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Abstract 

In this study, electroencephalography signals recorded while participants were doing 

verbal and quantitative tasks, are classified. A dataset containing 1044 records obtained 

from 18 participants are used for subject-dependent classifications. Features are derived 

from phase locking values calculated between all channel pairs. Features are reduced 

before the classification process by using both analysis of variance and correlation based 

feature selection methods. Instances in the dataset are classified by using the nearest 

neighbor algorithm. An average classification accuracy of 92.35% is achieved over 18 

participants. It is shown that phase locking value is distinctive especially when it is 

calculated on delta and gamma frequency bands measured between frontal and occipital 

regions. 
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1. Introduction 

Electroencephalography (EEG) is a method of measuring electrical current resulting 

from neurons in the brain, with electrodes placed on the scalp. Non-invasive EEG signals 

are widely used for brain-computer interface (BCI) applications [1-2]. Portable and 

affordable EEG devices or signal acquisition systems has led to more attention for EEG 

and its applications [3-4]. 

Mental activity or task classification is one of the challenging studies in this area. 

There are several studies that aim to classify or recognize mental tasks. Mohanchandra et 

al. have compared some EEG feature extraction and classification methods that are used 

for the mental task classification purposes [5]. Gupta et al. have proposed an EEG feature 

extraction method based on statistical, spectral, complexity and entropy parameters [6]. 

They have reported that their method increases mental task classification performance. In 

another study, Wang et al. have proposed a novel EEG feature extraction method that 

uses discriminative common spatial patterns to recognize mental tasks [7]. They achieved 

a recognition accuracy of 89.4% in their experiments. Shirazi et al. have recognized 

reading and relaxing activities with an accuracy of 97% using EEG signals [8]. Forney et 

al. have achieved accuracies of 95% and 65% using echo state networks for two-class 

and four-class mental task classification experiments, respectively [9]. Wang et al. have 

proposed a method that can classify mental arithmetic tasks in real-time [10]. In their 

subject-dependent experiments, classification accuracy of their algorithm was as high as 

97.87%. Upadhyay et al. have reported successful classification of resting, mental 

calculation, letter composition and rotation tasks by using wavelet transform and neural 

networks [11]. 



International Journal of Signal Processing, Image Processing and Pattern Recognition  

Vol. 9, No. 7 (2016) 

 

 

384                                                                                                          Copyright ⓒ 2016 SERSC 

In this study, EEG signals, collected during verbal and quantitative mental tasks, are 

classified by using functional connectivity concept. Previous studies on this dataset have 

focused on time-frequency resolutions of single channel (recorded as the difference 

between two electrodes) EEG recordings. Wavelet transform for feature extraction and 

BayesNet algorithm for classification yielded in 89.1% true positive rate on the average 

for a subject-based classification [12]. Same scheme resulted in higher positive rate for 

effective channels. These channels were determined based on correlation based feature 

selection method and mostly selected 10 channels resulted in a 90% true positive rate 

[13]. Arithmetic operations are classified as addition/subtraction vs. multiplication/ 

division by using k-NN classifier and these operations were separable from each other 

with 79.3% true positive rate [14]. 

Recently functional connections between channels have gained attention in analyzing 

and classifying EEG data [15-17]. EEG-based functional connectivity is basically used to 

investigate the integration of the functional areas widely distributed over the brain during 

a particular task. Similarities between the time series or activation maps are mostly used 

to define the functional connections. Phase locking Value [18] is one of the popular 

methods to explore the functional connectivity [19-20]. In this study, collected EEG 

signals are classified using phase locking values. 

This paper is organized as follows: EEG data acquisition, feature extraction and 

selection procedures are given in Section 2. Results and conclusion are given in Section 3 

and Section 4, respectively. 

 

2. Material and Method 
 

2.1. EEG Dataset 

An EEG dataset, collected from 18 healthy college students, is used in this study. 

The students are aged between 19 and 24 (average: 20.39, standard deviation: 2.06). 

EEG signals were recorded at a sampling rate of 1 KHz from 26 channels using 22 

electrodes. The electrodes were placed according to the international 10-20 system 

(Figure 1). 

 

 

Figure 1. Placements of the Electrodes and Recorded Channels 

EEG signals were collected while participants were reading texts and making 

mental arithmetic calculations written on images. 60 images, 30 images of 
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paragraphs and 30 images of arithmetic calculations, were shown to the participants 

in a random order as a slide show for 13.25 seconds per slide.  Sample slides are 

shown in Figure 2. 

 

 

Figure. 2 Two Examples of the Images that are Shown to the Participants 

EEG signals were filtered with 120 Hz low-pass filter to remove the high 

frequency artifacts. Besides, first and last slides are removed from the analysis due 

to possible artifacts, remaining recordings during 29 slides of text reading and 29 

slides of mathematical operations. 

 

2.2. Phase Locking Value 

Phase locking value (PLV) is a statistical value that is obtained to detect phase 

synchrony between two signals. PLV ranges between 0 and 1, where value of 0 

corresponds to no synchrony case while value of 1 corresponds to perfect 

synchrony. Significant interactions between brain regions can be investigated using 

this concept.  

PLV is calculated in three steps [18]. First, signals are filtered with a band-pass 

filter to obtain the signals in a desired frequency band. Then, instantaneous phases 

are extracted by calculating phase angle of the signal obtained by using Hilbert 

transform of the filtered signal. Analytical signals of two signals 
x

s and 
y

s are 

calculated as in (1): 
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where P.V. is the Cauchy principal value. )( t
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A  and )( t
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A  are defined as: 
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Instantaneous phases are presented as: 
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Finally, the phase locking value at time t is calculated as average phase differences 

in all the trials: 
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where ),( nt  is the phase difference at time t, at the nth trial . 

 

2.3. Feature Extraction 

Features derived from phase locking values calculated between channel pairs 

[21] were used as a feature set in this study. Prior to PLV calculations, EEG 

recordings were segmented into 0.5 second epochs with 25% overlap resulting in 35 

EEG segments for each slide. Maximum and average PLVs and sum of squares of 

PLVs were used as features. These features were calculated between all possible 

pairs of channels. Thus, a feature set consists of 6825 features was obtained to 

represent each trial in the dataset. 

 

2.4. Feature Selection and Classification 

6825 features were subjected to a feature selection process before the 

classifications to eliminate irrelevant features from the feature set. Since 

correlation-based feature selection method (CFS) [22] takes very long time on large 

feature sets, number of the features was reduced using a faster feature selection 

approach; one-way analysis of variance (ANOVA) [23] before applying CFS. 

One-way ANOVA tests whether the group means are equal or not. In this study, 

it is used to eliminate features that have the same mean over the instances in 

different classes and proceeded by correlation-based feature selection (CFS) 

method. CFS selects features that have high correlations with classes and low 

correlations with each other [22]. Thus, features that are irrelevant with the classes 

or that can be represented with other features are eliminated. 

The instances in the dataset were classified using nearest neighbor algorithm. 

This is a simple approach that assigns class of the sample to the class of the nearest 

instance in the training set. 

Classification results were calculated in terms of accuracy (ACC) which is the 

ratio of sum of numbers of true positives and true negatives (TP, TN) to the total 

number of instances (TP+FP+TN+FN): 

FNTNFPTP

TNTP
ACC




   (6) 
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3. Results 

EEG signals recorded during two mental tasks, namely reading and arithmetic 

problem solving tasks are classified. PLV, which is used to investigate the neural 

synchronization from EEG data, are used for feature extraction. Results were 

evaluated using 10-fold cross validation. Previous studies on this dataset were 

focused on frequency domain features from single EEG channels. The first study on 

this dataset used wavelet transform for feature extraction and BayesNet algorithm 

for a subject-based classification and resulted in 89.1% [12]. These features and 

classification scheme was repeated for 10 mostly selected channels based on CFS 

and true positive rate was enhanced to 90.0% in [13]. k-NN (k=1) and decision tree 

classification results are given as 89.6% and 90.6% respectively in [24]. Table 1 

shows the average classification accuracy and classification accuracies for each 

subject obtained in this study using PLV based features and nearest neighbor 

classifier. Results show that, classification accuracy based on interactions between 

EEG channels are higher than the accuracy obtained employing wavelet transform 

based features extracted from single channels. 

Table 1. Classification Results and Average Numbers of Selected Features 
After Using ANOVA and After Applying CFS on these Selected Features 

Participant 

Number 

Classification 

accuracies (%) 

Avg. numbers of features 

ANOVA (p<0.001) ANOVA-CFS 

1 96.55 1128 115 

2 87.93 822 65 

3 84.48 542 35 

4 91.38 971 35 

5 89.66 890 55 

6 94.83 425 56 

7 94.83 1221 62 

8 98.28 1458 101 

9 96.55 1268 112 

10 100.00 1452 114 

11 93.10 1599 62 

12 91.38 1629 37 

13 98.28 1710 146 

14 96.55 1510 109 

15 98.28 2827 107 

16 98.28 748 47 

17 98.28 1743 146 

18 98.28 1878 65 

Average 92.35 1323 82 

Table 1 also contains the number of features selected using ANOVA and CFS 

after ANOVA. Approximately 80.62% of the features were eliminated by using 

ANOVA. Then, selected features were reduced from 1323 to 82 using CFS, on 

average. 

The maximum and minimum accuracies are calculated as 100% (participant 10) 

and 84.48% (participant 3), using 114 and 35 features, respectively. Number of 

selected features is generally decreased when PLVs between EEG signals are not 

distinctive. 

In order to select the most significant channel pairs in classification task, number 

of features selected from channel pairs using ANOVA and CFS are investigated. 10 

channel pairs, from which mostly selected features are derived, are marked as the 
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most significant channels and listed in Table 2, with frequency bands of the signals 

measured on these channels. 

Table 2. Channels and Frequency Bands of the Most-Selected Features 

Channel Pairs Frequency Bands 

Fp1-Fp2 F7-F8 delta 

Fp2-O2  Fp1-O1 delta 

T5-A1  T5-T6 gamma 

Fp1-Fp2 F7-F8 delta 

Fp1-Fp2 F7-F8 gamma 

P3-A1  Fp1-O1 theta 

Fp1-Fp2 F7-F8 beta 

Fp2-O2  Fp1-O1 gamma 

T5-T6  O1-O2 gamma 

C3-A1  O1-O2 gamma 

The most significant features were obtained from delta and gamma bands in 

frontal lobes (Fp1-Fp2 and F7-F8) as it can be seen from Table 2. Besides, results 

also show that, phase locking values measured on gamma bands of occipital and 

temporal lobes are useful for classification of EEG signals during verbal and 

quantitative processes. 

 

4. Conclusion 

In this study, two types of mental tasks; verbal and quantitative tasks, are 

classified by using phase locking values between EEG channels and nearest 

neighbor classifier. Statistical values calculated on PLVs are considered as a feature 

set. Redundant and irrelevant features are eliminated using ANOVA and CFS, 

gradually. A subject dependent analysis is performed and results are presented 

using 10-fold cross validation. The average subject-dependent classification 

accuracy is 92.35% and subject based classifications are higher than 95% for 10 out 

of 18 subjects. Besides, delta and gamma bands of the signals measured over frontal 

and occipital lobes are found to be significant for verbal/quantitative task 

classification using EEG signals. 

Results clearly indicate that verbal and quantitative mental tasks can be 

distinguished using PLV based statistical values. Synchronized brain regions and 

increase/decrease in PLVs during verbal or quantitative mental tasks will be 

investigated in future studies. 
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