Classifying Stress Levels via Electroencephalography: A Systematic Literature Review

Abstract
[bookmark: _heading=h.gjdgxs][bookmark: _Hlk141775468]The classification of stress levels using electroencephalography (EEG) is based on the understanding that prolonged or improperly managed stress can contribute to a variety of physical and mental health issues, including anxiety disorders, depression, sleep disturbances, and cognitive impairments. The goal of stress classification utilizing EEG is to identify and distinguish an individual’s stress level by examining their brain activity patterns. In this study, the systematic literature review (SLR) methodology was adopted, relying on secondary data originating from previous research published from references in 1997-2022, then converging again with the closest research from 2014-2022, which is related to the utilization of EEG for stress level classification. The execution of the SLR adhered to the Preferred Reporting Item for Systematic Review and Meta-Analysis guidelines, encompassing three primary phases, namely, formulation of research questions and article search planning, sourcing, and scrutinizing reference materials, and synthesizing findings and drawing conclusions. Following this, a sequence of analytical processes was carried out, including spectral analysis, temporal analysis, pattern analysis, and machine learning techniques. The exploration was through searches within the library of the Scopus journal database (http://scopus.com), with the relevant datasets identified via http://figshare.com. Out of the 42 identified articles, distinct themes emerged: nine articles focused on feature selection, 19 articles delved into classification methods, 11 articles dealt with EEG signal processing, and three articles centered around stress detection robotics. Among these studies, 17 employed individual-specific data, whereas 25 utilized datasets. Notably, only five studies employed the hybrid feature selection algorithm, with one of them incorporating the feature-based common spatial pattern (FBCSP) algorithm, long short-term memory network (LSTM), and fast Fourier transform. The outcomes of the conducted analysis facilitated the creation of a comprehensive mind map, which encapsulated the findings of the SLR on EEG-based stress level classification. This application of the SLR approach proved effective in recognizing commonly employed classification methodologies, evaluating the caliber of preceding research, validating outcomes, and suggesting prospective research directions. The recommendations arising from this study pertain to the innovation and exploration of novel methodologies to further advance the field.
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Introduction
The experience of stress by an individual stands as a significant contributor to an array of health complications, prominently encompassing conditions such as depression and dementia while also exerting detrimental impacts on overall performance. Stress emerges from several factors, which include alterations in the body’s emotional responses to situations that encompass depression, anxiety, anger, sadness, guilt, and more (du Bois et al., 2021; Yoshifuji et al., 2022). The spectrum of human stress can be categorized into positive stress (eustress) and negative stress (distress) (García-Martínez, Fernández-Caballero, Alcaraz, & Martínez-Rodrigo, 2021; Leifman, Dramstad, & Juslin, 2022). A prominent approach for gauging an individual’s stress level entails using a dedicated questionnaire (Hu et al., 2021). Each response within this questionnaire is assigned a specific score, and the cumulative score subsequently serves as the foundation for discerning stress levels (Orangi, Kairu, Ngatia, Ojal, & Barasa, 2022; Santamarina et al., 2022; Terpou et al., 2022). In tandem, a range of physiological metrics is applied in stress detection, such as functional magnetic resonance imaging, positron emission tomography, and electroencephalography (EEG). The EEG method facilitates the measurement of electrical activity within the brain, thereby enabling the identification of cerebral irregularities (Kawooya et al., 2022). This procedure utilizes specialized sensors, or electrodes, positioned on the scalp and interconnected to a computer via cables. Temporal resolution within EEG pertains to the capability of discerning minute alterations in the brain’s electrical activity across brief time intervals. Enhanced temporal resolution correlates with an enhanced capacity of the EEG to detect rapid fluctuations in brain activity, which includes momentary spikes of activity or swift shifts in brain rhythms. Remarkably heightened temporal resolution contributes to the differentiation between individuals experiencing stress and those who are not (Siregar & Rahayu, 2020).
Diabetes, a metabolic disorder characterized by insufficient insulin production or ineffective insulin utilization, often requires careful monitoring to prevent complications. The HbA1c examination, measuring average glucose levels over the past 2-3 months, is crucial for assessing diabetic patients' conditions. Accurate predictions of patient readmissions—when a patient requires hospitalization again—can significantly enhance hospital management and patient care quality. This study compares the performance of the Naïve Bayes algorithm and the C4.5 Decision Tree in predicting diabetic patient readmissions. It also explores various preprocessing combinations, including the Synthetic Minority Over-Sampling Technique (SMOTE) and Wrapper feature selection (Pujianto, Luki, Ar Rosyid, & Salah, 2019) To address Naïve Bayes' limitations in feature independence, an Inter-Correlated method optimizes feature selection, significantly improving the algorithm's accuracy from 50.49% to 59.14% (Adiperkasa, Wibawa, Zaeni, & Widiyaningtyas, 2019).
Similarly, mental health issues in the workplace significantly impact employee productivity and company performance. Identifying factors related to employee mental health is crucial, and classification methods are needed to determine if an employee requires mental health treatment. This study applies feature selection using chi-square to enhance the K-nearest neighbor (KNN) algorithm for classification. The steps include data collection from Open Sourcing Mental Illness (OSMI), data preprocessing (cleaning, feature selection, transformation), applying KNN, and evaluating performance using a confusion matrix to generate precision, recall, and accuracy. The KNN algorithm achieved 87.27% accuracy, 84.21% precision, and 66.7% recall, outperforming previous research by 2.27%. Thus, mental health treatment data can be effectively classified using KNN with high accuracy (Elmunsyah, Mu’awanah, Widiyaningtyas, Zaeni, & Dwiyanto, 2019).
In recent times, there has been a surge in studies regarding stress identification through EEG, due to its capacity to directly process raw data and automatically discern significant features without necessitating feature engineering or preprocessing steps (Asghar, Khan, Rizwan, Shorfuzzaman, & Mehmood, 2022). Notable deviations from prior investigations encompass the subjects under examination, along with the acquisition of EEG data during both relaxed (initial) and stress-inducing circumstances. Various experimental designs have been executed (Akella et al., 2021; Alexandri et al., 2022; Roca et al., 2022). In one study, a modified version of the Trier Social Stress Test (TSST) was applied to elicit a controlled stress response. The TSST protocol involved a sequential sequence, starting with a 10-min rest period, followed by a 10-min preparation task for a brief speech. Subsequently, a 5-min public speaking task was administered, succeeded by a 5-min challenging arithmetic task. EEG recordings taken during the resting intervals were designated as baseline measurements. Another method to introduce stress in participants was achieved by exposing them to stress-inducing video clips. This elicitation method was utilized to gauge the subjects’ stress states (Akella et al., 2021; Mannarino et al., 2022; Nelli et al., 2022). Additional studies delved into model construction, juxtaposing multilayer perceptron (MLP) and long short-term memory (LSTM)-based architectures for the classification of stress-related data during limited-duration mental arithmetic tasks. EEG recording was initiated upon the subject’s commencement of reading the text, with the time taken to complete each paragraph meticulously recorded (George et al., 2022; Salankar, Koundal, & Mian Qaisar, 2021; Zhang, Wang, Li, & Zhu, 2022). After the reading task, participants were required to answer multiple-choice questions, and the cumulative score was subsequently juxtaposed with EEG power spectrum data and eSense meter readings (Akella et al., 2021; Mannarino et al., 2022). This research endeavor aims to provide a comprehensive overview of prior efforts within the realm of classifying stress levels using EEG. A systematic literature review (SLR) plays a pivotal role in collating and synthesizing existing evidence derived from a range of studies, encompassing the analytical techniques applied, the features extracted, and the attained classification outcomes. This process enhances a thorough understanding of the progress made in this field, providing a deeper insight into the various methods explored. By carefully examining factors such as research design, sample sizes, data collection methods, and analyses used in existing studies, it becomes possible to assess the strengths and limitations of each approach. Consequently, this evaluation serves to identify a reliable and valid technique for classifying stress levels through EEG. Additionally, the SLR approach extends its usefulness to identify key EEG features with significant implications in stress level classification. Moreover, the SLR methodology can uncover gaps in the current research landscape regarding stress level classification via EEG. Consequently, this not only fuels the impetus for ongoing research endeavors but also acts as a catalyst for the innovative development of novel methodologies within this domain. The outcomes derived from the SLR endeavor can facilitate the construction of a comprehensive mind map, which in turn serves as a tool to delve into the interconnections among ideas and elements of argument, ultimately culminating in the formulation of solutions. This approach streamlines the logical organization of information, thereby enhancing its compatibility with newly acquired knowledge. The selected research corpus for this investigation comprises publications from 1997 to 2022, subsequently refined to focus on research conducted mainly between 2014 and 2022. The presentation will cover the research methodology, findings, responses to the research inquiries, and a corresponding summary.


This study used the SLR method to classify stress levels with EEG, with the following stages:
a. Formulation of research questions (RQs): The initial phase of the SLR involves the articulation of clear and specific research inquiries regarding the classification of stress levels utilizing EEG. These inquiries might include “Does an effective classification technique exist for the identification of stress levels using EEG data?” or “What specific EEG parameters hold relevance in the context of stress level classification?”
b. Protocol development: Following the definition of RQs, the subsequent stage was the creation of a comprehensive research protocol outlining the steps and methodologies integral to the SLR process. This protocol delineates criteria for inclusion and exclusion, approaches to search strategy, procedures for study screening, techniques for evaluating the quality of EEG studies, and the processes associated with data extraction pertinent to stress level classification via EEG.
c. Extensive literature search: A systematic and comprehensive exploration was undertaken across diverse literature sources that bear relevance to the domain of stress level classification through EEG. This endeavor encompassed databases housing journals, articles, conferences, and others. The search was done by relevant keywords aligned with the research subject, such as “stress classification,” “EEG,” and “stress level,” and their respective variants.
d. Study selection and screening: Subsequently, relevant studies underwent meticulous screening following the predefined inclusion and exclusion criteria stipulated within the research protocol. These studies were evaluated through title assessment, abstract analysis, and comprehensive text review to ascertain alignment with the inclusion criteria and relevance to the overarching EEG research theme.
e. Evaluation and quality assessment: After the preliminary screening, studies that successfully met the initial criteria underwent a comprehensive evaluation to assess their quality. The chosen assessment tools were tailored to suit EEG studies, considering the research methodology, validity, and robustness of evidence presented within these studies.
f. Systematic data extraction: Pertinent information from studies that withstood quality assessment underwent a methodical data extraction process. It included the documentation of study attributes, the methodologies applied for stress level classification via EEG, sample demographics, pertinent EEG parameters, principal findings, and additional outcomes relevant to stress level categorization.
g. Thorough analysis and synthesis: The data obtained from the selected studies underwent a rigorous analysis, which could be either qualitative or quantitative, contingent on the nature of the research inquiries. The outcomes of this analysis were synthesized to yield prominent findings.
h. Comprehensive report: An exhaustive SLR report encompassing all the processes and research findings about stress level classification through EEG was compiled.
Systematic literature review (SLR)
An SLR serves as a method used to investigate and comprehend information covering the objectives and central themes of research pursuits (Figure 1). Within neuroscience informatics, SLR has emerged as a structured and systematic approach to literature review. This encompassing process entails the identification, evaluation, and interpretation of the entirety of accessible research evidence (Wahono, 2015). Adhering to the Preferred Reporting Item for Systematic Review and Meta-Analysis guidelines, the SLR unfolds through distinct phases: planning, execution, and report generation. The planning phase involves delineating the scope for article searches, establishing research inquiries that will underpin the exploration of literature, initiating the reference material search process, and culminating with synthesizing research findings in the form of a comprehensive report (Wen, Bani, Muhammad-Sukki, & Aris, 2020).             
RQs
RQs serve the purpose of maintaining a more concentrated and directed discourse within the literature review. The formulation of RQs was conducted with due consideration for the components of population, intervention, comparison, outcomes, and context, encapsulated in the Population, Intervention, Comparison, Outcomes, and Context (PICOC) framework. The structured PICOC framework outlining the RQs is presented below (Table 1).
The Internet of Things (IoT) is utilized for the classification of stress levels using EEG. The RQs utilized are outlined in Table 2. The primary investigations, stress level classification techniques, frameworks, and datasets contribute to addressing RQ4–RQ9. Subsequently, an assessment was performed to distinguish the salient factors among the EEG-based stress level classification method, framework, and dataset. RQ1–RQ3 will furnish a concise overview of the research domain, whereas RQ4–RQ9 constitute the core inquiries guiding this study. The findings derived from RQ9 will subsequently outline the trajectory of the adopted research direction (Figure 2).
Search strategy
The literature exploration was conducted through the formulation of a search string and subsequent querying of the Scopus journal database (http://scopus.com/). To identify pertinent datasets, the literature database search was conducted using the resources accessible at https://figshare.com. The construction of the search string adhered to the stipulated PICOC identification criteria, encompassing steps such as search term extraction from RQs; title and abstract exploration, incorporation of relevant keywords, synonyms, spelling variants, and the utilization of search operators “AND” and “OR.” The Scopus search yielded 502 references related to EEG, all published between 1997 and 2022. These references include open-access journal designations, author names, subject categories, document types, publication stages, keywords, affiliations, funding sources, geographical origins, source types, and distinct English-language articles (Figure 3). Subsequently, a discussion was conducted on topics closely aligned with the 2014-2022 research theme, specifically focusing on 42 articles. Among these, nine articles address feature selection, 19 cover classification, 11 delve into EEG signal processing, and three explore robotic stress detection. 
Research data extraction
Table 3 displays the results of data extraction that contribute to answering research questions related to PICOC. The limitations impacting the implementation, interpretation, and generalization of the research include constraints that stem from the utilization of a restricted dataset that consists of only 42 articles, the incorporation of instruments that lack comprehensive validation, and research designs that fail to encompass all relevant variables.
Results and Discussion
Significant journal publications
The outcome of the search analysis reveals a substantial rise in research focused on the classification of stress levels employing EEG within the time frame spanning 1997 to 2022 (Figure 4). This research domain underscores the significance of Scimago Journal Rank and its categorization into Q1–Q4 quartiles, thereby indicating the prominence of the top five Scopus journal sources. The distribution of documents across these sources is as follows (Figure 5):
a. 23 documents on IEEE in 2021
b. 13 documents on Sensors in 2022
c. 6 documents on Applied Sciences Switzerland in 2021
d. 2 documents on Frontiers in Human Neuroscience in 2020
e. 1 document on Sensors Switzerland in 2021

The most active and influential researcher
Out of the 15 chosen authors, each writer contributed an equal number of four articles, on average, within the domain of stress level classification using EEG. Presented below is the list of selected authors: Attalla, O., Benditt, D.G., Cohen, M.I., Fernandez-Caballero, A., Forman, D.E., Goldberg, E.T., Grubb, Z.D., Hamdan, B.P., Kim, M.H., Krahn, D.K., and Krahn, A.D (Figure 6).
Research topics and trends
Classification of stress levels by EEG stands as a significant pursuit within the biomedical sphere. The ensuing section outlines trending themes and research domains (Figure 7):
1. Decomposition of EEG microstates in post-traumatic stress disorder: This area delves into fast-scale brain dynamics within the EEG of individuals affected by post-traumatic stress disorder. This research encompasses the scrutiny of frequency band changes, specifically micro E and alpha band rhythms. The study yields a classification accuracy of 76% and 65% (Asghar et al., 2022).
2. Classifying multilevel stress responses from brain cortical EEG in nurses and non-health professionals using machine learning autoencoder: This method proposes the use of bio-markers to predict stress in EEG studies for binary conditions. Despite suboptimal performance across various stress conditions, three data markers—stress, brain load index (BLI), and EEG band spectral strength values (alpha, beta, and theta) alongside relative gamma (RG)—offer avenues for improvement. The study achieves bio-marker accuracy values of 83% and 91% latent representation (Akella et al., 2021). 
3. EEG human stress level classification based on theta or beta ratio: The dataset was subjected to K-means grouping, stratifying subjects into low, medium, and high categories. The employment of support vector machine (SVM) for classification facilitates the creation of a stress monitoring system, culminating in a stress classification feasibility rate of 90%  (Wen et al., 2020).
4. Emotional stress state detection using genetic algorithm-based feature selection on EEG signals: This endeavor adopts genetic algorithm feature selection and K-nearest neighbor (K-NN) classification to determine human stress via EEG analysis. The study attains an accuracy rate of 71.76%, surpassing the principal component analysis method at 65.4% (Shon et al., 2018). Journals are key for publishing validated scientific research and are often used as references in further studies. Ranking sites like SCImago Journal Rank (SJR) help identify top-quality journals but sometimes show discrepancies between SJR values and quartile labels. Classification methods like K-NN, validated with K-fold Cross-Validation, can help address these inequalities. This study found the best performance using 6-fold cross-validation and 16 nearest neighbors, though overall accuracy was 63%, indicating potential limitations of K-NN compared to the SJR system (Wibawa, Kurniawan, Ar Rosyid, & Salah, 2019). In text classification, improving algorithm performance using methods like Bayesian boost and bagging has shown promise. Analysis of Naïve Bayes (NB) and K-NN over 10K Scopus documents, with preprocessing and addressing class imbalance, resulted in a 7% performance increase for K-NN, outperforming NB (Zaeni, Anzani, Putra, Devi, Hidayati, & Sudjono, 2020). 
5. Stress classification using brain signals based on LSTM network: This exploration delves into stress classification via EEG signals drawn from 35 volunteers utilizing a four-electrode EEG Muse headband. Employing four distinct film screenings as stress elicitation stimuli, the study uses MLP and LSTM to classify stress and nonstress groups. The adoption of a two-layer LSTM architecture yields a maximum accuracy rate of 93.17%  (Phutela, Relan, Gabrani, Kumaraguru, & Samuel, 2022).
[bookmark: _heading=h.30j0zll]Upon conducting a comprehensive analysis of the literature discourse, a targeted thematic focus that closely aligned with the research theme prevalent between 2014 and 2022 was identified and yielded a collection of 42 articles. Among these 42 articles, discernible trends within the topics emerged, encompassing nine articles centered on feature selection, 19 articles centered on classification methodologies, 11 articles on EEG signal processing, and an additional three articles focusing on stress detection robotics (Figure 8).
Utilizing EEG for stress level classification revolves around the domains of information classification and stress classification. This alignment indicates the importance of this theme with contemporary demands, with a limited presence of researchers actively engaging in this area.
Research mapping analysis is structured as follows:
1. Variable definition
2. Identification of research gaps
3. Formulation of solutions derived from research gaps
Dataset used for stress level classification
A dataset refers to a collection of data applied in various machine learning endeavors (Wahono, 2015). The dataset utilized as input for analysis within a specific model is called a training set. Concurrently, an evaluation set comprises data utilized to appraise the model undergoing scrutiny by the learning system. An option set can be further bifurcated into growth sets and pruning sets. Distinguishing between the training and testing subsets, the latter is termed a holdout set.
In their research titled “Improving EEG-Based Recognition of Mental Stress Status,” Ala hag et al. investigated the utilization of an enhanced hybrid feature selection algorithm (Hag et al., 2021; La Vecchia et al., 2022; Nguyen, 2022). The method’s validation covered the employment of three publicly accessible EEG datasets. These include the DEAP dataset, which encompasses various physiological signals for emotional assessment. Moreover, the SJTU Emotion EEG Dataset (SEED), comprising data from 15 subjects (7 males and 8 females), was utilized. Extracting multidomain features from each dataset, these were applied subsequently as input vectors following normalization using column-based normalized z-scores. The EEG Dataset for Classification of Perceived Mental Stress (EDPMSC), another publicly available dataset, was employed, comprising the physiological EEG signals of 28 participants.
A novel methodology for EEG data learning models is introduced, employing graph theory features (Liu, Ji, Gao, Li, & Xu, 2022). The learning models, rooted in EEG data collected during a visual short-term memory task, encompass SVM and random forecast. These models integrate raw EEG signals alongside psychometric assessment scores and reaction times, culminating in an impressive accuracy rate of approximately 90%.
In research spearheaded by Ashlesha et al., the classification of multilevel stress responses within the cortical brain of nurses and non-health professionals is investigated through an automated encoder machine learning approach (Comfort et al., 2022; Tavares et al., 2022). The proposed features include BLI, relative gamma (RG), and power values (alpha, beta, and theta) extracted from three central channels (Cz, Fz, and Pz). Yet, when considering diverse EEG datasets, comprehending features that harness the EEG activity across all channels becomes pivotal. The extent to which the proposed architecture effectively learns to extract features from the entire EEG channel activity is still yet to be explored.
The classification of human stress levels through the utilization of the theta/beta ratio using EEG devices in tandem with signal processing techniques has emerged as a pivotal domain for stress level detection and categorization (Kjerulff, Bach, Væggemose, Skaarup, & Bøtker, 2022; Wen et al., 2020). In this context, a non-invasive EEG device was used in order to acquire brain signals, subjecting them to analysis. This analysis comprised the application of Welch’s modified fast Fourier transform (FFT) algorithm, which facilitates the extraction of the power spectral density for each frequency band and the ensuing computation of alpha-to-beta and theta-to-beta power ratios (Bickel et al., 2022; Rodríguez-Rivas et al., 2022). The validation through power ratio analysis underscores the utility of the theta/beta power ratio as a stress-related feature. This insight was substantiated further by incorporating the dataset into k-means clustering, resulting in the categorization of subjects into three groups. Subsequently, the clustering model was integrated with an SVM to classify stress levels across three tiers: low, medium, and high. The outcomes underscore the feasibility and efficacy of this approach, yielding an impressive overall classification accuracy of 90%. Therefore, the research outcomes advocate for the potential application of this method in the establishment of stress monitoring systems (Mohammadi, Abdi, Karimi, & Mortazavi, 2022; Shah, Magee, Buccellato, Ismond, & Watson, 2022). Among the 42 articles curated in this study, 17 researchers drew upon personal data, whereas 25 researchers relied on datasets for their investigations (Figure 9).
Algorithm used in classifying stress levels
The algorithms that are widely used in 42 literature reviews starting from 2014 to 2022 are as follows (Figure 10): As shown in Figure 10, it becomes apparent that the hybrid feature selection algorithm holds the highest frequency of utilization, featuring in five studies. Conversely, the FBCSP, LSTM network, and FFT algorithms were each applied in one study.
Stress level classification framework 
[bookmark: PauseForBreak]An AI-inspired approach to EEG-based spatial feature selection incorporates multivariate empirical mode decomposition for emotion classification (van Nijnatten, Jochelson, & Lobbes, 2022). This method is distinguished by its efficient spatial feature extraction and selection, accomplished within a short processing timeframe. The image processing classification within this technique leverages SVM and K-NN, with the SEED harnessed for SVM and the DEAP dataset employed for K-NN (Figure 11).
As previously highlighted, bio-markers have shown potential in predicting stress in EEG studies under binary conditions. Nevertheless, their performance diminishes when handling diverse stress conditions. Consequently, the suggested approach proposes a bio-marker-later representation in addressing this limitation (Figure 12).
EEG classifies human stress levels based on the theta/beta ratio (Alotaibi et al., 2022). The resulting framework is as follows (Figure 13):
The outcomes demonstrate the feasibility and effectiveness of stress classification at a rate of 90%. This achievement is accomplished through the utilization of K-means for segregating EEG strength ratios, further facilitated by SVM classification (Mandavia et al., 2022).
Conclusion     
The SLR methodology applied to stress level classification through EEG can serve to identify frequently utilized classification methods, evaluate the quality of prior research, validate findings, and propose future research directions, offering recommendations for the creation of novel approaches. Among the 42 articles published during 2014–2022, discernible research trends include feature selection (nine studies), classification (19 studies), EEG signal processing (11 studies), and robotics (three studies). The dataset utilization is divided between private data (17 studies) and publicly accessible data (25 studies). Predominantly, the hybrid feature selection algorithm garners significant usage, appearing in five studies. Furthermore, the developed and user-friendly framework revolves around an image processing classification model employing SVM and K-NN. By employing SLR in conjunction with EEG, it holds the potential to enhance our comprehension of stress mechanisms and foster the advancement of technologies aimed at more effectively detecting and managing stress within daily life and workplace settings.
Suggestions
Future research recommendations could extend to the enhancement of classification techniques, the implementation of more effective data collection methods, and the inclusion of a broader range of subject populations.
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