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ABSTRACT
Mental and neurological disorders significantly impact global health. This systematic review examines the use of artificial intelli-
gence (AI) techniques to automatically detect these conditions using electroencephalography (EEG) signals. Guided by Preferred 
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA), we reviewed 74 carefully selected studies published 
between 2013 and August 2024 that used machine learning (ML), deep learning (DL), or both of these two methods to detect neu-
rological and mental health disorders automatically using EEG signals. The most common and most prevalent neurological and 
mental health disorder types were sourced from major databases, including Scopus, Web of Science, Science Direct, PubMed, and 
IEEE Xplore. Epilepsy, depression, and Alzheimer's disease are the most studied conditions that meet our evaluation criteria, 32, 
12, and 10 studies were identified on these topics, respectively. Conversely, the number of studies meeting our criteria regarding 
stress, schizophrenia, Parkinson's disease, and autism spectrum disorders was relatively more average: 6, 4, 3, and 3, respectively. 
The diseases that least met our evaluation conditions were one study each of seizure, stroke, anxiety diseases, and one study 
examining Alzheimer's disease and epilepsy together. Support Vector Machines (SVM) were most widely used in ML methods, 
while Convolutional Neural Networks (CNNs) dominated DL approaches. DL methods generally outperformed traditional ML, 
as they yielded higher performance using huge EEG data. We observed that the complex decision process during feature extrac-
tion from EEG signals in ML-based models significantly impacted results, while DL-based models handled this more efficiently. 
AI-based EEG analysis shows promise for automated detection of neurological and mental health conditions. Future research 
should focus on multi-disease studies, standardizing datasets, improving model interpretability, and developing clinical decision 
support systems to assist in the diagnosis and treatment of these disorders.
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1   |   Introduction

In the statement of the World Health Organization (WHO) data, 
a 2019 study determined that ~970 million people worldwide, 
or 1 in every 8, have at least one mental disorder, with anxiety 
and depression being the most common (Mental-disorders n.d.; 
Institute of Health Metrics and Evaluation n.d.). These problems 
affect many vital functions, physical health, thinking, and emo-
tional cycles. Mental disorders come in many different types, 
and it is possible to minimize them with effective precautions 
and treatments. However, many people with these problems 
worldwide cannot access these precautions and treatments.

According to the WHO's 2023 data, 3.8% of the population has de-
pression, with higher rate in adults (5%) and those over 60 (5.7%). 
This number corresponds to ~280 million people worldwide 
(Global Health Data Exchange (GHDx) n.d.). These numbers are 
50% higher in women than in men. The biggest factor in this rate 
difference is that pregnant women and women who have just 
given birth are more prone to depression (Woody et  al.  2017). 
It is a disease directly related to suicide. For example, it is one 
of the leading causes of suicide, and suicide is the fourth lead-
ing cause of death for people aged 15–29 worldwide, with more 
than 700,000 young people losing their lives each year (World 
Health Organization (WHO)  n.d.-a). Like depression, anxiety 
is among the most common mental illnesses worldwide. The 
prevalence rate of this disease is 4% worldwide (Global Health 
Data Exchange n.d.). According to 2019 data, approximately 301 
million people suffer from this disease. Although there are very 
effective treatment methods for this disease, only one in every 
four people (27.6%) who need these treatments can access them 
(World Health Organization  n.d.; Alonso et  al.  2018). Due to 
the COVID-19 pandemic in 2020, there has been a remarkable 
increase in the number of people suffering from these two dis-
eases worldwide. According to preliminary findings, there was 
increase in anxiety and major depression levels of 26% and 28%, 
respectively, in 1 year (Mental Health and COVID-19  2022). 
According to 2019 data, ~1 in 150 people in the world (40 mil-
lion people or 0.53% of the world's population) have bipolar dis-
order (Lancet Psychiatry 2022). The treatment coverage of this 
disease is limited worldwide. Misdiagnosis is quite common in 
both gender groups. People suffering from this disease have dif-
ficulty accessing treatment, usually in low- and middle-income 
countries (LMICs). Stigmatization and discrimination against 
people suffering from this disease by society and health insti-
tutions are frequent events. People with this disease have tense 
relationships, various problems at school or work, and diffi-
culty in performing daily activities (World Health Organization 
(WHO), n.d.-b). This disease may cause an increase in the risk 
of suicide, anxiety, and substance use. Hence, people with this 
disease die an average of 10 years earlier than the general popu-
lation (Chan et al. 2022).

Although schizophrenia is not as common as the diseases listed 
above, it is one of the mental illnesses that most affect the qual-
ity of life, health, and therefore life expectancy. The number of 
people suffering from this illness worldwide has been 24 million 
or 1 in 300 people (0.32%) as of 2022. This rate is higher among 
adults (1 in 222 people or 0.45%) (Global Health Data Exchange 
(GHDx), n.d.). The onset of this disorder mostly shows up in late 
adolescence and the twenties, and this occurrence tends to be 

earlier in men than in women. People with this illness are two 
to three times more likely to die than the general population 
(Laursen et al. 2014). Schizophrenia causes persistent cognitive 
impairments (Harrison et  al.  2001) and severe stigmatization, 
leading to social exclusion and increased vulnerability to human 
rights violations (World Health Organization (WHO)  n.d.-c). 
Treatment access is limited, with schizophrenia accounting 
for approximately half of the mental hospital patients (World 
Health Organization (WHO) 2009), yet only 31.3% of psychotic 
patients receive care (Jaeschke et al. 2021).

Early and accurate diagnosis of neurological and mental ill-
nesses is critical for effective and accurate treatment. Thus, 
the devastating effects of mental illnesses, some of which are 
described above, on individuals and society can be minimized. 
Conventionally, neurological and mental health disorders are 
diagnosed through clinical interviews, standardized question-
naires, neuropsychological tests, and sometimes neuroimaging 
techniques. However, these traditional methods face several 
limitations. These include subjectivity in clinical interviews 
and self-report measures, the time-consuming nature of com-
prehensive assessments, resource-intensive procedures like 
MRI (Magnetic Resonance Imaging) or PET (Positron Emission 
Tomography) scans, variability in clinical expertise, and diffi-
culties in the early detection of subtle changes (Lin et al. 2017).

Recently, artificial intelligence-based models have been used 
by expert groups, including psychologists and psychiatrists, to 
assist the experts in decision-making by using various types of 
data of patients (medical records, behavioral data, social media 
usage, etc.). Especially recently, very high success rates have 
been achieved with ML and DL methods, which have experi-
enced an explosion in development (Su et al. 2020).

ML can be defined as a subfield of AI that can perform clas-
sification, regression, and clustering tasks (Mitchell and 
Mitchell 1997). DL, a sub-branch of ML, is a group of techniques 
that can process various data (text, images, strings, etc.) in a raw 
form and automatically detect feature sets that determine the 
categories of these data. Since it performs these operations au-
tomatically, there is no need to define the properties. Recently, 
many studies have shown high performance using DL in men-
tal health (Shanthalakshmi Revathy et  al.  2024; Wang, Zhao 
et  al.  2024; Das and Naskar  2024; Ajith et  al.  2024; Uyulan 
et  al.  2021; Uddin et  al.  2022; Kim, Lee, Park et  al.  2020; Al 
Banna et al. 2023).

Among the various neuroimaging techniques developed to 
study brain function, electroencephalography (EEG) is found to 
be a useful tool for investigating neurological and mental health 
diseases. The high temporal resolution of EEG helps to capture 
rapid brain activity changes, which are essential to understand-
ing the dynamic nature of these conditions. The EEG signals are 
non-invasive, economical, and suitable for widespread clinical 
use across diverse patient populations. Unlike other neuroim-
aging techniques, EEG directly measures neuronal activity, 
providing a more immediate representation of brain function 
(Khosla et al. 2020).

Systematic review articles based on DL and ML meth-
ods of neurological and mental disorders are generally 
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prepared specifically for a single disease, such as depres-
sion (Yasin et  al.  2023), Alzheimer's disease (Harshini and 
Thangarajan 2024), epilepsy (Yuan et al. 2022), stress (Zhou 
et al. 2021), schizophrenia (Rahul et al. 2024) and Parkinson's 
disease (Sigcha et  al.  2023). This systematic study was con-
ducted to address the need for a more comprehensive review 
that considers more than one disease. Thus, more detailed in-
formation about diseases will be provided to better identify 
deficiencies in the studies conducted in this area, and compar-
isons between diseases will be possible.

In this study, a systematic mapping study was conducted with 
74 meticulously selected primary studies. Our aim is to provide 
current, accurate AI approaches for detecting neurological and 
mental health disorders using EEG signals and (ii) identify re-
search gaps and future directions in this expeditiously evolv-
ing field.

2   |   Background

2.1   |   Mental Disorders

Today, there are over 200 classified types of mental disorders. 
The most common of these disorders are depression, bipolar 
disorder, schizophrenia, and anxiety. There are many com-
mon and distinctive symptoms that exist among these ill-
nesses (Mental Health America n.d.). Although neurological 
and mental disorders are very diverse, the most common types 
were considered in this study. The most dangerous diseases, 
as well as the diseases that affect daily life are included in the 
scope of the study. A diagram of the types of neurological and 
mental disorders is given in Figure 1. In the next subsections, 
the clinical information regarding neurological and mental 
disorders is provided.

2.1.1   |   Mood Disorders

This group of psychiatric illnesses can affect patients' emo-
tions, energy, and motivations simultaneously (Rakofsky and 
Rapaport  2018). These disorders can deeply impact daily ac-
tivities, relationships, and overall quality of life. They range 
from persistent low moods to extreme emotional fluctuations 
and excessive worry or fear. While each disorder has its unique 
features, they often share overlapping symptoms and can co-
occur, presenting complex challenges for diagnosis and treat-
ment. In this study, Major Depressive Disorder (MDD) (Fava 
and Kendler  2000), Bipolar Disorder (Grande et  al.  2016), 
Bipolar Depression (Malhi et al. 2003), Bipolar Mania (Li, Yuan 
et  al.  2023), Anxiety (Saxena and Krug  2013; Chellappa and 
Aeschbach 2022), Anhedonia (Serretti 2023) and Stress (Cohen 
et al. 2007) are considered.

2.1.2   |   Neurodegenerative Disorders

Neurodegenerative disorders are chronic, progressive dis-
orders characterized by the selective loss of neurons in the 
central nervous system that mostly affect older adults (Singh 
et  al.  2021). These disorders typically involve the loss of 
neurons and can affect various aspects of a person's life, in-
cluding movement, cognition, and behavior. They are often 
age-related and can have devastating effects on patients and 
their families. Due to the complex and variable nature of these 
disorders, they present significant challenges in diagnosis and 
treatment. In this review, we have considered Alzheimer's 
disease (AD) (Masters et  al.  2015), Parkinson's disease 
(PD) (Tolosa et  al.  2021), Lewy Body Disease (Kalra  1996), 
Multiple Sclerosis (Ford  2020), Huntington's disease (HD) 
(Ross et  al.  2014) and Amyotrophic Lateral Sclerosis (ALS) 
(Hardiman et al. 2017).

2.1.3   |   Neurological Disorders

Diseases in this group are the leading cause of disability and 
the second leading cause of death worldwide. While there has 
been a significant increase in the number of people suffering 
from this disease, especially in the last 30 years, these num-
bers are expected to increase further on a global scale due 
to the population growth rate and aging (Feigin et al. 2020). 
These disorders often lead to significant impairments in 
cognitive function, motor control, and sensory processing. 
In this review, we have included Stroke (Feigin et  al.  2023), 
Traumatic Brain Injury (TBI) (Maas et  al.  2022), Seizures 
(Bruno et  al.  2020), and Focal Cortical Dysplasia (FCD) 
(Blumcke et al. 2017) groups.

2.1.4   |   Developmental Disorders

Developmental disorders and childhood learning difficulties 
are defined as complex constellations of relative strengths 
and weaknesses in a child's learning, cognition, and be-
havior that occur early in a child's development (Astle and 

FIGURE 1    |    An illustration of the neurological and mental disorder 
types.
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Fletcher-Watson 2020). These disorders can have lifelong im-
pacts on an individual's ability to learn, socialize, and function 
independently. While the exact causes of many developmental 
disorders are not fully discovered, often they involve a com-
plex interplay of genetic and environmental factors. Autism 
Spectrum Disorder (ASD) (Lord et  al.  2020) and Attention 
Deficit/Hyperactivity Disorder (ADHD) (Berger  2011) are 
considered in this review.

2.1.5   |   Other Mental Health Conditions

This category encompasses a diverse range of mental health 
disorders that, while distinct from mood and developmen-
tal disorders, seriously impact an individual's cognitive 
processes, emotional regulation, and behavior. These con-
ditions often involve complex interactions between genetic 
predisposition, environmental factors, and neurobiologi-
cal changes. Schizophrenia (Chaiyakunapruk et  al.  2016; 
Rantala et  al.  2022), Obsessive Compulsive Disorder (OCD) 
(Perera et  al.  2023), Post Traumatic Stress Disorder (PTSD) 
(Yehuda et al. 2015; Kessler and Wang 2008) and Psychosis/
Psychopathy (Fisher et al.  2024; Thomson et al. 2019; Wong 
and Olver 2015; Johanson et al. 2020; Bell et al. 2022) are con-
sidered in this group.

2.2   |   Electroencephalography

The field of electroencephalography deals with the recording of 
electroencephalograms (EEGs) and the interpretation of these 
recordings. An electroencephalogram is a record of electrical 
signals occurring as a result of cooperative electrical activities of 
neurons in the brain, or in other words, synchronized electrical 
activities occurring in brain cells as a time series in the form 
of extracellular field potentials. EEG signals can be measured 
through electrodes placed on the scalp or directly measured 
on the cerebral cortex (Electrocorticogram-ECoG). Electric 
fields that are measured intracortically are called Local Field 
Potentials (LFP). While EEG signals measured without an ex-
ternal stimulus are called spontaneous EEG, EEG signals that 
occur due to external or internal stimuli are called Event-Related 
Potentials (ERP). The amplitudes of EEG signals measured from 
the scalp of a normal person while awake are expected to be be-
tween 10 and 100 mV. This situation reaches amplitudes of 500 
to 1500 mV in the cortex of individuals with epilepsy (Blinowska 
and Durka 2006).

EEG signals are distinguished by five basic rhythms (sub-
rhythms): delta (0.5 ~ 4 Hz), theta (4 ~ 8 Hz), alpha (8 ~ 13 Hz), 
beta (13 ~ 30 Hz), and gamma (> 30 Hz) sub-rhythms. Each 
rhythm has distinctive characteristics, and its contribution to 
the EEG signal varies depending on the age, behavioral state, 
and especially the state of alertness of the subject being mea-
sured. A few basic features of sub-rhythms are listed below:

•	 Delta: During deep sleep, its amplitude is around 75–200 mV 
and is present in almost every part of the scalp where it is 
measured.

•	 Theta: This sub-rhythm is rarely seen in adult humans. 
However, it is dominant in rodents.

•	 Alpha: This sub-rhythm is dominant during wakefulness. 
These signals are more commonly observed in the back of 
the head. It is at its most intense when the eyes are closed 
and in a comfortable position. It is weak at moments when 
attention is required (when observing carefully with the 
eyes, when mental effort is intense).

•	 Beta: Many studies conducted on animals and humans have 
observed that this sub-rhythm is evident in states of alert-
ness and focused attention.

•	 Gamma: It is a sub-rhythm whose effectiveness increases 
during the information processing and implementation 
of voluntary movements. In cases where information pro-
cessing increases, the oscillation in this sub-rhythm also 
increases.

EEG signals are today the most preferred biomarker data among 
brain-related studies due to the many advantages they offer, 
such as low-cost acquisition, multi-channel structure, high tem-
poral resolution, and the size of measurement devices becoming 
more compact day-by-day (Khosla et al. 2020).

With a high temporal resolution, today these biomarkers mea-
sure with a 5000 Hz sampling rate, enabling continuous in-
depth analysis of brain functions with high sample imaging. In 
addition, although a complete spatial brain map is obtained with 
MRI and PET imaging techniques, these methods only provide a 
static brain image (Rivera et al. 2022).

Compared to NIRS (Near Infrared Spectroscopy) signals, 
EEG signals are better than these signals in terms of response 
time (command execution) and temporal resolution (Hosni 
et al. 2020). Although the data in EEG signals can be measured 
in the same way and with higher quality in magnetoencepha-
lography (MEG)-based measurements, which is another method 
used to measure brain activities, the cost of this method and the 
difficulties in creating the measurement environment (the need 
for a magnetic field-isolated room) leave this method behind 
EEG (Nicolas-Alonso and Gomez-Gil 2012; Barnova et al. 2023). 
For these reasons, EEG signals are the most suitable and suc-
cessful data source in this field.

In addition to these very important advantages, these biomark-
ers also have some disadvantages. There are some difficulties in 
processing these continuous-time signals. One of these difficul-
ties is the elimination of artifacts that occur on the signal due to 
various factors (non-contact in the electrodes, disruptive electric 
and magnetic fields, problems in wireless sensor networks) from 
the raw signal while the signals are collected. These disruptive 
factors pose a major problem in obtaining meaningful informa-
tion from the signal (Blinowska and Durka 2006). In conclusion, 
the advantages listed above for EEG signals far outweigh their 
disadvantages.

EEG is observed in all mammals. Primate EEG is the closest 
feature to human EEG. Although cat, dog, and rodent EEGs 
are similar to human EEG, they exhibit different spectral 
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TABLE 1    |    Some publicly available EEG datasets and features.

Dataset Reference Features Disorder URL

University of Bonn (Andrzejak 
et al. 2001)

•  1-Channel
•  10 Subjects

•  Sampling rate: 173.61 Hz

•  Epileptic Seizure Link

CHB-MIT Scalp EEG Database (Guttag n.d.) •  18-Channel
•  23 Subjects

•  Sampling Rate: 256 Hz

•  Epileptic Seizure Link

Siena Scalp EEG Database (Detti n.d.) •  29-Channel
•  14 Subjects

•  Sampling Rate: 512 Hz

•  Epileptic Seizure Link

Sensorimotor Rhythm (SMR) 
based BCI Dataset

(Stieger et al. 2021) •  62-Channel
•  62 Subjects

•  Sampling Rate: 1000 Hz

•  De-Identified Link

GigaScience Database 
Multimodal Signal Dataset

(Jeong et al. 2020) •  60-Channel
•  25 Subjects

•  Sampling Rate: 2500 Hz

•  Sensorimotor de−/
activation

•  Spatial distribution

Link

EEG/FMRI Naturalistic 
Viewing Dataset

(Telesford et al. 2022) •  64-Channel
•  22 Subject

•  Sampling Rate: 5000 Hz

•  De-Identified Link

Melbourne NeuroVista Seizure 
Prediction Trial

(Karoly et al. n.d.) •  16-Channel
•  12 Subjects

•  Sampling Rate: 400 Hz

•  Epilepsy Link

Ear-EEG Recording for BCI of 
Motor Task

(Xiaoli et al. 2020) •  122-Channel
•  6 Subjects

•  Sampling Rate: 1000 Hz

•  Motor Tasks Link

Helsinki University Hospital 
Neonatal EEG Dataset

(Stevenson et al. n.d.) •  19-Channel
•  79 Subjects

•  Sampling Rate: 256 Hz

•  Neonatal Seizure Link

Pediatric Patients EEG with 
Epilepsy

(Cserpan et al. n.d.) •  52-Channel
•  30 Subjects

•  Sampling Rate: 2000 Hz

•  Epilepsy Link

Melbourne University AES/
MathWorks/NIH Seizure 
Prediction

(Kuhlmann et al. n.d.) •  16-Channel
•  3 Subjects

•  Sampling Rate: 400 Hz

•  Epilepsy Link

Epileptic EEG Dataset (Nasreddine n.d.) •  21-Channel
•  6 Subjects

•  500 Hz

•  Epilepsy Link

EEG Recordings of Epilepsy 
Patients

(Andrzejak 
et al. 2012)

•  64-Channel
•  5 Subjects

•  Sample Rate: 512 Hz

•  Epilepsy Link

Neurology and Sleep Centre 
Hauz
Khas

(Swami et al. n.d.) •  1-Channel
•  10 Subjects

•  Sampling Rate: 200 Hz

•  Epilepsy Link

Multicenter Intracranial EEG 
Dataset

(Nejedly et al. 2020) •  192-Channel
•  39 Subjects

•  Sample Rate: 5000 Hz

•  Epilepsy Link
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https://www.researchgate.net/publication/308719109_EEG_Epilepsy_Datasets
https://springernature.figshare.com/articles/dataset/Metadata_record_for_Multicenter_intracranial_EEG_dataset_for_classification_of_graphoelements_and_artifactual_signals/12326471
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characteristics. In this study, only studies on EEG signals ob-
tained from human subjects were examined.

2.2.1   |   Publicly Available Datasets

While creating this study, we came across a few publicly avail-
able EEG datasets, and we have shared them in Table 1. EEG 
datasets are mostly not shared publicly due to privacy and con-
fidentiality concerns.

2.3   |   Decision Support- Systems and Artificial 
Intelligence

A clinical decision support system (CDSS) aims to meliorate 
healthcare by integrating clinical information, patient infor-
mation, and other health information (Osheroff  2012). These 
systems provide patient-specific assessments and recommen-
dations by matching individual personal characteristics with 
a clinical information base (Sim et al. 2001). In the context of 
EEG-based medical decision support, Figure 2 illustrates three 
key approaches: deriving insights from EEG signal features, 
classifying extracted features using ML, and applying DL meth-
ods directly to EEG signals. These approaches enable physicians 
to make more accurate and faster decisions.

The effectiveness of modern CDSS has been significantly en-
hanced by the integration of artificial intelligence techniques, 
particularly ML and DL. ML involves algorithms that define 
their own rules from data, allowing systems to interpret new 
situations by learning from past experiences. The performance 
of ML systems largely be conditional on the volume and qual-
ity of available data (Beam and Kohane  2018; Peiffer-Smadja 
et  al.  2020). In healthcare, the increasing acceptance of elec-
tronic health recordings and associated devices has led to sig-
nificant growth in available data, often referred to as “big data.” 
ML methods excel at analyzing and interpreting this data, pro-
viding clinicians with valuable patient-specific evaluations or 
recommendations (Abràmoff et al. 2018).

While traditional ML-based EEG signal classification meth-
ods have shown promise, they face several challenges. EEG 
signals are susceptible to interference from biological events 
(e.g., heartbeat, eye blinking, and muscle movements) and 
electronic equipment, creating artifacts that complicate inter-
pretation and classification (Rashid et al. 2020). Furthermore, 
EEG signals have very low signal-to-noise ratios and are non-
stationary with time-dependent auxiliary variables. Due to this 
nature of EEG signals, preprocessing and feature extraction 
become quite difficult (Zhang et al. 2021). To address these is-
sues, DL methods have been developed. Unlike traditional ML 
methods, DL techniques automatically learn high-level and 
hidden complex features from raw EEG data, eliminating the 
need for preprocessing and time-consuming feature extraction 
steps (Altaheri et al. 2023). Various DL methods have been ap-
plied to EEG signal analysis, including CNN, Recurrent Neural 
Networks (RNN), Long-Short-Term Memory (LSTM), Graph 
Neural Networks (GNN), Deep Neural Networks (DNN), 
Artificial Neural Networks (ANN), Multilayer Perceptron 
(MLP), 1D-CNN, Deep Transformer, Fully Connected Layers 
(FCL), Spiking Neural Networks (SNN), and CNN-based pre-
trained networks.

3   |   Article Search and Selection Methods

In this study, the PRISMA 2020 guideline (Page et  al.  2021) 
was used for the systematic review of ML or DL-based studies 
in which neurological and mental disorders are detected using 
EEG signals. Relevant studies were systematically searched 
from Scopus, Web of Science, Science Direct, PubMed, and IEEE 
databases, with the criteria of being published between 2013 and 
August 2024 as an initial condition.

Study selection criteria are established to determine whether a 
study should be included in this systematic review. There is no 
universal definition of quality criteria for primary studies, and 
each systematic literature review has its own task-specific crite-
ria (Ebrahimighahnavieh et al. 2020). Studies that provide the 
following criteria were examined in this review:

FIGURE 2    |    Information pathways diagram for the clinical decision support system.
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•	 Papers should employ EEG signals to identify neurological 
and mental health conditions and draw insightful findings 
for the diagnosis and treatment of these conditions.

•	 Implementation of at least one ML or DL method.

•	 Presentation of quantitative metrics (accuracy, F1 score, 
sensitivity, specificity, AUC).

•	 Full-text availability in English.

•	 Original research (not reviews, systematic mappings, or 
surveys).

•	 Studies other than those related to bipolar disorder (BD), 
stroke, Huntington's disease (HD), multiple sclerosis (MS), 
amyotrophic lateral sclerosis (ALS), Parkinson's disease 
(PD), obsessive compulsive disorder (OCD), bipolar de-
pression (BD), depression, anhedonia, stress, anxiety, post-
traumatic stress disorder (PTSD), major depressive disorder 
(MDD), attention-deficit/hyperactivity disorder (ADHD), 
schizophrenia, psychopathy, psychosis, focal cortical dys-
plasia (FCD), seizure, brain trauma (BT), brain injury (BI), 
Alzheimer's disease (AD), Lewy body disease (LBD) and au-
tism spectrum disorder (ASD) were out of the scope of this 
research.

The summary features of these criteria are as shown in Table 2.

The initial keywords in the ‘Title’ section of the search were firstly 
chosen; (“Mental Disorder” OR “Mental Health” OR “Mental 
Disease” OR “Neurological Health” OR “Neurological Disease” 
OR “EEG” OR “Electroencephalograph” OR “EEG Signal” OR 
“EEG Signals”) for an across-the-board search to avoid missing 
potentially relevant studies at all databases. Then with Boolean 
search string “AND,” the search string associated with some spe-
cific illnesses in the abstract and keywords; Abstract-Keywords 
(“Bipolar Disorder” OR “Stroke” OR “Huntington's Disease” OR 
“Multiple Sclerosis” OR “Focal Cortical Dysplasia” OR “Seizure” 
OR “Traumatic Brain Injury” OR “Amyotrophic Lateral Sclerosis” 
OR “Parkinson's Disease” OR “Obsessive Compulsive Disorder” 
OR “Attention-Deficit/Hyperactivity Disorder” OR “Depression” 
OR “Bipolar Depression” OR “Bipolar Mania” OR “Anhedonia” 
OR “Stress” OR “Anxiety” OR “Post-Traumatic Stress Disorder” 
OR “Major Depressive Disorder” OR “Schizophrenia” OR 
“Psychopathy” OR “Psychosis” OR “Alzheimer” OR “Lewy Body 
Disease” OR “Autism Spectrum Disorder”).

Figure 3 shows the article selection process applied according 
to this protocol. Following the PRISMA method, our initial 
search across all databases yielded 6514 studies. After re-
moving 2160 duplicates, 4354 unique studies remained. Two 
collaborators independently reviewed all titles and abstracts, 
with a third collaborator resolving any disagreements. This 
process eliminated conferences, books, book chapters, and 
non-journal research items, reducing the count to 1987 stud-
ies. Further filtering excluded publications without open ac-
cess, those not in Q1/Q2 indexed journals, studies not using 
ML or DL methods, and systematic mappings. This final 
screening resulted in 74 studies convenient for inclusion in 
our review.

TABLE 2    |    Inclusion/exclusion criteria list.

Inclusion criteria Exclusion criteria

•	 Article published between 2013-August 2024 •  Not using any AI methods

•	 Employ EEG signals to identify disorders •  Not in the English language

•	 Providing meaningful results •  Conference, book/book chapter, non-journal type studies

•	 Have full-text access •  Not provide any quantitative metric

•	 Presenting at least one of the specified metrics •  Review, systematic mapping or survey-type studies

•	 Published in Q1/Q2 indexed journals •  Being a different disease than the diseases sought

•  Those who do not meet any of the inclusion criteria

FIGURE 3    |    Flowchart of the study selection process.
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4   |   Results

4.1   |   Main Findings

Our systematic review of studies published between 2013 and 
August 2024 revealed a significant trend in the application of 

AI techniques for the automated detection of neurological and 
mental health disorders using EEG signals. As illustrated in 
Figure  4, there has been a notable increase in the number of 
published articles meeting our inclusion criteria over the past 
2 years, with a particularly sharp rise in 2024.

This trend can be attributed to several factors: (i) advance-
ments in AI technologies, particularly in Deep Learning (DL) 
methods; (ii) growing interest in non-invasive diagnostic tools 
for neurological and mental health disorders; (iii) improved 
computational resources enabling more complex analyses. 
The rise in DL methods is particularly evident in recent years, 
suggesting a shift in the field toward more sophisticated AI 
approaches. This trend likely reflects the ability of DL algo-
rithms to automatically extract relevant features from raw 
EEG data, potentially offering improved performance over 
traditional ML methods that often require manual feature 
engineering.

Our review encompassed 74 studies utilizing a total of 49 
distinct AI algorithms (26 ML, 22 DL, 1 hybrid). The distri-
bution of studies across different neurological and mental 
health conditions is visualized in Figure 5. Epilepsy emerged 
as the most extensively studied disorder, with 32 eligible 
studies accounting for more than 40% of the total reviewed 
articles. This predominance likely reflects the clear mani-
festation of epileptic activity in EEG signals and the critical 
need for accurate seizure detection and prediction. The rela-
tively high number of studies on depression and Alzheimer's 
Disease reflects the growing global burden of these condi-
tions and the increasing recognition of EEG's potential as a 
diagnostic tool in these areas. The limited number of stud-
ies on conditions like seizure, stroke, and anxiety highlights 
areas where further research is needed. This gap presents 
opportunities for future studies to explore the application of 

FIGURE 4    |    Secular trend of reviewed studies, stratified by ML ver-
sus DL versus hybrid ML and DL.

FIGURE 5    |    Number of studies stratified by conditions according to diseases.
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AI techniques in EEG analysis for these under-represented 
conditions. Detailed information about each study, including 
methodologies, datasets, and performance metrics, is pro-
vided in Tables A1–A8 in Appendix A. Also, average results 
of different classifiers result on each disease are provided in 
Tables A9–A16 in Appendix B.

4.2   |   Performance of the AI Models

To objectively compare the performance of AI models across dif-
ferent neurological and mental health conditions, we analyzed 
five key performance metrics: accuracy (ACC), sensitivity, spec-
ificity, AUC (area under the curve), and F1 score. Figures 6–10 
illustrate these metrics for the 10 categories examined in this 
review.

ACC represents the ratio of correct predictions to the total num-
ber of samples, providing an overall measure of model perfor-
mance. Sensitivity, also known as recall or true positive rate 
(TPR), indicates the model's ability to identify positive cases 
correctly. Specificity, or true negative rate (TNR), measures the 
model's ability to identify negative cases correctly. The AUC 
(area under the receiver operating characteristic (ROC) curve) 
quantifies the model's ability to distinguish between classes 
across various thresholds. The F1 score, in other words, the har-
monic mean of precision and recall, provides a balanced mea-
sure of the model's performance, which is useful for imbalanced 
datasets (Naser and Alavi 2023).

Our analysis revealed that studies focusing on epilepsy, 
schizophrenia, and stroke demonstrated the highest overall 
performance using these metrics. However, it is crucial to 

FIGURE 6    |    Average values of the accuracy metric in all categories (in %).

FIGURE 7    |    Average values of the sensitivity metric in all categories (in %).
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interpret these results cautiously, for conditions as they were 
conducted using smaller databases. The performance metrics 
for stress, schizophrenia, PD, and ASD may not represent gen-
eral trends as the studies were performed using smaller da-
tabases. Similarly, the scarcity of studies on stroke, seizure, 
and anxiety underscores the need for more research in these 
areas to establish reliable performance benchmarks for EEG 
studies.

The following observations are made using the individual matri-
ces based on Figures 6–10:

1.	 Accuracy: It may be noted from Figure 6 that the studies 
on epilepsy have obtained the highest accuracy values. 
The lowest average accuracy value was obtained for anx-
iety studies. Since studies based on epilepsy mostly per-
formed seizure detection and reported high classification 

accuracy, as it is a binary classification. On the other 
hand, anxiety detection from EEG signals is much more 
difficult than epilepsy disease because there are no obvi-
ous amplitude and frequency differences, and there are 
sudden changes in the EEG signals with epilepsy disease. 
This situation leads to lower accuracy in the anxiety 
diagnosis.

2.	 Sensitivity: Figure 7 shows that epilepsy and schizophre-
nia studies showed high sensitivity, indicating strong per-
formance in identifying true positive cases. Surprisingly, 
stress-related studies showed lower sensitivity despite 
having more studies than schizophrenia, suggesting 
potential challenges in detecting stress-related EEG 
patterns.

3.	 Specificity: Figure 8 indicates that epilepsy studies demon-
strated the highest specificity, while stress and PD studies 

FIGURE 8    |    Average values of the specificity metric in all categories (in %).

FIGURE 9    |    Average values of the AUC metric in all categories (in %).
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showed the lowest. This suggests that while AI models are 
adept at ruling out epilepsy in non-epileptic individuals, 
they may struggle more with distinguishing stress or PD 
from other conditions or normal states.

4.	 AUC: Figure 9 represents that PD, seizure, and Alzheimer's 
disease (AD) studies achieved the best AUC scores, indi-
cating good overall discriminative ability. Schizophrenia 
studies, however, showed the lowest AUC scores, suggest-
ing potential difficulties in distinguishing schizophre-
nia from other conditions across different classification 
thresholds.

5.	 F1 Score: It may be noted from Figure 10 that studies on 
stress, ASD, stroke, and depression achieved high F1 
scores, indicating a good balance between precision and 
recall. Conversely, AD and PD studies showed lower F1 
scores, suggesting potential imbalances between precision 
and recall in these domains.

These performance variations across different disorders and met-
rics highlight the complexity of EEG-based diagnosis and the 
importance of choosing appropriate evaluation metrics based on 
the specific clinical context. The high performance in epilepsy de-
tection may be attributed to the distinct EEG patterns associated 
with epileptic activity. The strong performance in schizophrenia 
studies, despite limited sample sizes, suggests promising avenues 
for EEG-based schizophrenia diagnosis; though more extensive 
studies are needed to confirm these findings.

The lower performance in stress detection, particularly in sen-
sitivity, underscores the challenges in identifying stress-related 
EEG patterns, which may be more subtle or variable than those 
associated with other conditions. The mixed results for PD and 
AD, with high AUC but lower F1 scores, indicate good overall 
discriminative ability but potential issues with balancing false 
positives and false negatives.

4.3   |   ML Versus DL Models

The sunburst diagram in Figure 11 visualizes the distribution of 
studies across various neurological and mental disorders, along 
with the AI techniques used. This comprehensive overview 
reveals the diversity of the approaches in the neurological and 
mental health field and highlights the predominance of certain 
methods in specific disease categories.

In our analysis, we observed distinct trends in the application of 
ML and DL methods across different disorders. Within ML tech-
niques, support vector machines (SVM) emerged as the most fre-
quently used algorithm. This popularity of SVM can be attributed 
to its high-dimensional data processing and its superior ability to 
find optimal decision boundaries in complex feature spaces. These 
features have a very important place in EEG signal analysis. In 
the domain of DL, convolutional neural networks (CNN) were 
predominant. The prevalence of CNNs is likely due to their ability 
to automatically learn hierarchical features from raw EEG data, 
capturing both spatial and temporal patterns effectively.

Figure 12 presents a radar graph comparing the accuracy of var-
ious traditional ML models across all application areas. Notably, 
Gradient Boosting Machine (GBM), Sparse Representation-Based 
Classification (SRC), and Takagi-Sugeno-Kang classifier (TSKC) 
methods demonstrated the highest accuracy among ML algo-
rithms. These methods excelled in handling complex, non-linear 
relationships in data, which is particularly relevant for EEG sig-
nal analysis. In contrast, Classification Trees (CT), Decision Trees 
(DT), and Bagging methods showed relatively lower accuracy. This 
disparity might be due to the limitations of these simpler models in 
capturing the intricate patterns present in EEG data.

Figure 13 illustrates the accuracy of different DL algorithms across 
all application areas. One-dimensional CNN (1D-CNN), Graph 
Neural Networks (GNN), and Recurrent Neural Networks (RNN) 

FIGURE 10    |    Average values of the F1-score metric in all categories (in %).
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emerged as the top performers in terms of accuracy. The success of 
these models can be attributed to their ability to effectively process 
sequential data (RNN), capture spatial relationships (GNN), and 
extract relevant features from one-dimensional signals (1D-CNN). 
It is noteworthy that all DL algorithms achieved an accuracy of 
over 80%, underscoring the potential of deep learning approaches 
in EEG-based disorder detection.

Figure 14 provides the comparison of hybrid models that com-
bine multiple ML and DL techniques. The hybrid model inte-
grating DT, SVM, Random Forests (RF), Explainable Boosting 
Machines (XBM), k-Nearest Neighbors (kNN), and Artificial 
Neural Networks (ANN) demonstrated the highest accuracy 

among all models examined. This superior performance high-
lights the potential of ensemble methods in leveraging the 
strengths of diverse algorithms to achieve more robust and ac-
curate predictions.

Finally, Figure 15 focuses on the accuracy of various DL mod-
els. Neural Network (NN) based algorithms consistently showed 
the highest accuracy values among DL models. This dominance 
of NN-based approaches underscores their effectiveness in pro-
cessing and interpreting complex EEG data. The superior per-
formance of DL models, particularly CNN and RNN variants, 
across various disorders, suggests a paradigm shift toward more 
sophisticated AI approaches in EEG analysis.

FIGURE 11    |    Sunburst diagram of the studies on the automated detection of neurological and mental diseases using ML, DL, and hybrid tech-
niques with EEG signals.
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5   |   Discussion

This systematic review provides an overview of the approaches 
used for detecting neurological and mental disorders using EEG 
signals, based on 74 scientific articles published between 2013 
and August 2024. We examined several categories of disorders, 
with epilepsy, AD, and depression emerging as the most exten-
sively researched areas.

Our study investigated traditional ML, DL, and hybrid (ML-
DL) methods for diagnosing neurological and mental disorders. 
Notably, we found no studies meeting our inclusion criteria 

prior to 2015, suggesting a recent surge in this field. Figure  5 
represents the number of studies conducted on ML, DL, and 
ML-DL techniques.

The analysis revealed a slight dominance of ML methods (26) 
over DL (22) and hybrid (1) approaches. This trend may be at-
tributed to the limited feature data provided by EEG signals 
due to their low spectral properties (maximum frequency band 
range of 0.5–100 Hz (Niedermeyer and Lopes da Silva 2005)). 
However, DL methods have demonstrated clear superiority in 
detecting neurological and mental disorders, primarily due 
to their ability to extract features automatically, overcoming 

FIGURE 12    |    Average values of the accuracy metric of traditional ML models across all application areas (in %).

FIGURE 13    |    Average values of the accuracy metric of DL models across all application areas (in %).
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a significant limitation of ML and hybrid methods. Recent 
trends suggest a continued increase in the use of DL models 
in this field.

Several studies across various disorder categories demonstrated 
remarkable classification accuracy. Sharma et  al. (Sharma 
et  al.  2023) developed a wearable depression detection device 
using DL methods for smart healthcare services. Their model 
with STFT and the CNN-LSTM model achieved 99.9% classi-
fication accuracy. Aljalal et  al.  (2022) used DWT-based entropy 
features and achieved nearly 100% accuracy in distinguishing 
Parkinson's patients from healthy subjects across two datasets. 
Aksoy et  al.  (2024) proposed a quantum-based ML algorithm 
with PCA and QSVM and achieved 100% classification success in 
detecting schizophrenia. Khare and Acharya  (2023) introduced 
the Adazd-Net model, which combines ML and DL methods for 
the automatic diagnosis of AD. They achieved 99.85% accuracy 
in AD diagnosis from EEG signals with 10-fold cross-validation. 

Sheykhivand et  al.  (2020) proposed a seizure detection method 
using EEG signals and sparse representation-based classification 
(SRC) theory. They achieved 100% accuracy using tests carried out 
on various scenarios. Sunaryono et al. (2022) employed discrete 
Fourier transform (DFT), DWT coupled with a gradient boosting 
classifier (GBM) classifier and reported 100% accuracy in epilepsy 
diagnosis. Islam et al. (2023) proposed a DL model for epilepsy di-
agnosis using noisy EEG signals, CWT, spectrogram, Wigner-Ville 
distributions, and CNN, and reported 100% accuracy. Zazzaro and 
Pavone  (2022) classified features obtained through information 
gain, Pearson correlation filters, kNN classifier, and achieved 
100% classification success for automatic detection of epilepsy. 
Tawhid et al. (Tawhid et al. 2021) used time-frequency spectro-
grams of EEG signals, a CNN model, and SVM to detect ASD. 
They reported an accuracy of 95.25% in the detection of ASD.

This research intersects neuroscience, psychology, biomedical 
engineering, and computer science, fostering collaborations that 

FIGURE 14    |    Average values of the mean accuracy metric of ML-DL models across all application areas (in %).

FIGURE 15    |    Average values of the accuracy metric of DL models across all application areas (in %).
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drive innovation across these fields. From a neuroscience per-
spective, the success of AI models in detecting disorders from 
EEG signals provides new insights into the neural correlates of 
various conditions. In psychology, these methods offer the poten-
tial for more objective, physiologically based markers of mental 
states. For biomedical engineering, this work promotes advance-
ments in EEG technology and signal processing. Moreover, this 
interdisciplinary approach impacts medical education, poten-
tially reshaping how future healthcare professionals are trained 
to interpret and utilize AI-assisted diagnostic tools.

In addition, with a cloud-based CDSS like in Figure  16 to be 
established globally in the future, it will be inevitable for the 
above-mentioned collaborations to work more efficiently and 
successfully. Such a system will provide great conveniences and 
solutions in the diagnosis, treatment, and tracking of neurologi-
cal and mental diseases. It will be more possible to deliver such 
services to regions where telemedicine cannot reach.

5.1   |   Limitations

This systematic review provides information about the ap-
plication of AI techniques for EEG-based detection of neuro-
logical and mental disorders. The limitations of this study are 
listed below.

•	 As evident from Tables A1–A8, the studies included in this 
review utilized a diverse range of datasets, varying in size, 
participant demographics, and data collection protocols. 
The number of subjects across studies varies significantly, 
ranging from small-scale experiments to large cohort stud-
ies. Additionally, the electrode arrangements and EEG 
recording techniques differ between studies. This heteroge-
neity makes direct comparisons between studies challeng-
ing and may limit the generalizability of findings across 
different populations and clinical settings.

•	 The studies employed diverse preprocessing techniques and 
feature extraction methods, which can significantly impact 
the performance of AI models. The lack of standardization 
in these crucial steps makes it difficult to isolate the effects 
of the AI algorithms themselves from the effects of data 
preparation techniques.

•	 While accuracy is commonly reported across studies, there 
is a lack of consistency in reporting other crucial perfor-
mance metrics such as sensitivity, specificity, F1 score, and 
AUC. This inconsistency hinders a comprehensive evalua-
tion of model performance, particularly in cases where class 
imbalance may be present. A more standardized approach 
to reporting a full suite of performance metrics would facil-
itate better cross-study comparisons.

•	 Most of the reviewed studies are cross-sectional, providing 
a snapshot of EEG-based disorder detection at a single time 
point. The scarcity of longitudinal studies limits our under-
standing of how AI models perform over time and across 
different stages of disease progression.

•	 While the performance of AI models is often reported, there 
is often limited discussion on the interpretability of these 
models, which is crucial for clinical adoption and trust in 
AI-assisted diagnosis.

5.2   |   Future Studies

Mental disorders have been a persistent global issue throughout 
human history. Research has established strong links between 
these disorders and various factors, including genetic predispo-
sition, hormonal imbalances, social environment, and chronic 
diseases (Walker et  al.  2015). Despite significant progress in 
identifying many mental disorders, there remain substantial 
gaps in our understanding and treatment capabilities, both for 
known and yet-to-be-discovered conditions. We propose that a 
crucial step in addressing these gaps is the further development 
of CDSSs. The creation of a global system for continuous data 
analysis and prediction of neurological and mental illnesses 
would represent a significant advancement in this field. This is 
particularly important given the limited reach of telemedicine in 
many parts of the world. The implementation of such systems, 
along with internet and phone-based support systems and mo-
bile applications for mental health, could potentially lead to a 
marked reduction in the prevalence of these disorders.

A significant limitation in current research is the reliance on 
non-public datasets. The majority of studies examined in this 
review were conducted using private datasets. The scarcity of 

FIGURE 16    |    A cloud-based CDSS system.
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publicly available mental health datasets, primarily due to pri-
vacy and confidentiality concerns, has restricted the scope and 
number of studies in this field. This limitation is evident by the 
number of articles published. To enhance our understanding of 
neurological and mental diseases, there is a pressing need for 
more publicly accessible datasets.

DL-based studies on EEG signal analysis for neurological and 
mental disorder detection have shown promising results and 
demonstrated high efficiency (Malviya and Mal  2022; Sun 
et al. 2021; Tasci et al. 2023; Shah et al. 2023; Rafiei et al. 2022; 
Alves et  al.  2022; Sarkar et  al.  2022). This efficiency under-
scores the need for developing new models in this field. The 
potential for systems that can make rapid, accessible, and 
transparent decisions could significantly reduce the impact of 
these diseases.

We also envision the establishment of a global mental health 
system. This system would integrate CDSS and a shared data-
set pool, enabling quick and cost-effective dissemination of di-
agnostic and treatment services worldwide. The development of 
AI-based systems integrated with these platforms could lead to 
mutual advancements in both medical practice and artificial in-
telligence research.

Figure 17 shows a visual that includes the most important fun-
damental issues of future directions that we noticed throughout 
this study.

Recently, AI methods are becoming more popular and wide-
spread due to their ease of use and the successful results they 
provide. As with many other state-of-the-art models, the biggest 
problem of AI is its lack of transparency and interpretability 
(Dosilovic et  al.  2018). This deficiency creates a major disad-
vantage in areas where errors are unacceptable, such as auton-
omous driving, military, and healthcare. This situation has led 
to the emergence of the concept of explainable artificial intel-
ligence (XAI) in the field of AI. XAI was essentially created 
to improve the interpretability of ML and to produce solutions 
like LIME (Local Interpretable Model-Agnostic Explanations) 
(Ribeiro et  al.  2016), SHAP (SHapley Additive exPlanations) 

(Lundberg and Lee  2017), and GradCam (Gradient-weighted 
Class Activation Mapping) (Selvaraju et  al.  2020) to increase 
trust in these systems (Xiong, Li et  al.  2024). With the preva-
lence of neurological and mental health studies that take this 
issue into account, like studies (Mishra et  al.  2021; Ammar 
and Shaban-Nejad 2020; Jaber et al. 2022) eliminating the de-
ficiencies in AI-based studies and increasing trust in AI will be 
inevitable.

In addition, improvement in the detection can be achieved by 
measuring the amount of uncertainties caused by noise in EEG 
signals. In clinical artificial intelligence applications, the pro-
cess of measuring uncertainty reduces misclassifications, im-
proves model accuracy, and identifies uncertain cases, while 
increasing the reliability and safety of the model used and the 
trust between clinical operators (Seoni et  al.  2023). Bayesian 
networks and fuzzy methods are used to make precise predic-
tions during uncertainty. Uncertainty quantification (UQ) helps 
to quantify and minimize the uncertainty due to models or data 
(Flügge et al. 2019).

In this review, we observed that the majority of the studies 
relied on EEG signals alone. This singular focus highlights a 
critical area for future research—the integration of additional 
biomarkers alongside EEG data. We believe that data fusion, 
which incorporates multiple biomarkers, such as neuroimag-
ing data (e.g., fMRI, PET), genetic markers, or even behavioral 
and cognitive assessments along with EEG, could substan-
tially enhance the success of neurological and mental disor-
der detection and will improve the uncertainty estimation of 
the model.

6   |   Conclusion

This systematic review analyzed 74 Q1/Q2 studies published 
between 2013 and August 2024 on the automated detection of 
neurological and mental health disorders using EEG signals 
and AI techniques. The analysis revealed a significant focus on 
epilepsy, Alzheimer's disease, and depression detection stud-
ies. The SVM and CNN are widely used in ML and DL studies, 
respectively, to detect these various neurological and mental 
health disorders. A notable trend toward DL-based studies was 
observed, with these methods often outperforming traditional 
approaches in accuracy and feature extraction.

While many studies reported high classification accuracies, 
often exceeding 99%, it is important to note that most were con-
ducted in controlled research settings. Future research should 
focus on larger, more diverse datasets, standardization of tech-
niques, and clinical validation in a real-world environment. The 
integration of AI-based EEG analysis in healthcare shows prom-
ise for enhancing diagnosis and understanding of these disor-
ders, potentially leading to earlier interventions and improved 
patient outcomes. However, these methods should be viewed as 
complementary tools to existing clinical practices rather than 
replacements.

Lastly, the advancement of this field will depend on the in-
tegration of XAI approaches, multi-modal data fusion 

FIGURE 17    |    Illustration of future directions.
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techniques, and uncertainty quantification methods. These 
components not only improve AI models' reliability and in-
terpretability, but they also foster crucial trust among medical 
professionals.
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TABLE A2    |    Parkinson's disease related studies.

Author Disease Subject Electrodes Classifier
Accuracy 

(%) Sensitivity Specificity AUC F1

(Cao 
et al. 2021)

Parkinson's 
disease

17 32-Channel Linear SVM
Kernel SVM

kNN
RF

68.09
79.44
73.21
73.02

68.42
84.12
88.49
79.69

66.21
73.80
54.36
66.91

N/A 68.30
79.32
72.11
72.94

(Aljalal 
et al. 2022)

Parkinson's 
disease

Dataset 1: 
31(15 PD/16 

HC)
Dataset 2: 54

(27 PD/27 HC)

Dataset 1/2:
32-Channel

LR
LDA
RF

SVM
kNN

Dataset 1:
kNN:99.89
Dataset 2:
SVM:99.51
kNN:99.52

Dataset 1:
kNN:99.87

Dataset 1:
kNN:99.91

Dataset 
1:

0.99
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Appendix B

Average Results of Different Classifiers' Results on Each Disease

TABLE B1    |    Average results of different classifiers' results on depression-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

SVM 84.6 82.44 87.13 0.98 N/A

kNN 78.49 85.52 69.19 0.95 N/A

CT 66.93 N/A N/A N/A N/A

DT 78.64 N/A N/A 0.94 N/A

NB 83.64 N/A N/A 0.94 N/A

RF 76.58 N/A N/A N/A N/A

SNN 78.29 N/A N/A N/A N/A

BNMLP 76.92 N/A N/A N/A N/A

DNN 90.55 94.05 88.2 N/A N/A

GNN 86.7 N/A N/A 0.91 88.68

SCKA 97.5 96 98.5 N/A N/A

Regression N/A N/A N/A 0.789 N/A

LSTM-CNN 99.9 100 99.8 N/A N/A

LSTM-DNN 89.7 N/A 87.5 0.8917 92.1

FLFCFS 92.59 94.74 91.30 0.9243 92.60

TABLE B2    |    Average results of different classifiers' results on Parkinson's disease-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

SVM 82.35 76.27 70.01 0.99 73.81

kNN 90.87 94.18 77.14 1 72.11

RF 73.02 N/A N/A N/A N/A

LDA N/A N/A N/A 0.99 N/A

LSTM 99.6 99 100 0.99 99

TABLE B3    |    Average results of different classifiers' results on stress-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

NN 80 N/A N/A N/A N/A

SVM 70.5 75.5 68 0.73 N/A

RF 83.78 N/A N/A N/A 83.21

DL 86.22 N/A N/A 0.94 89.8

1D-CNN 95.25 N/A 99.41 N/A 93.98

TABLE B4    |    Average results of different classifiers' results on schizophrenia-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

LDA 80.66 78.83 82.48 N/A N/A

RF 85.07 N/A 76 0.73 N/A

QSVM 100 100 100 N/A N/A

DT 95 N/A N/A N/A N/A

ET 97.36 N/A N/A N/A N/A
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TABLE B5    |    Average results of different classifiers' results on Alzheimer's disease-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

SVM 90.14 76.96 88.93 N/A 65

LR 87.5 96 93 0.98 N/A

kNN 86.41 82.58 92.26 N/A 65

RLDA 97.02 94.22 98.49 N/A N/A

TSKC 98.10 98.02 98.06 N/A N/A

LDA 88.71 79.95 89.04 N/A N/A

NB 85.48 85.31 81.8 N/A N/A

ML-DL 99.85 99.75 100 N/A 99.88

MLP 85 N/A N/A N/A N/A

Boosts 77.67 72.67 81.67 N/A 74.67

DT 73 71 75 N/A 71

CNN 83.28 79.81 87.94 N/A 84.12

DL 98.92 N/A N/A N/A N/A

DBN 94.53 N/A N/A N/A 94.1

TABLE B6    |    Average results of different classifiers' results on epilepsy-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

DA 88.9 N/A N/A N/A N/A

LSTM 97.41 94.87 99.25 N/A N/A

CNN 98.42 94.41 98.54 0.88 83.7

SRBC 100 100 100 N/A N/A

SVM 95.6 97.09 99.27 N/A N/A

kNN 98.6 N/A N/A N/A N/A

GBM 100 N/A N/A N/A N/A

CNN-LSTM 98 98.3 97.4 0.968 N/A

GNN 97.49 96.81 98.3 N/A N/A

Deep transformer 85 82 87 N/A N/A

DNN 97.57 93 94 N/A N/A

RF 98.3 92.45 98.5 N/A N/A

MLP 97.3 96 98 N/A N/A

LR 96.7 95 97.5 N/A N/A

RUSBoost 86.64 87.04 87.15 0.93 0.93

ML-DL 97.99 97.52 98.57 N/A 0.975

GCN-BRF 99.38 98.18 98.38 N/A N/A

GCN-LSTM 99.66 98.25 97.93 N/A N/A

TAENN 99.43 99.06 99.22 N/A N/A

NN N/A N/A N/A N/A 60.5

FCL N/A 85.6 N/A N/A N/A

SGCN-DeepRNN 98.54 97.97 96.49 0.978 97.3
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TABLE B7    |    Average results of different classifiers' results on autism spectrum disorder-related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

NB 72.09 66.83 84.67 0.77 78

LDA 89.97 91.54 86.26 0.96 93

RF 90.59 99.27 70.02 0.97 94

KNN 92.29 90.67 96.13 0.98 96

LR 94.95 96.99 90.06 0.98 96

SVM 95.25 97.07 90.95 0.98 97

CNN 75.85 99.19 96.38 0.99 87.41

CNN-LSTM 81.08 N/A N/A N/A N/A

TABLE B8    |    Average results of different classifiers' results on other diseases (seizure, ischemic stroke, anxiety) related studies.

Classifier Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 (%)

GCNN N/A N/A N/A 0.985 N/A

EOSVM 89 N/A N/A N/A 89

kNN 70.09 N/A N/A N/A N/A

LDA 75.37 N/A N/A N/A N/A

SVM 70.06 N/A N/A N/A N/A

RF 87.50 N/A N/A 0.829 N/A

Baggings 78.43 N/A N/A N/A N/A
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Appendix C

List of Acronyms

AI—artificial intelligence

BNMLP—batch normalized multi-layer perceptron

BRF—balanced random forest

CT—classification tree

CNN—convolutional neural network

DA—discriminant analysis

DBN—deep belief network

DDPM—denoising diffusion probabilistic model

DeepRNN—deep recurrent neural network

DFT—discrete Fourier transform

DL—deep learning

DNN—deep neural network

DT—decision tree

DWT—discrete wavelet transform

EOSVM—ensemble of support vector machines

ERP—event related potential

ET—extra tree

FCFSFL—functional connection feature selection based on fuzzy label

FCL—fully connected layer

fMRI—functional magnetic resonance imaging

GBD Tree—gradient boosted decision tree

GBM—gradient boosting machine

GCN—graph convolutional network

GCNN—graph convolutional neural network

HCI—human-computer interaction

kNN—k-nearest neighbor

LDA—linear discriminative analysis

LFP—local field potential

LR—logistic regression

ML—machine learning.

MRI—magnetic resonance imaging

NB—Naïve Bayes

NIRS—near infrared spectroscopy

NN—neural network

PCA—principal component analysis

PPMS—primary progressive multiple sclerosis

PRISMA—preferred reporting items for systematic reviews and 
meta-analyses

RLDA—regularized linear discriminant analysis

RNN—recurrent neural network

ROC—receiver operating characteristic.

RRMS—relapsing-remitting multiple sclerosis

SCKMA—spectral clustering with K means algorithm

SGCN—sequential graph convolutional network

SNN—self-normalizing network

SRC—sparse representation based classification

SVM—support vector machine

TAENN—temporal activation expansive neural network

TSKC—Takagi-Sugeno-Kang classifier

QSVM—quantum support vector machine

XBM—explainable boosting machine

ViT—vision transformer
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