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1. INTRODUCTION

Machine learning represents a subgroup of artificial intelligence that uses statistical models, and 
functions to ‘learn’ and ‘train’ data, resulting in corresponding output values.

EEG has its use, both in medical and non-medical purposes, representing, with a certain degree of 
credibility, different mental states, inner experiences, and user experiences.

The prediction of cognitive stress represents the application of machine learning, noting and using, 
as input values, EEG brain signals or extracted features from the EEG signal, with the aim of predicting 
the output values of cognitive stress, i.e., neurological and physiological reactions, of a higher or lower 
degree, which reflect the mental state of the subjects in real time.

2. THE SUBJECT AND THE GOAL OF THE RESEARCH

Predicting cognitive stress or output prediction refers to the process of using machine learning 
algorithms and models to predict an individual’s level of cognitive stress.

The primary goal of the research is to enhance the accuracy of developed prediction methods that 
can provide valuable insights or enable real-time responses based on the obtained levels of cognitive 
stress (Guger et al., 2021).

There are a large number of machine and deep learning algorithms that can be used for EEG data 
classification. Advances in technology that enable such analyses can have a strong impact on social 
sciences through application in various social contexts.

Processing EEG signals for the purpose of predicting both cognitive stress and other mental states 
and brain activities is becoming increasingly interesting in both scientific and commercial applications, 
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and it refers to an interdisciplinary and multidisciplinary approach that includes social sciences such 
as psychology and sociology. Moreover, in non-medical contexts it has a wider use, in terms of 
multidisciplinarity, and helps in neuromarketing, brain-computer video games, monitoring mental state 
and human-computer interaction. The integration of artificial intelligence and machine learning with EEG 
technology opens a world of new possibilities, promising to reshape the way we understand the human 
brain and interact with the world around us. As research in this field continues to advance, society will 
benefit greatly from the numerous applications and progress offered by predictions using EEG signals as 
input values.

Brain-computer interface (BCI), the use of EEG signals and the application of machine learning 
techniques represent one of the not so common areas of science with the epithet ‘multidisciplinary’. The 
importance of this topic can be viewed from the aspect of understanding how our most important organ 
functions. The human brain still represents a research challenge for scientists. Research of this, so to 
speak, microcosm, the most complex and still largely unexplored organ, can be achieved through various 
tools and methods that are available today and that relate to an interdisciplinary approach that includes 
social sciences.

Several metrics are used to assess the performance of prediction models, including accuracy, 
sensitivity, specificity, precision, Matthew’s correlation coefficient, which are usually used to evaluate the 
results of predicting levels of cognitive stress for each class of output EEG signals.

3. RESEARCH METHODOLOGY

The subject of this research is the development of a machine learning based model for predicting 
the level of cognitive stress based on EEG signals.

The level of cognitive stress is divided into two classes, a class of lower or moderate stress (below 
0.9) and a class of higher stress (above 0.9). The research aims to assess the precision and efficiency of 
the SVM (Support Vector Machine) model in predicting the level of cognitive stress based on EEG signals.

The Laboratory for Biomedical Engineering and Instrumentation at the Faculty of Technical 
Sciences of the University of Novi Sad has provided artificially generated EEG data with labeled levels of 
cognitive stress. In this way, interdisciplinarity and cooperation between technical and social sciences in 
the research of cognitive stress are encouraged.

Model training - The SVM model, a powerful supervised learning algorithm, was used for training 
the predictive model. This particularly gives a new aspect to the application of techniques from the field of 
artificial intelligence in social sciences, especially in psychology and sociology.

Preprocessing - Before entering the EEG data into the SVM model, several preprocessing steps 
were applied to improve the data quality and reduce noise.

4. COGNITIVE STRESS

Cognitive stress represents one of the fundamental cognitive processes that cause individuals 
to behave and think differently in certain situations than in the usual state of consciousness. Predicting, 
analyzing, and understanding the levels of cognitive stress obtained from EEG signals is of great 
importance in various fields, including neuroscience, psychology, education, professional sports, and 
human-computer interaction, as well as many other areas. An excessive amount of information represented 
in an extremely dynamic and fast environment is present in our everyday life, and the identification of 
neural processes in EEG signals associated with measuring cognitive stress can be useful for predicting, 
treating, and eliminating certain disorders and diseases related to the given cognitive process. Also, the 
identification and prediction of these processes and cognitive states, like cognitive stress, can be useful 
for an individual’s interaction in a virtual environment.

Cognitive stress is one of the concepts in neuroscience, psychology, biology which is among the 
most interesting for researchers. The mentioned sciences strive to objectively and rationally detect and 
classify the processes of cognitive stress and its adaptation to internal and external stimuli, whether 
somatic or psychological (Blanco et al., 2019; GAILLARD, 1993; Staal, 2004). Staal described two 
traditional models for stress: The first, caused by stimulation and the other, caused by response (Staal, 
2004). The stimuli cause model defines the concept of stress as the impact od different influences 
(‘stressors’) that destabilize the ‘normal’ functioning of an individual (Staal, 2004). Unlike the stimulus-
based model, the other model defines the concept of stress by distinguishing types of actions, activities 
(behavioral, cognitive, and affective) that are a consequence of the impact of stress (Staal, 2004). Current 
research has not established comprehensiveness for either of these two models, so a third model has 
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been developed. That model defines the concept of stress as a result of mismatch between an individual’s 
awareness of task demands and their awareness of the resource capacities needed to cope with the given 
tasks (Blanco et al., 2019; GAILLARD, 1993; Staal, 2004).

Furthermore, the same task that causes high cognitive stress in one individual may be routine and 
stress-free for another. Multiple aspects of the problem have been considered to determine the optimal 
threshold. The process of reaching the most optimal threshold value using experiences from other fields 
has been analyzed. It has been determined that many approaches to determining the optimal threshold 
value that have been applied in other fields can be used directly within the boundaries of the obtained 
result values (Vizer et al., 2009; Shanahan & Roma, 2003). Optimizing threshold values is a problem of 
upmost importance (Vizer et al., 2009; Shanahan & Roma, 2003). 

A stress level threshold of 0.9 was taken, which is an extremely low level on most stress scales, 
assuming that higher boundary values of the results indicate a higher level of stress (Crosswell & 
Lockwood, 2020; Toolbox | UCSF SMN, n.d.). Specifically, a score of 0.9 is considered low on most stress 
scales due to its scaling. In another context, for example, in some clinical or research contexts, a score 
of 0.9 may indicate a significant level of stress that requires attention or intervention. Some scales have a 
narrow range (e.g., from 0 to 10), while others have a wider range (e.g., from 0 to 100). On a scale with a 
narrow range, a score of 0.9 would be moderate to low stress. The device that made the assessment of 
cognitive stress based on the database we had available used a narrow scaling range. Taking all this into 
account, as well as the levels of cognitive stress recorded in the data files, we believe that the level, i.e., 
the boundary we have chosen to distinguish high from low levels of cognitive stress is optimal.

Simulators of brain activity, such as the SEREEGA package (Simulating Event Related EEG Activity; 
SEREEGA is an open-source tool package based on Matlab intended for generating simulated EEG 
data), or the European Union’s Human Brain Project (HBP), and MindScope at the Allen Brain Institute, 
are becoming increasingly present and significant in scientific research (Krol et al., 2018; Einevoll et 
al., 2019). This further emphasizes the importance of developing tools and projects that enable a better 
understanding of brain activity, which, on the other hand, can have applications and significance in fields 
such as psychology and education.

5. DESCRIPTION OF THE MODEL BASED ON SUPPORT VECTOR MACHINE

In the field of biomedical research, Support Vector Machine (SVM) methods are used in the 
classification of microarray gene expression profiles (Noble, 2006). SVM is also used in other fields with 
exceptional success, for example, in the field of financial-economic forensics, in machine learning for 
detection and recognition of the occurrence of false credit card numbers by examining thousands of 
financial reports on the use of both false and real credit cards (Noble, 2006). Also, SVM can be trained to 
detect handwritten numbers, based on a database of a large number of scanned images with handwritten 
zeros and ones (Noble, 2006). The Support Vector Machine method is trained and learned to distinguish 
between two classes, in line with its epithet of binary classification, and taking into account the unlabeled 
parameter, i.e., the input value, it predicts to which of the two classes it will correspond (Noble, 2006).

The generally accepted term in literature for a plane that separates data sets located in a multi-
dimensional space is called a hyperplane. The hyperplane, essentially, represents a line separating 
two classes, i.e., two groups of data (Noble, 2006). In the research on this topic, attempts are made to 
develop an SVM model that can handle errors in the data by allowing some of the expression profiles, 
as anomalies, to fall on the wrong side of the hyperplane (Noble, 2006). However, the soft margin in the 
SVM model allows some data points to pass through the margin or the boundary value of the hyperplane 
without the final result being compromised by errors (Noble, 2006).

Classification in SVM is an example of supervised learning. Known labels help to show whether 
the system is working correctly or not. This information indicates the desired response, confirming the 
accuracy of the system, or is used to help the system learn to act in the correct, desired way. The SVM 
classification process involves identifying those input values that are associated with the established two 
classes (Cristianini & Shawe-Taylor, 2000). Feature selection and SVM classification, as two significant 
processes in machine learning. They have application even when predicting unknown input values is 
not used (Cristianini & Shawe-Taylor, 2000; Guger et al., 2021). They can be used for detection and 
identification of data groups involved in any process that uses class differentiation (Cristianini & Shawe-
Taylor, 2000; Guger et al., 2021).

The disadvantages of SVMs are that they are not suitable for processing large amounts of data, and 
they do not perform best if there is more noise in the dataset (Hammad et al., 2020; Support Vector Machines 
| Dremio, 2023; Pan et al., 2008; Cooney et al., 2019; Guger et al., 2021). The biggest disadvantage of the 
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SVM model includes, as can be concluded from its binary data processing approach, the fact that SVM 
supports only binary classification problems. A certain modus operandi of multiclassification is, however, 
possible in the SVM model (Noble, 2006). The simplest approach to this problem is to train multiple one-
against-all classifiers.

6. RESEARCH RESULTS

The investigation of the SVM classifier potential for classifying low and high levels of cognitive 
stress based on EEG signals was conducted using a Matlab software tool called Matlab Online. It is 
necessary at the beginning of the code to perform a data type conversion, i.e., reading from .xlsx to 
.mat extension, which involves converting string values to numerical values. This represents a significant 
precondition for efficient and functional code, as well as for valid and precise results.

The following features (feature extraction) of EEG data were observed in the development of the 
Support Vector Machine model: Mean value method (mean feature), Centroid method (centroid feature), 
Spectral feature extraction method, and Higuchi Fractal Dimension (HFD) method. The largest percentage 
increase in accuracy was achieved by introducing the mean value feature. The next largest percentage 
increase, which followed, was thanks to the spectral feature extraction method, as well as the centroid 
method. A significantly smaller percentage increase in precision was obtained by introducing the Higuchi 
Fractal Dimension (HFD) method.

7. CONCLUSIONS

The potential of the Support Vector Machine method in classifying cognitive stress levels based on 
artificially generated EEG signals was examined in the paper. The obtained results show that it is possible 
to make a classification between two levels of stress, low and high, with an average accuracy of 75.33% 
and specificity of 93.93%. A significant improvement was achieved through the selection of appropriate 
EEG data features compared to just using preprocessed EEG data as input signals in the developed 
model. Binary classification, on which the SVM model is based, shows that SVM is a good choice for the 
classification process and for presenting output prediction values for easier understanding of the results 
by the user. The research results can be applied in medical, but also non-medical fields. As for non-
medical fields, it can be applied for various purposes such as: improving learning, stress management 
especially at the workplace, treatment of anxiety disorders, and in various situations and environments 
that cause the occurrence of cognitive stress in individuals. In the case of non-medical uses, the most 
interesting is the application in virtual environments and video games, where the system can read and/or 
predict the brain parameters of the user and by feedback system affect the user himself, contributing to a 
greater user experience and a more realistic environment in virtual reality or video game.
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