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Abstract—As machine learning has greatly improved the depth 

and width of EEG analysis and psychological research, it has 

become possible to analyze the relatively stable personalities of 

individuals based on EEG. In this paper, we recorded the resting-

state EEG of subjects, labeled them using their score of 

organizational commitment，and achieved automatic recognition. 

In order to complete such a new challenging classification task, we 

extracted a variety of different nonlinear dynamic features from 

resting-state EEG, and then used different machine learning 

models (SVM, GBDT, KNN, LR, Gaussian NB) to classify these 

features, and next evaluated experimental results based on cross-

validation. The results show that Permutation Entropy and 

Approximate Entropy achieved best accuracy, which both obtained 

an overall accuracy of more than 70% based on machine learning. 

Furthermore, we adopted a stacking strategy and constructed a 

fusion model to improve the performance. The experimental results 

show that using the Stacking model to classify the Permutation 

Entropy of EEG can achieve an overall accuracy of 82.6% with 

83.3% recall and 0.827 F1-score. In addition, we also conducted a 

comparative analysis of EEG signals with different lengths of 

sample and compare eyes-open and eyes-closed EEG.  

Keywords-Machine Learning, EEG, Nonlinear dynamic 

features, Organizational commitment 

I.  INTRODUCTION 

Electroencephalogram (EEG) [1] is a kind of 
physiological electrical signal caused by subcortical nerve 
activity, which can be recorded through external electrodes. 
It can reflect the individual’s physiological state and 
conscious activities. With the continuous advancement of 
brain science research in recent decades, it has become 
possible to use EEG to recognize some personality traits [2-
5]. For instance, Manousos et al.[6] analyzed the Big Five 
personality based on the AMIGOS data set. They used the K-
means algorithm to divide the Big Five personality scores 
into low and high levels, and then used EEG to achieve two 
classifications. They used the brain network analysis method 
to extract the features of the EEG signal (including edge 
weight, Betweenness centrality), and used the feature 
selection algorithm to get the best 10 features, and 
constructed the support vector machine model for 
classification. Besides, Pascal et al. [7] studied the difference 
in resting-state EEG between skeptics and believers based on 

EEG microstate analysis, and their research showed that 
there are significant differences in the microstate parameters 
of the two groups of people. Furthermore, Aya Kabbara et al. 
[8] studied the feasibility of resting-state EEG to predict 
personality traits based on dynamic network analysis. The 
study shows that the personality traits of extroversion and 
openness are positively correlated with the dynamics of the 
brain network. According to our literature research, the 
current research on personality traits based on EEG analysis 
is still a big challenge and there is not much relevant 
literature. In order to further explore this field, we consider 
researching the personality trait of "organizational 
commitment". In the 1960s, American sociologist Becker 
first proposed the concept of "Organizational Commitment" 
whose original definition was: a psychological phenomenon 
that individuals hope to stay in an organization for a long 
time with the increase of "unilateral investment" in this 
organization [9]. Traditional organizational commitment 
analysis, like other personality trait analysis such as the Big 
Five (OCEAN–openness, conscientiousness, extraversion, 
agreeableness and neuroticism) [10], is carried out in the 
form of psychological scale questionnaires, such as the OCQ 
scale[11] developed by Modway and Steers in 1979. At 
present, other researchers still use psychological scales to 
analyze organizational commitment and haven’t used EEG to 
recognize the level of subject’s organizational commitment. 
In order to achieve automatic recognition based on EEG, we 
need to extract several features from EEG. 

There are many kinds of features used in other research 
related to EEG signal analysis at present, including some 
common statistical features of time series signals (such as 
mean, variance, etc.) and spectral features (such as power 
spectral density of different frequency bands) [12]. In 
addition, there have been quite a few studies that have used 
microstate analysis[13-15] and functional brain network 
analysis[16-18] to extract the features of EEG signals. For 
example, duration, occurrence frequency and time coverage 
of different micro-states, as well as strengths and clustering 
coefficients of functional brain networks. Not only that, 
methods related to nonlinear dynamic theory [19] can also 
capture the internal characteristics of brain signals because 
the brain is a multi-dimensional dynamic system and the 
nervous system is nonlinear and chaotic. 
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(a)                                                                                                       (b) 

Figure 1. Illustrative diagram of the experiment process. (a) main process (b) Schematic diagram of ICA algorithm 

In recent decades, researchers have proposed many non-
linear algorithms to extract the non-linear features of EEG, 
and applied them in different research. For instance, J. Kang 
et al. [20] extracted a series of different non-linear features 
such as permutation entropy and Shannon entropy to 
recognize ADHD (Attention deficit hyperactivity disorder) 
patients and normal subjects. In addition to these kinds of 
entropy based on the time domain, some researchers have 
also extracted entropy based on the time-frequency domain, 
such as Wavelet Entropy (WE) [21] and Hilbert-Huang 
Spectral Entropy (HHSE) [22]. Toural et al. [23] combined 
wavelet entropy, sample entropy and approximate entropy to 
automatically distinguish Alzheimer's disease (AD), mild 
cognitive impairment (MCI) and healthy subjects through 
resting-state EEG and obtained an overall accuracy of 92.6%. 
However, the above methods are mainly used in disease 
recognition or other application tasks in current existing 
literature and there has not been no literature applying 
nonlinear EEG analysis to personality trait recognition.  

In the current work, our research goal is to recognize 
subjects with different levels of organizational commitment 
scores based on various machine learning classifiers and 
different types of non-linear dynamic features extracted from 
resting state EEG. This task is challenging due to the 
instability of EEG signals and the lack of research on 
personality traits based on EEG. In this paper, our main 
contributions are as follows. 

 We propose the feasibility of using EEG to 
recognize two groups of people with different levels 
of Organizational Commitment and use our 
experimental data to obtain good results based on 
nonlinear dynamic analysis and machine learning. 

 We find the best nonlinear dynamic features through 
cross validation and analyze the influence of the 
EEG sample's length and the state of recording EEG 
(eyes-open or eyes-closed) by comparing various 
evaluation metrics, which could be valuable for 
further research. 

 We construct a fusion model with an overall 
accuracy of 82.6% with 83.3% recall and 0.827 F1-
score, which is better than the performance of other 
machine learning models. 

II. MATERIALS AND METHODOLOGY 

A. EEG recording and Subjects Labels 

In this research, the preliminary work included two parts: 
a) setting labels for subjects through the scores of the 
psychological scale about organizational commitment [24]; b) 
recording and preprocessing EEG data of different subjects, 
which is shown in Figure. 1-(a). Firstly, we used a 
psychological questionnaire on organizational commitment 
to assess the score of our recruited subjects before the EEG 
recording experiment. Then, these subjects were labeled 
according to their questionnaire scores. In this research, we 
set a threshold for score so as to divide all subjects into two 
groups (positive class and negative class). 

Next, the experimental hardware equipment we utilized 
for recording EEG signals is the 64-channel EEG system 
(SynAmps RT 64-channel Amplifier, Compumedics 
Neuroscan, America). We selected electrode M1 as the 
reference and set the sampling rate of the equipment as 1000 
Hz. It should be noted that our recruited subjects were asked 
to sit in our special room isolated from electromagnetic noise 
or external interference. Meanwhile, we reminded them to 
reduce their blinking frequency and avoid moving. Then, we 
recorded the subjects' resting-state EEG with their eyes open 
for 2 minutes and their eyes closed for 2 minutes.  

After the recording experiment, the EEG signals were 
preprocessed. Firstly, we remained 60 channels except M1, 
M2, CB1, and CB2. Then, both high-frequency noise and 
low-frequency noise of EEG were filtered out by a band-pass 
filter with 1~30Hz range. Next, we used the down-sampling 
method to reduce the sampling rate of EEG from 1000Hz to 
250Hz and applied independent component analysis (ICA) to 
remove electro-oculogram (EOG) artifacts. The assumption 
of the ICA algorithm is that the multi-channel EEG signal 
can be regarded as a linear mixture of the source signals of 
the brain, and the activity of each source is independent in 
time. The general principle of this algorithm is as follows 
(Fig.1-b): First, the multi-channel EEG signals are 
decomposed into multiple independent components X. 
Meanwhile, the projection matrix W is obtained; Then, the 
artifact components are removed from the independent 
components X; Next, the independent components are back-

projected to obtain clean EEG signals through matrix 1W  . 

After the ICA algorithm, the EEG data was segmented into a 
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Figure 2. Schematic diagram of stacking model strategy. Model_1: nonlinear SVM; model_2: GBDT; model_3: Guassian 
Naïve Bayes; model: nonlinear SVM 

series of samples with the same time length T (default T=4s), 
and each sample had a corresponding label (1 or 0). 

In this paper, we recorded 10 subjects for our research, 5 
of whom have a label of 1 (high level of organizational 
commitment), and the other 5 have a label of 0 (low level of 
organizational commitment). At the same time, their EEG 
data was pre-processed for subsequent analysis. 

B. Features extraction using nonlinear dynamic methods 

In order to achieve the recognition task, we need to 
extract the features of the EEG signals as the input vector of 
the classifiers. Many methods related to non-linear dynamics 
theory can be used to capture the characteristics of neuron 
activity. The reason why we choose these nonlinear dynamic 
methods is exactly that the human brain is also a nonlinear 
dynamic system. Therefore, we reasonably infer that these 
methods can capture the features related to this personality 
trait. In this paper, we extracted the following different 
nonlinear dynamic features, including first 4 kinds of time-
domain entropy and last 2 kinds of entropy based on time-
frequency domain. The brief introductions of these nonlinear 
features are as follows [25].  

 Shannon entropy (ShEn): It can be calculated by 
the probability density of EEG signal amplitude and 
can be used to measure the information of time 
sequence such as EEG signals. 

 Approximate entropy (ApEn): It can be regarded 
as a non-linear dynamic parameter for quantifying 
the regularity and unpredictability of fluctuated time 
series. The more complex the EEG signal is, the 
greater the ApEn is. 

 Sample entropy (SampEn): This feature is similar 
to ApEn and it improves several shortcomings of 
approximate entropy, such as avoiding the 
elimination of self-matching. 

 Permutation entropy (PE): This algorithm 
transforms EEG signals into a series of ordered 
patterns, each of which describes the order 
relationship between the current and equidistant past 
values at a given time. 

 Wavelet entropy (WE): It is a kind of entropy 
based on wavelet transformation which is a kind of 
time-frequency transformation. WE can reflect the 
chaotic degree of signal containing multiple 
frequency components, so as to provide the dynamic 
characteristics of the human’s EEG. 

 Hilbert-Huang Spectral Entropy (HHSE): Similar 
to WE, HHSE is a kind of entropy based time-
frequency transformation. The calculation method is 
mainly divided into the following steps: 1) Use 
Empirical Mode Decomposition (EMD) to 
decompose the EEG series into a set of intrinsic 
mode functions (IMFs); 2) Perform Hilbert 
transform on IMF components; 3) Calculate the 
normalized Hilbert-Huang spectrum; 4) HHSE can 
be obtained by calculating the Shannon Entropy of 
the spectrum. 

C. Machine Learning Classifier and Stacking Model 

In this paper, we use different machine learning 
algorithms [26,27] and compare their performance, including 
non-linear support vector machines based on Radial Based 
Function (SVM-RBF), linear support vector machines, 
gradient boosting decision trees (GBDT), logistic regression 
(LR), K-Nearest-Neighbors (KNN) and Gaussian Naïve 
Bayes classifier (GNB). 

Besides, we construct a fusion model based on stacking 
method in order to improve the performance. Figure. 2 
shows the principle of the fusion model based on stacking 
strategy, which is a two-layer model. First of all, M different 
machine-learning models (M=3) are selected as base models 
(first layer). Then, all the outputs of the first-level base 
models are combined to be the input of the second-level 
model. Next, the second-level model is trained to obtain the 
final prediction results. Besides, it should be noted that the 
K-folds (K=5) cross-validation method is applied in the 
training data (feature X and label y) to train the first-layer 
base model. During this process, the following operation 
should be repeated K times for each first-layer model: The 
data set is randomly divided into K groups (K=5) where the 
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K-1 groups among them are combined into the new training 
set ("T" in figure. 2) for training the first-layer base model 
and the other one group ("V" in figure. 2) as the new 
validation set is input to the trained model to get the output 

ˆ
iy  (i =1, 2, 3). All machine learning models in this paper are 

implemented by python, sklearn and mlxtend [28,29]. 

D. Data set split and cross-validation classification 

After pre-processing and data segmentation, we obtained 
the entire EEG dataset containing 10 subjects. Each subject 
provided both 2-min resting-state EEG in an eyes-open 
condition and 2-min resting-state EEG in an eyes-closed 
condition. By default, the EEG data was divided into 
samples of 4 seconds, thus there are a total of 10*30*2 
resting-state EEG samples. Then, we extracted different 
nonlinear dynamic features from 60 channels of each EEG 
sample to form the input vector of the classifiers.  

Then, we used cross-validation and several typical 
evaluation metrics to evaluate our classification results. 
Taking into account the individual differences between 
people’s EEG signals, it is not appropriate to simply divide 
all EEG samples into the training set and the validation set. 
Therefore, we combined a negative subject (label=0, low 
level of organizational commitment) and a positive subject 
(label=1, high level of organizational commitment) into a 
validation set, and regard the others as the training set. Then, 

we could obtain 5×5 kinds of combinations. Next, all the 

numerical results in this paper can be obtained as the overall 
average value of multiple cross-validation results. In this 
paper, we used multiple metrics, including accuracy, 
precision, recall, F1-score, ROC curve, and AUC for 
evaluating. 

III. EXPERIMENTAL RESULTS AND ANALYSIS 

A. Entropy based on time-domain 

We conducted classification experiments using the eyes-
closed EEG. Table. 1 shows our cross-validation 
classification results of various machine learning classifiers 
and entropy features based on time-domain. The results 
indicate that all these types of features have a certain degree 
of classification effect in different machine learning models, 
and the Permutation Entropy performs relatively best. 
Specifically, the Permutation Entropy performs best under 
the non-linear SVM model, which can achieve an overall 
accuracy of 75.7% with 71.6% precision, 85.2% recall and 
0.778 F1-score. It can be seen that the value of recall is 
larger than accuracy, indicating that the classifier recognizes 
positive samples in a larger proportion. In addition, figure. 3 
shows the ROC curves and the corresponding AUC values of 
several non-linear features that perform relatively well in 
different classifier models. The results show that the 
Approximate Entropy and the Permutation Entropy in the 
non-linear SVM model can obtain the AUC of 0.84 and 0.88, 
respectively. This indicates that their classification effects 
are both relatively better because ROC curve is not sensitive 
to the changes in the distribution of different classes of data. 

TABLE I.  RESULTS OF DIFFERENT MACHINE LEARNING MODEL USING 

VARIOUS ENTROPY BASED ON TIME-DOMAIN 

Feature Classifier Acc precision recall F1 

Approximate  

Entropy 

SVM-RBF 0.713 0.689 0.770 0.730 

Linear SVM 0.607 0.580 0.772 0.662 

LR 0.637 0.607 0.773 0.680 

KNN 0.629 0.586 0.875 0.702 

GNB 0.655 0.632 0.743 0.683 

GBDT 0.672 0.648 0.753 0.696 

Permutation  

Entropy 

SVM-RBF 0.757 0.716 0.852 0.778 

Linear SVM 0.672 0.640 0.788 0.706 

LR 0.692 0.654 0.815 0.725 

KNN 0.746 0.687 0.905 0.781 

GNB 0.700 0.666 0.801 0.728 

GBDT 0.701 0.654 0.851 0.739 

Sample  

Entropy 

SVM-RBF 0.680 0.652 0.771 0.707 

Linear SVM 0.601 0.578 0.743 0.651 

LR 0.610 0.584 0.760 0.661 

KNN 0.684 0.634 0.871 0.734 

GNB 0.600 0.587 0.673 0.627 

GBDT 0.683 0.654 0.776 0.709 

Shannon  

Entropy 

SVM-RBF 0.696 0.679 0.745 0.711 

Linear SVM 0.582 0.575 0.626 0.600 

LR 0.592 0.584 0.637 0.609 

KNN 0.617 0.608 0.659 0.633 

GNB 0.715 0.715 0.714 0.715 

GBDT 0.707 0.687 0.760 0.722 

 

B. Entropy based on Time-frequency domain. 

Similarly, we also extracted the entropy based on time-
frequency domain from the eyes-closed EEG. The 
experimental results are shown in Table. 2. Compared with 
the above features based on the time domain, the 
performance of Wavelet Entropy and Hilbert-Huang Spectral 
Entropy is relatively poor. Wavelet Entropy can achieve an 
overall classification accuracy of 66.7% with an F1-score of 
0.697 in the Gaussian Naïve Bayes model (GNB). Besides, 
as shown in figure. 3, the AUC of WE in each classifier is 
not high. In contrast, although the Hilbert-Huang Spectral 
Entropy can achieve an overall accuracy of 62.1% in the 
KNN model, the recall value is relatively low, which 
indicates that the classifier recognizes most samples as 
negative samples (label=0). In addition, the Hilbert-Huang 
Spectral Entropy does not perform well in the other 
classifiers.  

By comparison, the relatively best nonlinear dynamic 
features in different machine learning models are entropy 
features based on time-domain.  
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Figure 3. The mean ROC curves when using different machine learning models and nonlinear features. ApEn: Approximate 
Entropy, PE: Permutation Entropy, SampEn: Sample Entropy, ShEn: Shannon Entropy, WE: Wavelet Entropy 
 

 
Figure 4. Comparison between eyes-open EEG and eyes-

closed EEG 

TABLE II.  RESULTS OF DIFFERENT MACHINE LEARNING MODEL USING 

VARIOUS ENTROPY BASED ON TIME-FREQUENCY DOMAIN 

Feature Classifier Acc precision recall F1 

Wavelet 

Entropy 

SVM-RBF 0.589 0.570 0.724 0.638 

Linear SVM 0.615 0.600 0.688 0.641 

LR 0.611 0.593 0.706 0.645 

KNN 0.610 0.580 0.781 0.665 

Gaussian NB 0.667 0.639 0.766 0.697 

GBDT 0.616 0.595 0.724 0.653 

Hilbert-Huang 

Spectral 

Entropy 

SVM-RBF 0.579 0.614 0.428 0.504 

Linear SVM 0.548 0.564 0.417 0.479 

LR 0.541 0.556 0.411 0.473 

KNN 0.621 0.658 0.502 0.570 

Gaussian NB 0.579 0.598 0.484 0.535 

GBDT 0.473 0.459 0.290 0.355 

 

C. Eyes-closed vs. eyes-open  

As mentioned earlier, we have recorded the resting-state 
EEG data in the eyes-open periods and the eyes-closed 
periods, respectively. Actually, there are significant 
differences in the time domain and frequency domain 
between the two states of EEG. Therefore, we chose the 
well-performing EEG features (Approximate Entropy, 
Permutation Entropy, Sample Entropy, Shannon Entropy) 
and the non-linear Support Vector Machine model to 
compare the differences between two groups of EEG data. 
The result is shown in Figure. 4, which shows that the 

various classification metrics under the state of "eyes open" 
are significantly reduced, and the classification accuracy rate 
is less than 50%. In other words, the eyes-open EEG is not 
suitable for recognition of Organizational Commitment. 
Therefore, we suggest that only the resting EEG data in the 
closed eye state should be used in the relevant research in the 
future.  

D. The length of EEG segment  

The default EEG sample length we used above is 4s, 
namely 4×250=1000 time points. However, in fact, the time-
window length affects not only the size of the data set but 
also the characteristic information in these EEG samples, 
which results in different classification performance. In order 
to analyze the influence of this factor on the experimental 
results, we chose different time window lengths of 1s, 2s, 
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Figure 5. Classification results based on various features when 
using different lengths of segmented EEG samples (eyes-
closed state EEG) 

 
Figure 6. Comparison of classification performance between 

Stacking model and non-linear SVM 

and 4s to segment the resting-state EEG data, and then 
repeated the previous operation to classify the EEG samples 
into two groups. The result is shown in Figure. 5: As the 
time-window length of the sample decreases, the overall 
accuracy, recall, precision and F1-score based on the 
nonlinear SVM model and four types of entropy feature all 
tend to decrease. 

When the time-window length is 4s, the overall 
classification accuracy of the feature Permutation Entropy 
(PE) in the nonlinear SVM model can reach 75.7% with a 
relatively high F1-score (0.732). However, the size of the 
EEG sample data set will also become smaller as the length 
of the time window increases, which may limit further 
research. Therefore, we should choose an appropriate time 
window according to specific requirements in actual research. 

E. Stacking Model Strategy 

Although the above research has shown the classification 
performance of different nonlinear features in different 
machine learning models, the results of various classification 
metrics (accuracy, precision, recall and F1-score) show that 
the classification effect is not good enough. Therefore, we 
also use the model fusion strategy called "Stacking" to 
improve the classification performance. 

In the research of this paper, nonlinear SVM, gradient 

boosting decision tree (GBDT) and Gaussian Naïve Bayes 
classifier (GNB) are chosen as the first-layer models and 
another non-linear SVM is used as the second-level model. 
We compared the Stacking model with the classification 
results of a single Gaussian kernel SVM, and the values of 
various evaluation indicators are shown in Figure. 6 where 
the solid line represents the Stacking model, and the dashed 
line represents the nonlinear-SVM model. The results show 
that whether Sample Entropy or Permutation Entropy obtains 
significantly better classification results based on the 
Stacking model where Permutation Entropy can achieve an 
overall accuracy of 82.6% with 82.2% precision, 83.3% 
recall and 0.827 F1-score. This indicates that both the 
positive (label=1) and the negative (label=0) samples are 
classified well.  

 

IV. CONCLUSION 

In this paper, we have explored the feasibility of using 
EEG to recognize two groups of people with different levels 
of Organizational Commitment based on nonlinear dynamic 
features and machine learning. For such a novel research task, 
our experimental results show that Approximate Entropy and 
Permutation Entropy perform best among the nonlinear 
dynamical features of EEG. Then, we further compare 
different state of EEG and find that it is difficult to obtain 
good classification performance based on the eyes-open EEG. 
Besides, we have found that the performance of classifiers 
becomes worse with the decrease of EEG sample's length. 
Therefore, our future research direction is to improve the 
recognition performance of short-length EEG samples. 
Furthermore, we constructed a fusion model with better 
performance (an overall accuracy of 82.6% with 0.827 F1-
score) in this paper.  

Apart from the above machine learning techniques in this 
paper, we have also tried using a one-dimensional 
convolutional neural network (CNN) and a two-dimensional 
CNN based on EEG spectrograms to construct a 
classification model for this task. However, the results in the 
cross-validation experiment are unstable while there is also a 
serious over-fitting phenomenon. The main reason for these 
problems is that the size of the dataset is insufficient to train 
more complex deep learning models. In the future, more 
different features and different deep learning methods will be 
combined to further improve the performance of the model. 
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