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Abstract: When we listen to music, our emotions can change due to changes in our brain response. 

Because of this, a large number of research projects for classifying the emotional response using brain 

signals when listening to music through machine learning techniques emerged. On the contrary, to our 

knowledge, there is no previous research attempting to estimate the dynamic changes in the 

electroencephalogram (EEG) response under music stimuli through machine learning techniques. 

Therefore, in this manuscript, we proposed an approach to predict and anticipate changes in the EEG 

signal under music stimuli. Using the DEAP dataset, we split the EEG response to music stimuli into 

one-second length frames. After that, we compared the changes in the power of the brain signal of 

consecutive frames through two one-tailed Wilcoxon rank-sum tests. This test allowed us to label the 

changes in the second frame as "lower", "similar" or "higher" signal compared to the first frame. Then, 

we attempted to predict these changes using a Support-Vector Machine (SVM) classifier with stratified 

5-fold validation with different input combinations (only music, only brain signal, or a combination of 

both). Due to the use of multi-label classification with imbalanced data, we measured the results 

through F1-Scores. Over chance level predictions of the changes of signal power were obtained when 

using the previous second brain signal for the different channels and bands, especially in the frontal F3 

and F4 channels. 

 

Keywords: Electroencephalography (EEG), Music perception, Neural correlation, Machine learning, 

Signal classification. 

 

I. INTRODUCTION 

 

ith the increasing interest in the analysis of EEG 

signals, the research on the brain response to 

music stimuli also increased [1]. Moreover, multiple 

datasets studying the EEG signal with music inputs are 

now available to the scientific community [2-6], 

facilitating deepening the research toward the music 

impact on the brain activity and on the emotional 

responses. 

Thus, the brain signal that elicits an emotional 

response is caused due to the brain's response to 

musical stimuli, following the information flow shown 

in Fig. 1.  

 

Multiple research papers studied this problem from 

different approaches. Firstly, on how the music relates 

to the brain response, multiple studies address the 

influence of the tempo of the music on brain activity, 

reporting that it causes changes in the motor cortex in 

the frontal lobe and in the auditory cortex in the 

temporal lobe [7-10], especially in the α and β waves. 

Fernández-Soto et al. found differences in the spectral 

power of frontal θ band and parieto-occipital α band 

when comparing the fulfillment and break of a rhythmic 

property of the music, the phrase quadrature [11]. 

Stober et al. classified African and Western rhythms 

from EEG signals elicited after listening to those 

musical rhythms [12]. Pitch impact on the auditory 

cortex is also known to exist [13]. Zhu et al. found α 

and β activation on the occipital and temporal lobes 

associated with music processing and increased δ-β 

oscillations on the pre-frontal cortex [14]. Poikonen et 

al. studied how musical pieces affect EEG signals by 

analyzing ERP responses after a rapid increase of the 

musical features, especially after long periods of low 

values [15]. Additionally, importance of the inferior 

W 

 
Fig. 1 Information flow of an emotion recognition 

system based on EEG signal from music. 
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parietal lobe on music processing has been reported in 

multiple studies [16-19].  

Secondly, on how the brain responses relate to 

emotions, Heller observed the different brain regions 

and proposed that the parieto-temporal region on the 

right hemisphere in combination with the frontal lobes 

is critical in the experience of emotions [20]. The 

influence of frontal activity over valance in musical 

emotions was addressed by Schmidt and Trainor [21], 

the frontal lobe has been used frequently ever since for 

the prediction of emotions. Rogenmoser et al. supported 

that the frontal lobe conducts modulation of valence, 

while the right parieto-temporal regulates arousal [22].  

 
The emotion recognition analysis based on EEG 

signals has attracted the attention of a wide range of 

researchers using machine learning techniques during 

the last years [1, 23] in order to try to predict the 

emotional response. For instance, we can find 

prediction of emotions using the DEAP dataset 

obtaining satisfactory results through multiple different 

input features and classification techniques such as raw 

EEG with Recurrent Neural Network (RNN) Long 

Short-Term Memory (LSTM) [24], features based on 

empirical mode decomposition and auto-regressive 

models with SVM [25], multivariate empirical mode 

decomposition with k-NN and ANN classifiers [26], 

brain connectivity features with Convolutional Neural 

Networks (CNN) [27], discrete wavelet transforms 

(DWT) with k-NN [28], PSD and frontal asymmetry 

with Deep Neural Network (DNN) [29], spatio-

temporal distribution of EEG with 3D-CNN [30], PSD 

with Deep Belief Network (DBN) semi-supervised 

learning [31] or raw data with CNN [32].  

These experiments focus on the emotional response 

to brain activity or on analyzing the relation of some 

music properties with the brain signal. On the contrary, 

to our knowledge, there is no previous research 

attempting to estimate the dynamic changes in the EEG 

response in music experiments, using either the 

previous EEG response or the previous music stimuli 

through machine learning techniques. Therefore, in this 

manuscript, we investigate the feasibility of estimating 

EEG power changes. For this purpose, we used the 

DEAP dataset introduced by Koelstra et al. [2].  

A wider understanding of the EEG response to music 

could help to improve medical applications such as in 

music therapy for dementia [33, 34], depression [35-37], 

anhedonia [38-40] or disorder of consciousness [41]; 

but also, applications such as emotion detection [42], 

music recommendation systems [43, 44], increasing 

performance on specific tasks in the short-time [45], 

sonification [46-48] or Virtual Reality applications [49]. 

It is important to note that the current study does not 

consider limitations such as the brain differences 

between musicians and non-musicians [50-53], the 

influence of external noises [54] or how familiarity and 

repeated exposure influences the response [55-57].  

 

II.  METHODS 

 

A. Experimental Data. DEAP dataset 
 

The DEAP dataset was presented in 2012, by 

Koeltstra et al. [2] and is a widely used dataset in 

emotion recognition research. Multiple physiological 

signals, including EEG and other peripheral measures, 

were recorded from 32 subjects between 19 and 37 

years old (mean age of 26.9 years). The volunteers 

watched 40 music videos of one-minute length. After 

the experiment, the participants fulfilled a self-

assessment questionnaire of their emotional status for 

each one of the 40 trial songs.  

During the experiment, EEG activity from 32 

different channels was recorded. The location of 

electrodes followed the 10-20 system standard. EEG 

was recorded at a sampling rate of 512 Hz. The 

information was recorded in 2 different cities, resulting 

in a different order of channels between subjects 1-22 

and 23-32. These differences were modified and 

rearranged based on the information provided by the 

authors. 

Due to copyright limitations, the authors did not 

provide the music videos displayed during the 

experiments, but instead, they included a list of 

YouTube links to the music videos that were used. 

Some of these videos have already been removed from 

the platform or are restricted in our country. Out of the 

40 songs listened to by the subjects, 25 music video 

links were available at the time of conducting our 

analysis. Therefore, only the information from these 25 

songs is included in our analysis. The included songs 

correspond to the Experiment_id values 1, 4, 5, 6, 7, 9, 

12, 13, 14, 15, 16, 17, 19, 20, 22, 23, 24, 25, 26, 27, 28, 

31, 32, 39, 40 in the video_list.csv file. Although it 

would have been possible to obtain the information of 

the remaining songs through other sources, this was not 

done as it would be impossible to precisely match the 

length times of the songs from a source other than the 

one used in the experiments. 

We performed signal processing over the EEG signal 

and music audio for our analysis. Further explanation of 

this processing is now provided. 
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B. Music Processing 
 

As previously indicated, 25 songs were analyzed in 

our study. To obtain relevant audio features, we 

processed the audio using the Librosa package v0.8.0 

[58]  in Python 3.9.2. 

For each song, the 60 seconds of music used for the 

experiment were loaded with a sampling frequency of 

16384 Hz. A sampling rate of a power of 2 was chosen 

seeking simplicity in further processing. Multiple 

properties were obtained from the time and frequency 

domains. 

For the properties from the time-frequency domain 

using Fourier Transform, a centered Blackman window 

of 62.5 milliseconds was selected with an 87.5% 

overlap. Although generally, differences among 

windows are not significant, a Blackman window was 

chosen over other alternatives such as Hann or 

Hamming to try to improve the processing towards the 

consideration of the foreground content of the music 

[59].  

Short-Time Fourier Transform (STFT) spectrogram 

was obtained using the previous window. The following 

spectral features were calculated: quadratic poly 

features, root-mean-square, spectral centroid, spectral 

bandwidth, spectral flatness, 10% and 90% roll-off 

frequencies, zero crossing rate and normalized strength 

of the onset envelope.  

After obtaining the music properties, only the first 45 

seconds out of the 60 seconds of each music video were 

considered. This decision was made intentionally as 

multiple songs included a few seconds of silence in the 

final part of the audio. Each music feature had a length 

of 5760 data (this is 128 data per second). Each music 

property was finally divided into 45 one-second length 

features. 

 

C. EEG Pre-processing 
 

To clean the brain signal, the following 

preprocessing of the EEG signal was applied using the 

EEGLAB Toolbox [60] in Matlab. 

The EEG data at 512 Hz was downsampled to 128 

Hz (including a 64 Hz low-pass filter to avoid the 

aliasing effect) and a band-pass filter with cutoff 

frequencies of 1 and 45 Hz was applied to the 

downsampled signal. After that, the mean baseline was 

removed and data were averaged to the common 

reference. 

Information before 5 seconds prior to the beginning 

of each music experiment trial or posterior to the 60 

seconds of each song was removed and all the data 

within each [-5, 60] seconds for all the experiments 

were stacked. Principal Component Analysis (PCA) 

decomposition with 31 components was applied to the 

signal to avoid corrupted Independent Component 

Analysis (ICA) decomposition due to the averaged 

common reference. Automatic rejection of artifacts was 

conducted for components detected as 

electrooculogram (EOG), electromyogram (EMG), 

heart, line noise or channel noise. We removed the 

components labeled as one of these artifacts with a 

certainty over 80% for the rejection criteria. A 

summary of the pre-processing procedure is shown in 

Fig. 2. 

 
Once the noise was removed from the EEG, out of 

the 40 songs of the dataset, only the EEG information 

corresponding to the 25 available songs was kept for 

analysis. Thus, the EEG signal of these 25 songs was 

divided keeping the first 45 seconds of signal for each 

experiment after the music started. This was done to 

 
Fig. 2 EEG signal pre-processing. 
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match the length of the EEG with the previously 

explained interval for music and to ignore the silence 

effect.  

Next, frequency bands were calculated with cut-off 

frequencies 1-4 Hz (delta), 4-8 Hz (theta), 8-14 Hz 

(alpha), 14-31 Hz (beta), 31-45 Hz (gamma). The 

whole signal with frequencies 1-45 was also considered. 

The resulting data correspond to the clean amplitude 

values of the EEG signal for each subject, song, 

channel and frequency band. Each signal was then split 

into 45 one-second length signals. The size of the 

resulting data was 32 subjects x 25 songs x 192 

channels x 45 frames x 128 samples. The 192 channel 

information was the result of considering the five 

frequency bands (delta, theta, alpha, beta, gamma) and 

the whole EEG signal (1-45 Hz) for each one of the 32 

total channels. 

 

D. Defining the Output. Changes in the Power of 

the Signal 
 

After finishing the pre-processing, the power of the 

signals was obtained. 

To analyze the changes in the power of the EEG (and 

bands) robustly, we compared the last second of the 

EEG signal to the next second of the signal and classify 

the changes as "lower", "similar" or "higher". To 

robustly determine if a window could be considered 

higher than the previous one, we computed two one-

tailed Wilcoxon rank-sum tests. The Wilcoxon rank-

sum test is adequate for samples of data without 

assuming a normal distribution. In both tests, the null 

hypothesis was that the two samples follow the same 

distribution. The alternative hypothesis for the first test 

was that the EEG sample on the next second is likely to 

be lower than the EEG sample on the current second. 

The alternative hypothesis for the second test was that 

the EEG sample on the next second is likely to be 

higher than the EEG sample on the current second. The 

significance level for both tests was α = 0.05. If the 

result of the first test was significant, then the EEG 

frame for the next second was labeled as "smaller"; if 

the second test was significant, then the next second of 

EEG data was labeled as "higher"; if none of the tests 

was significant, then the next second of EEG data was 

labeled as "similar". This test was conducted for all the 

subjects, songs, channels, bands and frames resulting in 

a matrix of size 32 subjects x 25 songs x 192 channels x 

44 labels. Note that the labels go from second 2 to 

second 45, therefore, the number of labels for each song 

is the same as the number of seconds minus one. 

An example of the comparison of two consecutive 

windows is shown in Fig. 3, for visualization purposes, 

the box-plot of each window is also shown in the Figure. 

In the case of the power of the EEG signal, a total of 

26.51% of the total frames changed toward lower 

power values across subjects and channels, 47.39% 

maintained similar values and 26.1% changed towards 

higher power values. The average distribution of these 

labels across subjects can be observed in Fig. 4 for each 

channel. The total distribution of labels was similar 

across all subjects and channels. 

 

 

 
Fig. 3 Brain signal power changes calculation process 

for the 5 frequency bands and the whole signal (1-45 

Hz) process for two consecutive frames. (a) Amplitude 

of 2 consecutive frames. (b) Power of two consecutive 

frames. (c) Box-plot of the power and label decision 

making for the second frame. This procedure was 

conducted for every second of the signal. 
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E. Model 
 

As the range of outputs to estimate was too high (id 

est, the 192 combinations of channels and frequency 

bands), we chose to conduct this analysis using a SVM 

classifier with a radial basis function kernel, to reduce 

the computational cost compared to neural networks 

approaches such as LSTM or other RNNs.   

Due to the imbalance present on the classification 

labels, biased towards the "similar" label, Synthetic 

Minority Over-sampling Technique (SMOTE) [61] was 

included to augment the data of the training procedure. 

It is important to note that the augmentation should 

only be considered for the training data and not on the 

test, to avoid over-optimistic results [62]. For validation 

of the model, we included 5-fold stratified cross-

validation and computed the model four times with 

different seeds. 

For comparison, the classification was trained under 

3 experimental settings: 

- Using only music features: The average, 

standard deviation, skewness and kurtosis of the 

previously obtained 11 music features are used 

as input for the model. 

- Using only EEG features: The average, standard 

deviation, skewness and kurtosis of the power 

information (of the corresponding band) of the 

previous window is used as input. 

- Using music and EEG features combined: The 

information of both previous inputs is combined. 

The classification of EEG powers was conducted on 

a subject-dependent basis. Thus, the model was 

calculated separately for the 32 subjects. For each 

subject, band and location, there were 1100 samples of 

data (obtained from 44 seconds by 25 songs). The mean, 

standard deviation, skewness and kurtosis of each 

sample was finally used as input as described in Table 1. 

 

 
The classification procedure diagram of one subject 

for prediction of the changes in the power of the 

incoming signal using music and EEG features 

combined is shown in Fig. 5. A similar procedure is 

also considered when using only EEG features or music 

features. 

Table 1 Possible combination of inputs for the model. 

 

EEG features 

 Property size Feature size 

EEG corresponding band 1x1100x128 1x1100x4 

 

Music features 

 Property size Feature size 

Onset envelope 1x1100x128 1x1100x4 

Zero crossing rate 1x1100x128 1x1100x4 

Root means square 1x1100x128 1x1100x4 

Spectral centroid 1x1100x128 1x1100x4 

Spectral badwidth 1x1100x128 1x1100x4 

Spectral flatness 1x1100x128 1x1100x4 

Spectral roll-off (10%) 1x1100x128 1x1100x4 

Spectral roll-off (90%) 1x1100x128 1x1100x4 

Quadratic poly features 1x1100x128 1x1100x4 

 

Inputs 

Input case Property size Feature size 

Music only 11x1100x128 11x1100x4 

EEG band only 1x1100x128 1x1100x4 

EEG & music combined 12x1100x128 12x1100x4 

 

 
Fig. 4 Average percentage of labels on each output 

category and channel across subjects. 
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III. RESULTS 

Using accuracy as a classification metric on multi-

class classification problems with imbalanced data may 

not be informative about the classification results. 

Hence, as we proposed a classification problem with 

multiple classes and imbalanced labeling of data, the 

unweighted average F1-Score was obtained as metric.  

The unweighted average F1-Score is defined as: 

 
In which F1Scorei is obtained from: 

 
 

with i being each label and with n equals the 

number of labels (therefore, three labels). 

Additionally, as this is a three-class classification 

problem ("lower", "similar", "higher"), the chance level 

is defined at 33.33%. 

We estimated the changes in the power of the brain 

activity of the incoming frame on a subject-dependent 

basis and for every channel location. This was 

conducted three times, each time using one of the three 

different inputs previously explained: 

- Only previous music: using only the previous 

second of music, the classification process 

performed under chance level for all the 

electrodes. 

- Only previous power: we obtained relatively 

high F1-Scores for all the bands and channels. 

This will be explained in further details now. 

-  Combination of music and power: results were 

almost identical to those using only the brain 

activity. 

These differences in the scores are shown in Fig. 6.  

 

 

 
Fig. 6 Average and standard deviations of the F1-Score 

on the classification of the changes of the EEG power 

signal for each input case, data averaged across 

subjects. 

 
 

Fig. 5 Classification diagram for prediction of the 

changes in the power signal for one subject. The Power 

of the signal and the musical features for each window 

are inputted. For the output generation, the output label 

is obtained from the statistical comparison of the power 

of the current and incoming window. 
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Results show how the power of the brain signal can 

be predicted inputting only the previous second of brain 

signal for the different channels and bands. A 

topographic map of the scalp showing the average F1-

Score across subjects in each electrode and frequency 

focusing only on the prediction using the previous 

second power signal is included in Fig. 7.  

 

 
Furthermore, all the F1-Scores averaged across 

subjects can be found in Table 2. The highest scores 

were obtained by the pair of frontal channels F4 and F3, 

with maximum scores on the α and θ bands for both 

channels. The F1-Scores were 59.14% (± 6.11) and 

59.1% (± 7.74) respectively for the α band; and 58.31% 

(± 6.73) and 57.22% (± 5.71) respectively for the θ 

band. The scores for the prediction of the changes in the 

power of the signal through previous EEG information 

for the F4 and F3 electrodes in the α and θ bands 

obtained for each one of the 32 independent subjects 

can be found in Table 2. Additionally, these two 

channels were also the best predicted ones in the β 

band, with 51.22% (± 9.16) and 50.5% (± 10.62) 

respectively; and the γ band, with 42.94% (± 8.57) and 

43.06% (± 7.72) respectively. For the δ band case, the 

best results were obtained in the parieto-occipital 

regions. Average scores across subjects for all the 

channels and frequency bands are detailed in Table 3. 

Finally, predictions within the same band across all 

channel locations tended to follow a similar pattern, 

with the θ and α bands returning the best predictions, 

while the γ band scored lowest with most results 

marginally over the chance level. 

 

 
 

IV. CONCLUSIONS AND FUTURE WORKS 

 

In this research, we proposed a method for 

estimating incoming changes in the power of the EEG 

signal under music stimuli. These estimations could be 

used to reconstruct lost signals or anticipate a subject 

response. We approach the problem using previously 

known information of either the music, the EEG signal 

or a combination of both.  

 

 
Fig. 7 Average F1-Score on the classification of the 

changes of the power signal plotted over a brain 

topographic map. The map shows the average across 

subjects. 

Table 2 Individual F1-Scores of the F3 and F4 α 

and θ bands. These channels and bands were the 

ones with best predictions. The two best and worst 

predictions are highlighted. 

 

Subject F4-θ F4-α F3-θ F3-α 

1 56.84% 63.79% 59.47% 64.11% 

2 66.02% 68.39% 63.94% 63.29% 

3 78.93% 80.89% 72.06% 77.34% 

4 57.80% 58.29% 65.11% 71.14% 

5 62.22% 64.99% 64.26% 69.64% 

6 56.41% 53.45% 56.96% 51.65% 

7 55.24% 54.65% 58.05% 56.95% 

8 57.74% 60.84% 56.35% 50.10% 

9 53.75% 55.68% 58.09% 55.30% 

10 45.91% 54.68% 52.94% 53.43% 

11 55.77% 53.43% 52.11% 51.06% 

12 54.71% 53.15% 48.41% 52.45% 

13 58.00% 61.95% 55.56% 57.10% 

14 53.04% 63.19% 57.97% 58.79% 

15 56.13% 46.97% 54.94% 55.59% 

16 51.03% 55.42% 54.59% 55.29% 

17 54.79% 53.91% 59.77% 56.85% 

18 59.19% 55.94% 66.32% 59.61% 

19 59.60% 61.93% 67.71% 67.35% 

20 62.24% 57.40% 60.46% 62.00% 

21 56.15% 57.24% 52.99% 54.60% 

22 52.46% 59.82% 75.99% 77.26% 

23 53.59% 61.52% 57.66% 69.47% 

24 57.52% 52.43% 58.58% 51.85% 

25 61.67% 66.38% 57.33% 56.34% 

26 47.71% 58.12% 47.50% 59.51% 

27 59.42% 58.42% 56.33% 53.39% 

28 52.88% 59.48% 62.90% 58.14% 

29 59.44% 60.36% 43.21% 49.39% 

30 60.11% 61.19% 53.56% 56.77% 

31 57.58% 55.03% 58.20% 53.71% 

32 57.13% 63.70% 56.64% 61.76% 

Average 58.31% 59.14% 57.22% 59.10% 
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Although we could not estimate the EEG response 

using only the music information, we were able to 

anticipate the changes in all the channels and frequency 

bands, with different scores, by using only the previous 

second information of the brain response. 

The lack of accurate classification using only the 

music stimuli may reflect that either there is no 

common tendency in the response of different subjects 

to music stimuli or that the music input should be 

analyzed in a different way to take advantage of it. 

Further research on how to take advantage of the music 

information is required.  

The results, with high scores on the frontal lobe, 

align with previous research on the changes in the 

arousal and valence of the emotional responses, while 

the parietal results may relate with the influence of 

music processing discussed in [16-19]. All in all, our 

proposal allows the estimation of changes in the power 

of the whole signal or for the different bands. To our 

knowledge, this is the first approach to the prediction of 

brain activity using only previous brain responses as 

input under a music experiment. 

These results could also help to reduce the number 

of channels to study when analyzing the music 

influence, increasing the usability of low-cost EEG 

devices and the presence of BCIs on the general market.  

Moreover, the lower number of channels to study 

facilitates the analysis of these channels through more 

complex algorithms such as LSTM, RNNs or CNNs in 

the future, as this was a limitation due to the large 

number of channels and bands to analyze. Application 

to real-time problems settings such as music therapy 

[33], music recommendation systems or even a VR live 

concert [49] is of interest in the incoming future too. 

Table 3 F1 Score averaged across subjects for all the channels and frequency bands. The best predictions are 

highlighted. 

Channel δ θ α β γ EEG 
AF3 49.52% (±7.79) 53.38% (±2.73) 50.70% (±2.75) 43.58% (±5.73) 36.88% (±4.90) 47.37% (±6.05) 

AF4 48.71% (±8.43) 52.38% (±2.85) 51.05% (±2.77) 42.98% (±5.07) 36.25% (±5.47) 46.27% (±6.59) 

C3 50.79% (±5.33) 53.11% (±2.62) 49.04% (±3.64) 44.53% (±6.27) 37.93% (±6.04) 46.55% (±6.43) 

C4 50.87% (±4.42) 52.75% (±2.25) 49.59% (±3.57) 45.92% (±4.47) 37.91% (±5.03) 47.96% (±3.45) 

CP1 51.95% (±5.15) 52.64% (±2.83) 49.86% (±3.05) 46.99% (±4.46) 38.30% (±4.53) 49.18% (±4.97) 

CP2 50.65% (±6.17) 52.71% (±2.16) 50.05% (±2.92) 47.42% (±3.80) 38.87% (±4.83) 49.00% (±5.23) 

CP5 51.15% (±6.02) 52.38% (±2.17) 49.77% (±3.73) 44.69% (±6.54) 37.46% (±4.61) 46.46% (±5.74) 

CP6 51.08% (±5.17) 52.90% (±2.31) 49.96% (±3.27) 45.84% (±4.78) 38.34% (±4.41) 47.58% (±5.48) 

Cz 50.56% (±9.82) 52.91% (±2.94) 51.34% (±2.17) 47.07% (±3.00) 41.76% (±5.00) 48.28% (±7.56) 

F3 49.12% (±9.95) 58.31% (±6.73) 59.10% (±7.47) 50.50% (±10.62 43.06% (±7.72) 46.03% (±6.49) 

F4 48.62% (±8.89) 57.22% (±5.71) 59.14% (±6.11) 51.22% (±9.16) 42.94% (±8.57) 46.12% (±6.39) 

F7 49.10% (±6.11) 52.28% (±2.81) 50.63% (±3.25) 42.01% (±5.20) 34.43% (±3.73) 44.56% (±7.22) 

F8 48.51% (±9.20) 52.32% (±4.15) 50.90% (±2.77) 43.10% (±5.86) 36.74% (±4.26) 46.06% (±7.84) 

FC1 51.45% (±5.70) 53.63% (±1.79) 51.30% (±2.06) 46.95% (±3.70) 40.11% (±4.15) 49.45% (±4.76) 

FC2 51.98% (±5.19) 53.57% (±2.14) 51.41% (±1.83) 47.93% (±3.96) 40.49% (±4.60) 50.11% (±3.29) 

FC5 49.57% (±7.11) 51.91% (±5.86) 50.50% (±3.85) 41.21% (±6.56) 35.78% (±4.70) 45.19% (±6.80) 

FC6 48.17% (±8.45) 52.85% (±3.60) 50.82% (±3.24) 40.97% (±5.96) 35.23% (±4.92) 44.08% (±8.04) 

Fp1 46.12% (±12.01) 50.63% (±7.88) 49.06% (±6.45) 42.49% (±8.02) 36.79% (±5.49) 44.52% (±10.10) 

Fp2 45.91% (±11.97) 49.84% (±8.57) 49.47% (±4.90) 42.37% (±6.30) 37.03% (±5.07) 44.19% (±8.57) 

Fz 51.01% (±5.76) 53.25% (±2.38) 51.33% (±2.95) 48.03% (±3.34) 41.31% (±4.38) 48.79% (±4.60) 

O1 51.70% (±4.92) 53.42% (±1.94) 51.92% (±2.51) 44.28% (±6.51) 38.04% (±4.40) 48.51% (±4.93) 

O2 52.52% (±3.16) 52.42% (±2.55) 51.69% (±2.22) 45.19% (±5.65) 38.95% (±4.65) 48.89% (±3.63) 

Oz 51.58% (±3.85) 52.57% (±2.04) 52.27% (±1.75) 45.60% (±4.70) 39.72% (±4.14) 48.58% (±3.89) 

P3 52.38% (±4.06) 52.56% (±2.69) 50.15% (±2.96) 47.17% (±4.88) 39.44% (±5.03) 49.79% (±4.31) 

P4 52.04% (±3.93) 53.05% (±1.99) 50.62% (±3.04) 49.00% (±3.95) 39.69% (±4.72) 49.61% (±3.27) 

P7 50.15% (±7.92) 52.69% (±3.66) 51.28% (±2.21) 46.04% (±5.84) 37.90% (±5.72) 46.61% (±5.14) 

P8 51.16% (±4.99) 53.56% (±2.56) 51.60% (±2.03) 45.04% (±5.72) 39.09% (±4.66) 49.30% (±4.02) 

PO3 52.12% (±3.08) 51.94% (±2.76) 50.78% (±2.63) 48.25% (±3.74) 40.77% (±4.31) 50.24% (±3.91) 

PO4 51.82% (±2.66) 52.58% (±1.85) 51.43% (±2.15) 48.34% (±3.60) 40.48% (±3.69) 49.84% (±3.05) 

Pz 51.34% (±5.03) 52.52% (±2.71) 50.01% (±3.10) 47.71% (±3.41) 39.96% (±4.38) 49.36% (±4.52) 

T7 48.80% (±8.93) 51.85% (±4.09) 50.57% (±3.20) 39.47% (±7.18) 35.24% (±4.78) 44.23% (±7.01) 

T8 50.27% (±5.14) 52.60% (±2.41) 49.95% (±3.48) 40.76% (±6.54) 35.70% (±5.30) 45.59% (±6.42) 
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St öter, P. Friesch, A. Weiss, M. Vollrath, and T. 
Kim, “librosa/librosa: 0.8.0,” 7 2020. [Online]. 
Available: https://zenodo.org/record/3955228 

[59] S. Sharma and V. K. Mittal, “Window selection for 
accurate music source separation using repet,” 
2016. 

[60] A. Delorme and S. Makeig, “Eeglab: An open 
source toolbox for analysis of single-trial eeg 
dynamics including independent component 
analysis,” Journal of Neuroscience Methods, vol. 
134, 2004. 

[61] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. 
Kegelmeyer, “Smote: Synthetic minority over-
sampling technique,” Journal of Artificial 
Intelligence Research, vol. 16, 2002. 

[62] M. S. Santos, J. P. Soares, P. H. Abreu, H. Araujo, 

and J. Santos, “Cross-validation for imbalanced 

datasets: Avoiding overoptimistic and overfitting 

approaches [research frontier],” IEEE 

Computational Intelligence Magazine, vol. 13, 

2018.  

380

Journal of Bioinformatics and Neuroscience (JBINS), 8 (1): 370-380, December 30, 2022


