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Abstract  
Psychological stress is the main factor affecting people’s health. It is very important to measure psychological 

stress, evaluate and intervene in human psychological health under stress. In order to evaluate the psychological 

health state of college students under examination stress, this study collects and analyzes EEG signal of college 

students with examination stress based on EEG neuroscience. The results show that genetic algorithm (GA) 

optimization can significantly improve the accuracy of test set, indicating that GA has strong generalization 

ability in the process of optimization, and it is feasible to use EEG data to analyze and evaluate the psychological 

health state of college students under examination stress. The EEG signal of college students with and without 

examination stress shows the shape of unimodal arch, and the EEG signal in the two states is multi-fractal. 

Different subjects have different stress and psychological states in the experimental test with big differences. 

College students with higher examination stress are more likely to face psychological health problems. 
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Stress is a characteristic of people’s emotional state (Bayrami et al., 2012). Along with the development of 

social economy and science and technology, people are bearing various kinds of psychological stress in life 

while enjoying the convenience and the stress has become one of the factors affecting health (Metcalf & 

Holmes, 2010; Hyunwoo K et al. 2018). In particular, for students who are facing many examinations, their 

psychological health problems under the high examination stress constantly emerge. When the stress exceeds 

the students’ psychological load capacity, psychological diseases, such as anxiety and depression may be 

induced (Hesselmann et al., 2011; Beaumont & Rugg, 1979). Therefore, the psychological health of college 

students under examination stress isattracting more and more attention from the society. Scholars at home and 

abroad also adopt various methods to evaluate and measure the psychological state of students (Schmidt et al., 

2012; Brand et al., 2010). However, the traditional psychological evaluation method is subjective and can’t be 

applied effectively (Meerwijk, Ford & Weiss, 2015; Wessel, 2016). 

The study shows that there is a close relationship between psychological stress and brain neural activity. 

EEG neuroscience and EEG signal acquisition technology are gradually discussed and introduced into the study 

of people’s psychology and emotion (Osborne, Chou & Shen, 2011; Yang & Zhou, 2005). EEG, as a kind of 

electricity of human body, can be collected and processed at different parts of the scalp through non-invasive 

methods based on regional potential analysis of human nerve cell activity (Giorgi et al., 2013; Shim & Kim, 

2014; Bonnefond et al., 2008). In addition, EEG signal is non-invasive and not easily affected by subjective 

judgment with high resolution, and can be used as quantitative information in people’s psychological health 

evaluation. Thus, it receives researchers’ attention in identifying and analyzing psychological health (Saeed, 

Anwar, Majid & Bhatti, 2016; Shim & Kim, 2014). In this study, based on EEG neuroscience, the stress state 

induction test is carried out on college students with examination stress, and the EEG signals of the subjects are 

collected by EEG recorder for analyzing, pre-processing, intercepting and extracting independent component 

analysis (ICA). Then the psychological health state of college students under examination stress is obtained, 

providing theoretical basis for prevention and treatment of college students’ psychological health problems. 

 

EEG Signal Acquisition and EEG Feature Extraction 

EEG signal acquisition and preprocessing 

The Neuroscan EEG recorder used in the experiment has a high sampling frequency that can reach 20 KHz, 

and its common mode rejection ratio and input impedance are 108 d and 10 Gohm respectively, which ensures 

the continuity of sampling information. As an advanced and complete test system in the field of EEG 

neuroscience, Neuroscan EEG recorder can not only accurately collect EEG signals, but also improve the 

accuracy of EEG signal analysis for its powerful software analysis and data processing functions (Sahoo, 

Mohanty & Sahoo, 2014). 

In order to ensure that the subjects are representative and random, this study selects college students with 

different stress states to analyze their psychological health state. 15 junior college students who take part in the 

postgraduate entrance exams and 15 junior college students who don’t take part in the postgraduate entrance 

exams are selected randomly. The former have higher stress for entrance exams, while the later have lower 
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stress. Among these students, the subjects with normal vision (including normal after correction) and normal 

body coordination ability are selected to conduct follow-up EEG test, and then their psychological health state 

are analyzed and evaluated. The examination stress is simulated in the form of test questions. The test questions 

will be read by subjects within a certain period of time before the test. The steps of EEG signal acquisition are 

as follows: (1) EEG signals are collected for 30-60 seconds after the subjects take a rest until the EEG signal is 

stable; (2) the voice signal reminds the subjects to start the test for 60 s; (3) repeat steps (1) and (2) and record 

three EEG signals for each subject. The specific test flow is shown in Figure 1. 

The flow chart of ERP is shown as follows 
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Figure 1. Flow chart of ERP experiment. 

The EEG signal collected in the experiment has much background noise, interference signal and obvious 

fluctuation, so it needs to be pre-processed, that is, it is intercepted, filtered and removed the horizontal EOG 

effectively. After that, the EEG signal is subjected to sampling frequency conversion processing. The frequency 

of the signal is converted to 128 Hz and stored in an Excel file, and is intercepted as an EEG sample set processed 

by ICA to remove the signal artefacts. 

EEG feature extraction 

This study takes C4 electrode as the object of study, extracts three eigenvectors of Kc complexity, C0 

complexity and approximate entropy (ApEn), and uses back propagation (BP) neural network classifier to 

identify the stress state of subjects, which provides theoretical and data support for evaluating their 

psychological health state. 

Kc complexity 

To solve the complexity of EEG signals, the original EEG signals need to be coarsened to make the 

continuous EEG signals become binary signals with limited time series elements. The complexity calculation 

is realized by means of Matlab program in the steps: the data are imported, the average value is calculated, the 

numerical value is compared and the data are saved (the data which are greater than the average value are saved 

as 1 and stored in the newly generated matrix, the data which are smaller than the average value are saved as 0 
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and input into the newly generated sequence). Then the L-Z algorithm programming is carried out for the 

calculation of Kc complexity.  

 

C0 complexity 

C0 complexity represents the irregular degree of the series and reflects the rate at which a new pattern occurs 

with the increasing length of the time series. The C0 complexity is obtained by fast calculation of Fourier 

transform. As shown in Formula 1, C0 is the ratio of the area of the region bounded by |s(t)-s'(t)| and s(t). The 

larger the randomness of the time series is, the larger the value of C0 complexity is. If the time series is periodic, 

C0 complexity tends to be 0 with the increase of the length of series. If the time serie is constant, C0 complexity 

is 0. 

𝐶0 =
∑ |𝑠(𝑡)−𝑠′(𝑡)|𝑁
𝑡=1

∑ |𝑠(𝑡)|𝑁
𝑡=1

  

Where, s(t) is original time series, s’(t) is time series after Fourier transform.  

 

ApEn 

ApEn is used to measure the complexity of time series, which reflects the self-similarity of EEG signal in 

time series. The more complex the time series of EEG signal is, the larger the ApEn value is. Similarly, the 

simpler the time series is, the smaller the ApEn value is. 

 

BP neural network and GA 

BP neural network can be trained by error back propagation algorithm. The topology of BP neural network 

model includes input layer, hidden layer and output layer, as shown in Figure 2. GA can simulate natural 

selection and genetic mechanism to perform model calculation so as to search for the optimal solution of the 

data set. In this study, GA is used to optimize support vector machine (SVM). Neural network and GA are used 

to optimize weights and thresholds. The detailed flow is shown in Figure 3. 
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Figure 2. BP neural network structure model. 
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Figure 3. GA-BP neural network flow chart. 

 

Experimental Result and Analysis 

Optimization of EEG data by genetic algorithm  

In each stimulation test, 66 samples are randomly selected as the training set, and 24 samples are used as 

the test set. In this study, the number of samples in the training set and the test set is about 3: 1. The BP neural 

network GA and SVM GA are simulated and tested for ten times before and after optimization. Table 1 shows 

the accuracy of the test set identification of GA-SVM optimized by GA and SVM without optimization. It can 

be seen that the average accuracy of the test set of SVM before and after the GA optimization is 70.86% and 

80.83% respectively. The average accuracy of the test set after the GA optimization increases by 9.97%, 

indicating that GA can improve the classification identification accuracy of the SVM classifier and optimizes 

the identification result. It also shows that it is feasible to use EEG data to analyze and evaluate the psychological 

health state of college students under examination stress. 

Table 1 
10 SVM and GA-SVM Tests Set Accuracy (%) 

SVM 73.26 78.91 73.88 73.94 68.57 

GA-SVM 78.61 82.26 78.23 86.99 77.26 

SVM 79.26 60.77 65.32 69.47 65.32 
GA-SVM 92.10 78.15 69.68 80.18 84.61 
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Figure 4. Optimization process of c, g in one experiment. 
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Figure 5. SVM test set accuracy. 
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Figure 6. GA-SVM test set accuracy. 
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Figure 4 shows the optimization process of the error penalty factor c and the kernel function g of the RBF 

kernel function in the stimulation test. In one simulation experiment, the best quality of the error penalty factor 

c and the kernel function g is 5.8542 and 8.7218 respectively. The simulation result of the classification accuracy 

of the default SVM test set is shown in Figure 5 while that of SVM optimized by GA is shown in Figure 6. It 

can be found from comparison that the accuracy of SVM before and after GA optimization is 69.57% and 

82.61% respectively. GA optimization improves the classification accuracy of SVM by more than 13%. 

The classification accuracy of BP neural network optimized by genetic algorithm (GA-BP) is further 

studied. The accuracy of BP neural network test samples before and after GA optimization for 10 times is shown 

in Table 2. It can be seen that the average accuracy of BP neural network test before and after GA optimization 

is 69.47% and 81.64% respectively. After GA optimization, the average accuracy of BP neural network test set 

is improved by more than 12%, indicating that GA can optimize the accuracy of BP neural network simulation 

test set. The result also shows that EEG data can be used to evaluate the psychological health state of college 

students under examination stress. 

Table 2 
10 BP and GA-BP Tests Set Accuracy 

BP 73.81 65.12 78.16 82.51 60.77 

GA-BP 81.61 73.81 91.20 82.51 73.81 

BP 60.79 60.65 69.48 60.86 82.51 
GA-BP 82.51 73.81 78.16 91.20 86.86 

 

Multi-fractal analysis of EEG under stress 

According to the study, EEG signals have obvious fractal features, that is, the EEG signals have no fixed 

feature length, but have self-similar pattern structure. When the shapes and amplitudes of EEG signals of the 

two groups are similar, they can’t be effectively divided in time domain, so the fractal characteristics of EEG 

signals can be analyzed by the singular spectral curves of singular intensity α and f(α). First, based on the EEG 

signals of the two states of resting and opening the eyes and resting and closing the eyes, fractal method is used 

to obtain the multi-fractal spectra of the EEG signals under the two states, as shown in Figure 7. It can be seen 

that the width and amplitude of the singular spectrum are not the same under the two different states of EEG 

signals, which can be distinguished from each other. 

Based on the multi-fractal theory, the multi-fractal spectrum of EEG under stress and non-stress state is 

obtained. As shown in Figure 8, EEG signals under both examination and non-stress state show unimodal arch, 

showing that EEG signals in the two states are multi-fractal signals. According to the analysis results, 14 groups 

of EEG data without stress and 20 groups of EEG data with stress are selected for further analysis. The multi-

fractal spectrum analysis results of EEG data under the two states are shown in Table 3 and Table 4. According 

to the statistical results, it can be found that different subjects have different stress and psychological state in 

the test, and there are great differences among individuals. The college students with higher examination stress 

are more likely to face psychological health problems. Therefore, the average value of the other fractal spectrum 

widths after the maximum value and the minimum value of the singular spectrum width △α are removed. As 

shown in Table 5, the EEG signal △α under examination stress is larger than that under no examination stress, 
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so △α can be used to distinguish the EEG signals under different examination stress state, as well as to analyze 

and evaluate the psychological health state of college students under examination stress. 

 

Table 3 

Statistical Analysis of Multi-fractal Spectrum of Stress EEG Signals 

Group 
number 

α 
maximum 

α 
minimum 

△α 
Group 

number 
α 

maximum 
α 

minimum 
△α 

3 1.57 0.39 1.18 22 1.47 0.55 0.92 

4 0.71 0.28 0.43 24 1.71 0.52 1.19 
7 1.27 0.34 0.93 25 1.32 0.47 0.85 

9 0.61 0.27 0.35 26 0.86 0.58 0.28 

10 0.72 0.36 0.36 28 1.17 0.43 0.74 
13 0.79 0.32 0.47 30 1.10 0.41 0.69 

14 0.88 0.31 0.57 31 0.73 0.35 0.38 

17 0.89 0.39 0.50 33 0.96 0.41 0.55 
18 0.85 0.51 0.34 36 1.10 0.38 0.72 

21 1.25 0.41 0.84 37 1.27 0.34 0.93 

 

Table 4  

Multi-fractal Spectrum of Stress-Free EEG Signal 

Group 

number 

α 

maximum 

α 

minimum 
△α 

Group 

number 

α 

maximum 

α 

minimum 
△α 

1 0.92 0.30 0.62 21 0.84 0.16 0.68 

2 0.63 0.44 0.19 37 0.97 0.24 0.73 

4 0.89 0.42 0.47 40 0.83 0.45 0.38 

6 0.94 0.21 0.73 41 0.63 0.27 0.36 
11 0.80 0.50 0.30 44 0.74 0.34 0.40 

15 1.09 0.41 0.69 48 0.91 0.33 0.58 

20 1.48 0.31 1.17 49 1.09 0.34 0.75 

 

Table 5 
Analysis and Comparison of the Range of Singular Spectrum of EEG with or without Stress 

 Maximum △α Minimum △α Mean △α 

without pressure 1.17 0.19 0.56 
Under pressure 1.19 0.28 0.65 

 

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
-0.1

0.0

0.1

0.2

0.3

0.4

0.5

0.6
 Resting and opening the eyes

 Resting and closing the eyes

f（

）


 

 

Figure 7. Multi-fractal spectrum of eyes opening and closing. 
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Figure 8. Multi-fractal spectrum of electroencephalogram with stress and without stress. 

 

Conclusion 

Based on the research of EEG neuroscience, this study analyzes the psychological health state of college 

students under examination stress by using multi-fractal theory and support vector optimized by GA and BP 

neural network. Main conclusions have been drawn as follows: 

(1) According to the characteristics of EEG signals of college students under examination stress, the 

eigenvectors of Kc complexity, C0 complexity and ApEn are selected to analyze and calculate the EEG data. 

(2) After GA optimization, the average accuracy of test set of SVM simulation experiment is improved by 

9.97% and the accuracy of BP neural network test set is improved by more than 12% on average, which indicates 

that GA has strong generalization ability in the process of optimization, and it is feasible to use EEG data to 

analyze and evaluate the psychological health state of college students under examination stress. 

(3) The EEG signals of the students under the state with stress and without stress show the shape of unimodal 

arch, which indicates that the EEG signals under the two states are multi-fractal signals. In the experiment, 

different subjects have different stress and psychological states, and there are great differences among 

individuals. College students with higher examination stress are more likely to face psychological health 

problems. 
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