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Quantification and mental health discrimination 
by EEG and ECG evaluation 

Yusuke Yamamoto 
 
The modern society is believed to be a “stressed society,” with people being exposed to 
stress and anxiety all the time. According to the National Survey of Living Conditions by 
the Ministry of Health, Labour and Welfare, half of the population is reported to be either 
anxious or worried. Stress induces abnormal neurobiological responses and anxiety 
symptoms. When these symptoms become chronic they cause various psychiatric 
conditions such as anxiety, depression, and Post traumatic stress disorder, which have 
become rampant over these past several decades. Mental disorders manifest at various 
stages such as emotional, physical, psychological, and motivational; however, most of 
them tend to improve if detected at early and if appropriate treatment is initiated. 
Therefore, it is necessary to make efforts to understand one's mental condition objectively 
and quantitatively. 

Accordingly, electroencephalogram (EEG) and electrocardiogram (ECG) are 
important physiological indices indicating the mental status alterations. In the recent 
times, EEG and ECG have proved to be essential research tools for feature extraction. 
Deep learning is a method for predicting mental health from the acquired features, 
wherein devising various neural networks (NN) depending on the type of input data has 
gained much popularity. 

Therefore, this study aimed to create a system that can objectively and quantitatively 
understand the altered mental status by evaluating the brain and autonomic nervous 
system functions using EEG and ECG and also assessed the effects of NN using these 
values on the mental state discrimination. 

Chapter 1 describes the background and purpose of the study. 
In Chapter 2, we describe the results of our study that focused on a functional brain 

network using coherence values, which are EEG electrode power spectrum values 
investigating the functional connectivity of brain in difference of anxiety using graph 
theory analysis. The results of this study revealed that subjects with high trait anxiety 
showed activation of the entire brain as well as generation of alpha waves under emotional 
stress load. Subjects with high trait anxiety process information in a wider range of the 
brain, while those with low trait anxiety process resting and pleasant stimuli in much the 
same way as unpleasant stimuli. Results obtained for the graph theoretical indicators 
suggest that subjects with high trait anxiety form network structures that are less 
integrated and efficient as compared to those with low trait anxiety; these networks are 



sparse, and paths between brain areas are long. In addition, people with high trait anxiety 
process unpleasant stimuli in a wider range than unpleasant stimuli, while brain networks 
are not integrated, which may be indicative. In terms of network structure, it was found 
that individuals with high trait anxiety had a less integrated and inefficient network 
structure than those with low trait anxiety, and their functional brain network density was 
sparser and the path lengths between brain regions were longer. 

In Chapter 3, since the biological signals of the brain and heart are often used 
independently of each other in machine learning research on emotion discrimination, we 
focused on their respective power spectrum values. Moreover, we examined whether 
using both power spectra would improve the accuracy of stress detection. Thus, we 
concluded through the results that the EEG and ECG findings were different during 
resting and unpleasant stimuli, and that this combined dataset from simultaneous EEG 
and ECG recordings as input could improve the accuracy of detecting the stress caused 
by unpleasant stimuli. 

In Chapter 4, based on the findings in Chapter 2, we describe the results of our study 
in which we quantitatively evaluated the functional connectivity of brains at different 
states of anxiety over a time period. We further compared the accuracy of NN and 
recurrent neural network (RNN) values to investigate the changes in the functional 
connectivity of brains at different anxiety stages. These comparative analyses reveal that 
the information processing capacity and functional brain network structure during 
emotional stimuli vary at different anxiety levels. Furthermore, in deep learning, the 
indicators of functional brain connectivity i.e., time series data of coherence values and 
graph theory indices, demonstrate that the RNN is capable of discriminating between 
higher anxiety stages. 

Chapter 5 summarizes this thesis based on the main findings of the previous studies. 
The findings from these studies are twofold. 

First, it was possible to capture the different functional connectivity of the brain at 
various mental status condition by graph theory analysis and the combined EEG and ECG 
power spectra analysis. Second, we were able to show that combining these features and 
inputting them into NN leads to an improvement in the accuracy of mental state 
discrimination. 
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