliability than SaE  in the analysis of the EEG signals. 

Table 1 refer to   accuracy  when applied  two different methods   to extract the information when  used 

SVM as  classification .  
 
                               Table 1 comparison  the accuracy of the different in two methods  
 

Classification  Feature 
extraction  

          Accuracy  

 
 
SUPPORT VECTOR 
MACHINE 
                   (SVM)  

SaE 
 

80.6% 
 

HVGE 91.2% 

 
 

                                               

 

 

 

 

Figure 3 analysis of alcoholic EEG based on sample entropy and graphic entropy 
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Figure 4 represent of alcoholic EEG based   on Horizontal visibility graphs 

                                

                                      

                                                                        

 

 

 

 

Figure 5 time(s) of alcoholic EEG 

4- Conclusion  

In this study , we investigated the EEG signal and functional  human brain networks  features for the 
automatic classification of alcoholic EEG signals.   Thirteen  optimal   channels was applied taken from  
UCI KDD  data set .  there are many stages was applied such as  (collected data , feature extraction and 
classification). Sample entropy and Horizontal visibility graphs  used as feature extraction. While  support 
vector machine applied as classifier . through this study the classification with Horizontal visibility graphs 
is more  reliability than sample entropy . To increase more accuracy , we can use more EEG channels or 
use different signals such as EMG ,BCG , to analyze alcoholic EEG   
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