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Abstract: Electroencephalography (EEG) is a method for recording the electrical activity of the brain. In the EEG 

various frequency signals can analyse the brain and the brain's behaviour. EEG can detect the abnormalities in the 

brain, one of the abnormality is Autism Spectrum Disorder (ASD). ASD is a condition where a person has a 

combination of neurological disorders in social communication and behavior, limited interest in something and sensory 

behavior. Joint attention (JA) is the ability in sharing attention between interactive social partner with third external 

elements as objects or events. Joint attention can also be said as social interaction behaviors to follow the attention of 

others, and direct attention of another. Joint attention is the key point affecting social communication in individuals 

with autism spectrum disorder (ASD). In this study, the detection of the ability of ASD sufferers to respond to 

instructions to see a targeted object based on the EEG signal recording was conducted. The dataset used is BCIAUT 

P-300 that is non-linear separable and imbalanced class with a ratio of 1: 8. In handling the imbalanced data, under-

sampling was applied. The feature extraction method that compared are wavelet and principal component analysis. 

Based on the experiment result, Pz has the best channel to classify the Joint Attention of ASD using EEG P-300 data. 

The best accuracy is GRLVQ and the best G-mean is SVM. Over all the results, based on accuracy, g-mean, training 

and testing time show that GRLVQ is better performance than others, and SVM is the runner up. The differences of 

accuracy 9%, training time GRLVQ faster around 45 seconds than SVM, and testing time faster around 3 seconds. 

Keywords: Electroencephalography, Autism spectrum disorder, Machine learning, Imbalanced data, Feature 

extraction. 

 

 

1. Introduction 

Autism Spectrum Disorder (ASD) is a condition 

in which a person has a combination of neurological 

disorders in social communication and behavior, 

limited interest in something and sensory behavior 

that can be detected from birth [1]. According to 

research conducted by Guthrie, a person who has 

ASD can be detected precisely before 24 months of 

age. Several factors that cause ASD are genetic 

defects or abnormal conditions during pregnancy [2]. 

Apart from these genetic factors, an autoimmune 

person has the potential to experience neurological 

disorders such as ASD [3]. Based on a study by 

Siniscalco, it is known that the important comorbidity 

of ASD is the presence of immunological 

dysregulation, so that autoimmunity plays a role in 

the pathogenesis of ASD [4]. Environmental factors 

have an effect on increasing the risk of ASD, a study 

by Chun stated that there is a relationship between 

mothers who are exposed to air pollution and children 

with ASD [5]. 

Several countries in the world have confirmed an 

increase in the number of ASD cases, especially in 

men [1]. Based on a study by The NHS Information 

Center for Health and Social Care London in 2012, 

the prevalence of ASD cases occurring in adults in 

the United Kingdom reached 1.1% [6]. Meanwhile, 

according to a study by Saab, there was 1 ASD case 
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per 66 toddlers in Lebanon in 2018 [7]. A study on 

the prevalence of ASD cases was also carried out by 

Salhia in countries in the Arabian Gulf with a 

prevalence of ASD cases of 1.4 or 29 ASD cases per 

10,000 people [8]. A high number of ASD cases also 

occurs in the United States, with a prevalence rate of 

1 ASD case per 59 persons or one third of the total 

ASD cases in the world [11]. 

Due to the increasing number of ASD cases in 

various countries, it is necessary to understand the 

impact of having children with ASD on family social 

life because some of the characteristics of ASD 

patients, according to the American Psychiatric 

Association (APA), are the characteristics of ASD, 

namely limitations or disturbances in communication 

and social interaction [9]. One form of social 

communication is joint attention, which is important 

in social cognition in humans, such as sharing 

attention and following the attention of others. A 

study conducted by Eissa stated that someone with 

ASD has a deficiency in the ability of Joint Attention 

to the environment [10]. Jeniffer in his research in 

2019 published that the ability of Joint Attention in 

an ASD can be improved through training and 

learning such as giving instructions and responding 

to things [11]. Therefore it is necessary to detect the 

response given by an ASD to an instruction. 

Several previous studies have been conducted to 

classify brain responses based on EEG signals. The 

study was conducted by Mangia in testing the 

feasibility of the procedure in detecting the brain's 

response to EEG-based image instructions in patients 

with impaired consciousness [12]. Classification is 

done with a Support Vector Machine (SVM) to 

distinguish two mental tasks and detect answers to 

simple questions given so that an accuracy of above 

0.8 is obtained. A study in predicting the response to 

EEG-based decision making was also carried out by 

Yajing Si in 2020 [13]. The combination of 

Discriminative Spatial Network Pattern (DSNP) and 

Linear Discriminate Analysis (LDA) is used to 

predict the responses of two different groups of 

individuals. The results of the accuracy in the 

response detection process were 0.88 ± 0.09 for the 

first group, and 0.90 ± 0.10 for the second group. 

Based on the research that has been done in 

detecting responses, the use of 

Electroencephalography (EEG) based on the Brain-

Computer Interface (BCI) has not been used in 

classifying the instructional response to an ASD. In 

addition, there is no classification using Generalized 

Relevance Learning Vector Quantization (GRLVQ). 

In this study, GRLVQ was used to detect the response 

of an ASD to instructions using the EEG signal based 

on BCI. Variations in the parameter values of the 

GRLVQ are carried out to determine the best 

accuracy in the response detection process to an 

instruction. 

The rest of this paper is organized as follow, 

second section describes the joint attention in ASD 

problem and related to EEG Brain Computer 

Interface. The data pre-processing and feature 

extraction explained in third section. Section fourth 

describe the classification methods that used. The 

experiment set up, evaluation measurement, 

experiment results, and discussion in fifth section. 

The last section is conclusion of this studies. 

2. Joint attention in ASD and EEG brain 

computer interface 

Based on the studies investigations from 

University of San Francisco and Boston University, 

EEG could be used as early  biomarker for diagnosis 

of ASD [14]. The study by Carlos Amaral et al about 

social attention in ASD using EEG brain computer 

interface report that EEG brain computer interface 

can be used to train social cognition skill in people 

with ASD [15]. This section will be explained about 

Joint Attention in ASD and EEG brain computer 

interfaced. 

2.1 Joint attention in ASD 

Joint attention (JA) is the ability in sharing 

attention between interactive social partner with third 

external elements as objects or events. Joint attention 

can also be said as social interaction behaviors to 

follow the attention of others, and direct attention of 

another. People with autism spectrum disorder 

demonstrate difficulty with join attention, affecting 

social and occupational performance [11]. Joint 

attention is the key point affecting social 

communication in individuals with autism spectrum 

disorder (ASD). There are two types of JA, initiated 

joint attention (IJA) and responded joint attention 

(RJA). IJA is intentional attempt to direct the partner 

attention to the external elements. How to be 

expressed through showing, pointing, or otherwise 

directing a social partner gaze to the objects or events. 

Responded joint attention is how the individual 

respond on attentional bids toward an external 

element. RJA is taking action implied by IJA or can 

be said as acknowledging the IJA or expresses 

through gaze-following towards the objects or events. 

JA is important skill in helping people communicate 

with each other in social life. Individual with autism 

have difficulty with JA or hard problem in ability to 

share focus on an object or area with the other persons 

[16]. 
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The ability of JA in some individuals has 

developed in 6 months of age, when they look at what 

their mother head turn to a visible object. The IJA 

begin to show a desire for something at the age of 12 

months. In children with autism, the ability of JA as 

a social communication disorder can be detected at 

the age of 1 year. Children with autism or mental 

retardation, however, exhibit less joint attention and 

other gestational behaviors than children who are 

developing normally. Joint attention has been found 

to be a good predictor of both concurrent and future 

language skills in children with autism. Joint 

attention skills were concurrently associated with 

language ability for both groups and predicted long-

term gains in expressive language ability for the 

children with autism. In the present study, the 

concurrent associations between each of the three 

social attention skills—joint attention, social 

orienting, and attention to distress—and verbal 

language ability in young children with ASD. Joint 

attention would be the strongest concurrent predictor 

of language ability. If the child fails to pay attention 

to such cues, he or she will be missing important 

opportunities for acquiring and practicing joint 

attention skills. 

Several studies have been conducted on whether 

social orientation disorder increases the ability to 

distinguish preschool-aged children with autism from 

those with developmental delay (DD) and 

developmental typical. The research results suggest 

that disruption is combined in JA and social 

orientation. Distinguishing children with autism from 

children of the same mental age without autism is 

better than does joint attention impairment alone. 

Furthermore, while JA was the best predictor of 

common language, both social orientation and 

attention to distress indirectly contributed to 

language skills through their relationship with JA. 

These results help to clarify the nature of attention 

disorders in autism, offer clues to possible 

development, and suggest specific targets for early 

intervention. This facilitates the development of 

mutual attention skills in autistic children by 

increasing their motivation to carry out social 

stimulation and triadic communicative exchanges. 

Such interventions are essential to prepare plans for 

future communicative skills development [17, 18]. 

2.2 EEG brain computer interface 

A Brain-Computer Interface (BCI) is a system 

that interpret brain activity and translate it into 

commands that can be used to control devices or 

programs and provides a direct communication 

between the brain and a computer or external device. 

The most common modality of neuroimaging 

techniques can be used to implement BCI is the 

electroencephalography (EEG), since it provides a 

portable, inexpensive, non-invasive solution to 

measure brain activity with high temporal resolution. 

Generating brain signal that can be interpreted and 

transform into commands by BCI. There are several 

approaches to generate brain signals, one of them is 

P300 approach. P300 first attempted by Farwell and 

Donchin in the 80s that used oddball paradigm of 

frequent and infrequent stimulus on interest [19]. The 

paradigm has been used for a positive deflection of 

the EEG measured in the central and posterior parts 

of the scalp is observed approximately around 300 ms 

after the infrequent stimulus of interest is presented. 

The BCI P300 potential is elicited whenever the letter 

the user is paying attention to flashes, and so the 

target letter can be identified by a P300 detection 

algorithm and then transmitted. This research using 

EEG joint attention data from ASD using BCI-P300 

from the Amaral et all research [15]. 

Electroencephalography (EEG) is a method for 

recording the electrical activity of the brain. In the 

EEG various frequency signals can analyse the brain 

and the brain's behaviour [19]. Based on research by 

Abdolzaldegan, EEG can detect abnormalities in the 

brain, one of which is autism[20]. In recent years 

there have been several techniques of neuroimaging 

such as EEG being used to implement the Brain 

Computer Interface (BCI). BCI is a tool capable of 

measuring the activity of the central nervous system 

and changing it in the form of artificial output which 

can replace, increase, or increase its natural output 

[21]. BCI records signals in the brain then analyses 

them according to device commands [22]. In 

everyday life, BCI can be applied in various fields 

such as medical, neuro-ergonomics and smart 

environment, neuromarketing and advertising, 

education, games, and entertainment, as well as 

security and authentication fields [23]. In the medical 

field, EEG is often used in the diagnosis of several 

brain disorders such as epilepsy [24, 25]. 

3. BCIAUT-P300 data pre-processing and 

feature extraction 

BCIAUT-P300 benchmark dataset on Autism 

Joint Attention using P300-Based Brain-Computer-

Interfaces used in this study [19]. Before classified, 

the data has been pre-processed and extract the 

feature. Feature extraction is an important part to 

make the classification process work well. Good 

feature will lead the process to the better result as 

expected, but if the feature is not good enough, it will 

yield to negative result. There are many ways to do a 
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feature extraction processes. In this there are two 

feature extraction methods is compared. Two feature 

extraction methods are principal component analysis 

(PCA), and wavelet. Z-score data normalization has 

been applied before feature extraction. The detail 

about the methods as follow. 

3.1 Data pre processing 

The BCIAUT-P300 dataset on Autism Joint 

Attention is imbalanced data and has been used in 

Biomedical Mediterranean Conference on Medical 

and Biological Engineering and Computing 

(MEDICON) competition with some approaches 

among others deep learning in 2019 [19]. The dataset 

consist of EEG signals were obtained from 15 ASD 

(Autism Spectrum Disorder) subjects ranging in age 

from 16 to 38 years and male sex. The subjects used 

in this dataset have certain criteria, namely a positive 

ASD diagnosis result set by the Autism Diagnostic 

Interview-Revised, Autism Diagnostic Observation 

Schedule, and the Diagnostic and Statistical Manual 

of Mental Disorders, Five-Edition (DSM-5). There 

are 8 channels, namely C3, Cz, C4, CPz, P3, Pz, P4, 

and POz in the experimental process with 350 

features. The dataset consists of train data and test 

data for each subject with 7 sessions. In this study, 

the EEG data used was in session 1 by taking signals 

from the Pz and Cz channel, based on the studied by 

M. Xu et all about EEG channel selection Pz and Cz 

has the best channel in EEG signal processing [26]. 

The dataset consists of two classes, namely False (0) 

and True (1). In this dataset, the subjects were 

instructed to pay attention to 8 objects available in the 

room. The object was irradiated alternately on 20 

blocks with 10 repetitions, resulting in 1600 

experiments. Furthermore, the subject is instructed to 

guess the object being illuminated, if the object 

identified is the same as the object illuminated, it is 

labelled as the targeted class (1). If the recognized 

object is different from the object being illuminated, 

it is labelled as non-targeted class (0). The data was 

normalize using z-score. In simple terms z-score can 

be written in Eq 1. After the data is normalized by z-

score, the mean data value is 0. The sample result 

after z-score normalization can be seen on Fig. 1. The 

pattern of signal does not change but the signal range 

has been changes. 

 

 𝑍𝑛 =
�̄�𝑛 − 𝜇

𝜎/√𝑛
 (1) 

 

3.2 Principal component analysis (PCA) feature 

extraction 

PCA is a method that can reduce the dimensions 

of the input data into smaller dimensions by 

considering the variance of the data. The principle of 

PCA is to find a linear transformation that can map 

the input data coordinate frame into a new coordinate 

frame orthonormal [27]. The linear transformation 

from original data to new data is called Principal 

Components (PCs). PCs are sequenced in descending 

order with the first few PCs values representing the 

variance of the data so that taking several PCs can 

represent important information on the data.The 

feature extraction algorithm using PCA as follow: 

Step 1: Input data to be extracted features. 

Step 2: Normalize the input data. 

 

 
Figure 1.   EEG Joint Attention: (a) data before Z-score Normalization and (b) after Z-score Normalization 
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Step 3: Calculate the covariance matrix 

 

 𝐶𝑜𝑣(𝑥𝑦) =
∑𝑥𝑦

𝑛
− (�̅�)(�̅�) (2) 

 

Stage 4: Calculating eigenvalues and eigenvectors 

 

 (𝐴 − 𝜆𝐼) = 0 (3) 

 

Step 5: Sorting eigenvalues descending and 

determining Principal Component 

 

 [𝐴 − 𝜆𝐼][𝑋] = [0] (4) 

3.3 Wavelet feature extraction 

In this study we use discrete wavelet 

transformation to extract features to compared with 

PCA. Wavelet is a method of removing noise in 

digital signals, compressing data, and detecting 

sudden discontinuities [28]. Wavelets describe the 

signal into various resolutions based on a function 

called the wavelet function. The discrete wavelet 

function that used is Daubechies 8 (db8). Daubechies 

wavelets are wavelets that can provide estimates of 

wavelet expansion. The Daubechies has the 

effectiveness of various wavelet functions for remove 

noise signal noise in normal patients compared to db4, 

db2, and Mayer [29]. 

The Wavelet Transform (WT) of a signal f(x) is 

defined as: 

 

 

𝑊𝑠𝑓(𝑥) = 𝑓(𝑥)𝜓𝑠(𝑥)

=
1

𝑠
∫ 𝑓(𝑡)𝜓(

𝑥 − 𝑡

𝑠
)

+∞

−∞

𝑑𝑡 
(5) 

Where 𝑠  is scale factor, 𝛹𝑠(𝑥) =  
1

𝑠
𝛹(

𝑥

𝑠
) is the 

dilation of a basic wavelet 𝛹(𝑥) by the scale factor 𝑠. 
Let 𝑠 =  2𝑗  (j ∈ Z, Z is the integral set), then the 

WT is called dyadic WT [30]. The dyadic WT of a 

digital signal 𝑓(𝑛)  can be calculated with Mallat 

algorithm as follows: 

 

 𝑆2𝑗𝑓(𝑛) =  ∑ ℎ𝑘𝑆2𝑗−1𝑓(𝑛 − 2
𝑗−1𝑘)

𝑘 𝜖 𝑍

   (6) 

 

 𝑊2𝑗𝑓(𝑛) =  ∑ 𝑔𝑘𝑆2𝑗−1𝑓(𝑛 − 2
𝑗−1𝑘)

𝑘 𝜖 𝑍

   (7) 

 

where 𝑆2𝑗  is smoothing operator, 𝑆2𝑗𝑓(𝑛)  =  𝑎𝑗, 𝑎𝑗 

is the low frequency coefficients that approximate the 

original signal, while 𝑊2𝑗𝑓(𝑛)  =  𝑑𝑗  , 𝑑𝑗  is high 

frequency coefficients represent detail of the original 

signals. 

 

 
Figure. 2 Illustration of feature extraction using wavelet 

decomposition 

 

 
Figure. 3 EEG Signal in differences level of Wavelet Daubechies 8 decomposition 
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Selecting the appropriate mother wavelet and the 

number of decomposition level is an important part. 

The proper selection aims to retain the important part 

of information and still remain in the wavelet 

coefficients. The Mother wavelet that we used in this 

research is one member of the Daubechies families: 

Daubechies order 8. Throughout this research, EEG  

signal is decomposed from level 1 to 7. Using 

daubechies 8 (db8), every level generated 183, 98, 57, 

35, 22, 20, and 17 coefficients respectively for both 

approximation (a) and detail (d). Fig. 2 shows the 

illustration of features extraction using wavelet 

decomposition level 1 to 7, which will be used in 

classification process. The EEG signal 

decomposition result can be seen on Fig. 3. 

4. Classification of EEG joint attention in 

ASD  

In this study, the machine learning classification 

algorithms that is used for study comparison are 

Generalized Learning Vector Quantization 

(GRLVQ), Support Vector machine (SVM), Random 

Forest, and Backpropagation. We are not used deep 

learning because in EEG data deep learning does not 

appropriate and high computational cost[31], [32]. 

The details of each algorithm are as follows: 

4.1 Generalized relevance learning vector 

quantization (GRLVQ) 

The GRLVQ algorithm is a learning algorithm 

modified by the Generalized Learning Vector 

Quantization (GLVQ) algorithm and Relevance 

Learning Vector Quantization (RLVQ). This 

algorithm reduces the dimensions of the input data but 

still retains the important information contained in the 

data [33]. The advantage of the GRLVQ algorithm is 

that it is efficient, this is due to the formation of 

adaptive metrics through the process of scaling the 

input dimensions. In addition, this algorithm can 

classify data well. The GRLVQ algorithm is as 

follows: 

Step 1: Stage 1: Input training data along with Weight 

(w), Iteration (n), Learning Rate (α), and 

Factor Relevance (λ) with ∑𝜆 = 1  

Step 2: Calculating the distance between training data 

and weights using Euclide distance 

Step 3: Determine and where is the shortest distance 

between the training data and the weight of the 

wrong class and the correct class. 

Step 4: Calculating the value of the misclassification 

error (μ) and the value of the activation 

function (f) 
 

 
𝑑 =∑ 𝜆𝑖(𝑥𝑖 −𝑤𝑖)

2
𝑁

𝑖=1
𝑋(𝑡 + 1)

= 𝑋𝑝(𝑡) − 𝐴.𝐷 

(8) 

 

 𝜇 =
𝑑𝑗 − 𝑑𝑘

𝑑𝑗 + 𝑑𝑘
 (9) 

 𝑓 =
1

(1 + 𝑒(−𝜇𝑡))
 (10) 

 

Step 5: Updating the Relevance Factor with the 

formula 

 

 𝜆𝑚 ≔ 𝜆𝑚 − 𝛼
𝑑𝑓

𝑑𝜇
⋅ 𝑏 (11) 

Where : 

 

 

 𝑏 =  
𝑑𝑘

(𝑑𝑗+𝑑𝑘)
2 (𝑥𝑚

𝐼 −𝑤𝑚
𝑗
)
2
−

𝑑𝑗

(𝑑𝑗+𝑑𝑘)
2 (𝑥𝑚

𝑖 −𝑤𝑚
𝑘 )

2
 

 

 

Step 6: Updating the Initial Weight with the formula 

 

 

{
 
 

 
 𝑤𝑗 + 𝛼

𝑑𝑓

𝑑𝜇

𝑑𝑘

(𝑑𝑗 + 𝑑𝑘)
2 𝜆(𝑥 − 𝑤𝑗);

1st class
weighted 

 

𝑤𝑘 − 𝛼
𝑑𝑓

𝑑𝜇

𝑑𝑗

(𝑑𝑗 + 𝑑𝑘)
2 𝜆(𝑥 − 𝑤𝑘);

2nd class
weighted 

 

 

  

  (12) 

 

Step 7:  Reduce the learning rate to n iterations, and 

repeat Stages 2 to 7 as many as n iterations 

4.2 Support vector machine (SVM) 

This study used non-linear SVM. Non-linear 

SVM classifies data between classes by finding the 

best hyperplane that is built from set of data in 

separator between classes. The set data are points of 

each class with the closest distance from the 

hyperplane is called support vector [34]. The best 

hyperplane determined by calculating the maximum 

margin. Margin is a value that represents the distance 

of a class to another class. The application of the 

SVM algorithm in this study uses 2 parameters, 

namely C, and kernel. The parameter C in SVM states 

the penalty limit for Lagrange multiplier or also 

called the threshold. The kernels used to compare 

with the other machine learning methods is poly-

kernel, because this kernel show better accuracy and 

g-mean than others. The kernel function that used in 

the experiment are linear kernel, poly-kernel and 

RBF kernel which are formulated as follows: 
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Linier Kernel: 

 

 𝐾(𝑥, 𝑦) =  (𝑥𝑇𝑦)  (13) 

 

Poly-kernel: 

 

  𝐾(𝑥, 𝑦) = (𝑥𝑇𝑦 + 𝑐)𝑑 (14) 

 

RBF kernel: 

 

 𝐾(𝑥, 𝑦) = 𝑒𝑥𝑝 {
‖𝑥 − 𝑦‖2

2𝜎2
} (15) 

 
where 𝑥, 𝑦  is the input data, 𝑐  is constant, 𝑑  is the 
degree of polynomial, and 𝜎 is standard deviation. If 
there is a dataset with two classes e.g. 𝑦𝑖𝜖{−1,+1}, 

𝑥𝑖 𝜖 𝑅
𝑛, 𝑛 > 1, 𝑖 = 1,23, … , 𝐼  and the hyperplane 

𝑔(𝑥) =  〈𝑤, 𝑥〉 + 𝑐 so the decision rule defined by : 
 

 𝑓(𝑥) =  {
+1, 𝑔(𝑥) ≥ 1

−1, 𝑔(𝑥) < 1
 (16) 

 

Furthermore, to find the best hyperplane it is 

necessary to minimize the following values: 

 

 
1

2
‖𝑤‖2 =

1

2
(𝑤1

2 +𝑤2
2) (17) 

 
with the following conditions: 

 

 (𝑤1. 𝑥𝑖 +𝑤2. 𝑥𝑖 +  𝑐) ≥ 1 (18) 

 
After obtaining thehyperplane optimal, the output of 
the sign decision function 𝑓(𝑥)  is calculated for 
determine the data class. 

 

 𝑓(𝑥𝑑) =∑𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑦

𝑚

𝑖=1

 (19) 

 

Where m is a lot of support vectors , 𝛼𝑖  is the weight 

of each data, and 𝐾(𝑥𝑖, 𝑥) is kernel function. 

4.3 Random forest 

Random forest is classification algorithm that is 

basically based on random tree. Every input feature 

vector is compared to the one stored in the train 

dataset to find the best matching pattern. Growing an 

ensemble of random trees for recognition using a 

probabilistic scheme is called random forest of trees. 

Recognition accuracy is as high as the trees vote for 

the most popular class. Trees drawn at random from 

a set of possible trees is called random tree. Random 

tree is a decision tree that considers k randomly 

chosen attributes at each node. The class probabilities 

on each node are based on back fitting with no 

pruning [35]. The steps involved in growing a 

random tree are as follow: 

1. The training set for growing the tree is 

obtained by selecting N cases at random but 

with replacement from original dataset. 

2. A random number of attributes m are chosen 

for each tree. The attributes from the nodes 

and leaves using standard tree building 

algorithms. The best split on m is used to split 

the nodes and m is held constant. 

3. Each tree is growing to the fullest extent 

possible without pruning. 

A new object is classified using its input vector down 

each of the trees in the forest. The forest chooses the 

class with the most vote, the new object input vector 

is classified. 

4.4 Backpropagation 

Backpropagation is one of Artificial Neural 

Network (ANN) algorithms that develop from Multi 

Layers Perceptron (MLP) by adding delta rule as 

backward phases. The basic idea of Backpropagation 

is to efficiently compute partial derivatives of an 

approximating function realized by the network and 

toward the entire processing element (neuron) [36]. It 

is an adjustable weight vector for a given value of 

input vector. Using nonlinear activation function can 

be easy to classify non-linearly separable data. 

Backpropagation and many ANN algorithms have 

special advantaged for solving multiclass 

classification task. Architecture Network of 

Backpropagation in this study has 3 layers, input, 

hidden, and output layers. Output layers consist of 5 

neurons. 

5. Results and discussion 

This study classifies BCIAUT-P300 EEG Joint 

Attention of ASD using PCA and wavelet feature 

extraction, and some classification algorithm that is 

Generalized Relevance Learning Vector 

Quantization (GRLVQ) algorithm, Random Forest 

(RF), Multilayer Perceptron (MLP), and Support 

Vector Machine (SVM). The scatter plot of data can 

be seen on Fig. 4. The data is non-linear separable. It 

is hard classification problems. 

The classification results are used to analysis the 

machine learning algorithm performances. Every 

algorithm run many times to get the best result. The 

GRLVQ algorithm run with the variation of learning 

rate and the number of iterations. Meanwhile, RF 
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Figure. 4 Scatter plot of BCIAUT P-300 EEG data 

 

uses a variety of feature parameters (NumFeatures). 

MLP uses variations in the number of hidden layers, 

and SVM uses variations in the value of C and kernel 

function. The experimental results are then evaluated 

using accuracy, geometrical mean accuracy, and F-

Measure. 

The test results yield the number of TP (True 

Positive), FP (False Positive), FN (False Negative), 

and TN (True Negative) which are used to evaluate 

system performance. Accuracy is the amount of data 

classified according to the correct class compared to 

the total data tested. The accuracy value is calculated 

using Eq. (20). Geometrical Mean Accuracy (G-

mean) is a method for measuring the success of 

classification on data where the amount of data 

between classes is not balanced. GMA is measured 

based on the number of TP and TN classification data. 

The G-mean formula is in Eq. (21). F-Measure is an 

evaluation technique that calculates the average of 

recall and precision values. The F-Measure formula 

is in Eq. (24). 

 
Tabel 1. Full feature data classification result without 

under-sampling 

Methods Accuracy G-

mean 

Confusion 

matrix 

Random 

Forest 

0.8746 0.0333 6296 4 

899 1 

Back-

propagation 

0.875 0 6300 0 

900 0 

SVM 0.875 0 6300 0 

900 0 

GRLVQ 0.6789 0.4293 4664 1636 

676 224 

 

 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (20) 

 

 𝐺 −𝑚𝑒𝑎𝑛 = √
𝑇𝑃𝑥𝑇𝑁

(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁𝑥𝐹𝑃)
 (21) 

 

 𝐹𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 𝑥 
𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 +  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 (22) 

 

The BCIAUT P-300 EEG Joint attention is 

imbalanced data. The classification result in 

imbalanced data without under sampling can be seen 

on Table 1. The accuracy in Tabel 1 is hight more 

than 0.87 in Random Forest, Backpropagation, and 

SVM but extremely low G-mean. The lowest g-mean 

indicate that minor class does not recognized.  

 

 
Figure 5. CPU time to build the model 
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Figure 6. CPU time for testing process 

 

 

GRLVQ show the highest G-mean results than 

Random Forest, Backpropagation, and SVM 

In handing the imbalanced class the raw data was 

under-sampling. The major class (non-targeted class) 

has been reduced near to the minor class (targeted 
class). The data also have been extracting the feature 

using PCA and Wavelet Db 8. The classification 

result can be seen on Table 2. Based on the accuracy 

and G-mean the wavelet feature extraction shows 

better performance than PCA. The best performance 

is GRLVQ using wavelet Db 8 level 6 for feature 

extraction with the accuracy value is 0.7117 and G-

mean is 0.529. This accuracy better than the some 

results of MEDICON competition [37] [19]. 

Fig. 5 and 6 show the CPU time for testing and 

build the model. The analysis of machine learning  

performance not only evaluate using accuracy, g-

mean and so on, but also evaluate how long the model 

was build and how long the model able to classify the 

unseen data. We can see that the fastest algorithm to 

build the model and to classification the unseen data 

is GRLVQ. The CPU time is robust does not depend 

on the number of features. GRLVQ is simple 

algorithm that find the best centre or prototype 

models in every class. Difference with the others 

machine learning methods. 

The overall results with deference channel of 

EEG Joint Attention data can be seen on Table 3. We 

used Channel Pz and Cz based on [26]. The result 

show that Pz has the best channel to classify the Joint 

Attention of ASD using EEG P-300 data. The best 

accuracy is GRLVQ and the best G-mean is SVM. 

From all the result we can said that GRLVQ show the 

better performance, and SVM is the other ones.  
 

GRLVQ is very simple but show the best accuracy 

because this algorithm able to selecting the best 

feature using relevance factor coefficient.  
 

Table 3. The classification result in difference 

channel EEG 

Channel Methods F-

measure 

G-

mean 

Accuracy 

Pz GRLVQ 0.5056 0.4311 0.726 

 RF 0.4978 0.5907 0.605 

 SVM 0.5177 0.6042 0.6354 

 BP 0.5509 0.5795 0.7136 

 avg 0.518 0.5514 0.67 

Cz RF 0.4355 0.5193 0.5238 

 SVM 0.5052 0.4888 0.6871 

 GRLVQ 0.5155 0.4496 0.7329 

 BP 0.5173 0.4894 0.7101 

 avg 0.4934 0.4868 0.6635 
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Table 2. Evaluation Results for the Classification of All Algorithms 

Methods Feature 
Accura

-cy 

G-

mean 

Confusion 

matrix 
Methods Feature 

Accura

-cy 

G-

mean 

Confusion 

matrix 

Random 

Forest 

PCA 0.4293 0.5128 2493 3807 SVM PCA 0.6104 0.5896 3888 2412 

302 598 393 507 

Wavelet 

Db 8 Lv 

1 

0.5597 0.5683 3508 2792 Wavelet 

Db 8 Lv 1 

0.6082 0.5914 3866 2434 

378 522 387 513 

Wavelet 

Db 8 Lv 

2 

0.5683 0.5798 3556 2744 Wavelet 

Db 8 Lv 2 

0.6282 0.6018 4011 2289 

364 536 388 512 

Wavelet 

Db 8 Lv 

3 

0.5714 0.5674 3608 2692 Wavelet 

Db 8 Lv 3 

0.6354 0.6042 4066 2234 

394 506 391 509 

Wavelet 

Db 8 Lv 

4 

0.605 0.5907 3841 2459 Wavelet 

Db 8 Lv 4 

0.6279 0.5892 4033 2267 

385 515 412 488 

Wavelet 

Db 8 Lv 

5 

0.5965 0.5739 3804 2496 Wavelet 

Db 8 Lv 5 

0.6215 0.5967 3966 2334 

409 491 391 509 

Wavelet 

Db 8 Lv 

6 

0.5846 0.5753 3702 2598 Wavelet 

Db 8 Lv 6 

0.6096 0.6025 3855 2445 

393 507 366 534 

Wavelet 

Db 8 Lv 

7 

0.5135 0.5274 3205 3095 Wavelet 

Db 8 Lv 7 

0.5136 0.5484 3158 3142 

408 492 360 540 

Back-

propaga-

tion 

PCA 0.6756 0.5547 4474 1826 GRLVQ PCA 0.875 0 6300 0 

510 390 900 0 

Wavelet 

Db 8 Lv 

1 

0.5894 0.5482 3795 2505 Wavelet 

Db 8 Lv 1 

0.5454 0.5445 3438 2862 

451 449 411 489 

Wavelet 

Db 8 Lv 

2 

0.6839 0.5819 4497 1803 Wavelet 

Db 8 Lv 2 

0.5399 0.5375 3406 2894 

473 427 419 481 

Wavelet 

Db 8 Lv 

3 

0.5668 0.5289 3646 2654 Wavelet 

Db 8 Lv 3 

0.5731 0.551 3655 2645 

465 435 429 471 

Wavelet 

Db 8 Lv 

4 

0.6751 0.5729 4442 1858 Wavelet 

Db 8 Lv 4 

0.5821 0.5725 3687 2613 

481 419 396 504 

Wavelet 

Db 8 Lv 

5 

0.7056 0.5599 4702 1598 Wavelet 

Db 8 Lv 5 

0.5465 0.5423 3452 2848 

522 378 417 483 

Wavelet 

Db 8 Lv 

6 

0.7022 0.5942 4623 1677 Wavelet 

Db 8 Lv 6 

0.7117 0.529 4793 1507 

467 433 569 331 

Wavelet 

Db 8 Lv 

7 

0.5696 0.5511 3626 2674 Wavelet 

Db 8 Lv 7 

0.5232 0.5121 3319 2981 

425 475 452 448 

 

6. Conclusion 

Based on the experimental results in the Social 

Joint Attention of ASD using BCI P-300 data, the 

best channel that representation to classify the EEG 

data is Channel Pz. The fastest algorithm to build the 

model is GRLVQ because this algorithm very simple 

and able to select the best feature using relevance 

factor coefficient. The dataset is non-linear 

separability and imbalanced. If we used all training 

data to build the models, the minor class is not able 

to classify correctly. The accuracy is good enough 

more than 0.87 but this accuracy only good for major 

class, the minor class accuracy is zero. In handling 
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imbalanced class problem, under sampling has been 

implemented in this study. The result show that g-

mean is increasing, but the accuracy is reduced. This 

condition is much better because the minor class can 

be classified is more importance. The best feature 

extraction method is Wavelet than PCA. And overall 

the combination of wavelet and GRLVQ show better 

performance than the other, and the runner up is 

combination of wavelet feature extraction and SVM. 

This studies still challenging on handling imbalanced 

data for the best g-mean result, and low 

computational cost and memory. 
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