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	 Mental illnesses are a major public health concern and one of the main causes of 
disability around the globe. They also provide substantial social and economic challenges. The 
non-invasive, real-time capabilities of electroencephalography (EEG) have made it a potential 
technique for identifying neural patterns linked to a range of mental diseases. A systematic 
assessment of EEG-based learning models for mental disease identification is presented in this 
article, underscoring the expanding use of AI and machine learning in neurodiagnostic. In 
addition to reviewing existing literature, we implement and evaluate three fine-tuned learning 
models (FTLM-1, FTLM-2, and FTLM-3) alongside three widely used transfer learning models 
(VGG19, ResNet50, and Mobile net). Comparative analysis reveals that the fine-tuned models 
achieved higher classification accuracy (up to 75%) compared to transfer learning models (up to 
65%), underscoring the potential of task-specific model optimization in EEG-based mental health 
diagnostics. This work contributes to the advancement of intelligent, data-driven approaches 
for early and accurate detection of mental disorders.

Keywords: Electroencephalogram; Fine Tuned Models; Mental Illness;
Machine Learning; Transfer Learning.

	 Mental disorders, often referred to as 
mental health issues, represent a broad spectrum 
of psychological conditions that may affect 
emotions, thoughts, and behavior.¹ These include 
anxiety, mood disorders, schizophrenia, eating 
disorders, and behavioral addictions.² In today’s 
busy world, many individuals suffer from mental 
health problems. According to a 2017 report, 
approximately 792 million people worldwide 
experienced a mental health condition, accounting 
for more than one in ten persons globally (10.7%).³ 
Whenever persistent indications and symptoms 

occur, mental health issues may progress into 
brain disorders, significantly impacting quality 
of life.t  Mental illnesses can lead to issues 
with one’s way of life, career, or interpersonal 
relationships. Psychological health includes 
mental, interpersonal, and empathetic quality of 
life.5 It influences people’s thoughts, feelings, 
and actions. It also influences people’s decision-
making, stress management, and interpersonal 
relationships. In all phases of life, including 
childhood, adolescence, and adulthood, mental 
health is crucial.
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	 On the report of World Health Organization 
(WHO), mental health is far beyond merely the 
mental diseases or impairments absenteeism.6 

Optimum mental health entails not only to eliminate 
severe mental disorders but also to maintain overall 
well-being and pleasure. They also highlighted the 
need for the protection and repairment of mental 
wellbeing on an interpersonal level, and in many 
groups and aspects of society as well. A number 
of health problems may be significantly influenced 
by mental stress. Medical professionals and 
researchers use many methods to assess the severity 
of emotional trauma in its early phases.7 Stress 
and anxiety are among the factors that contribute 
to health issues. Its foundation is the human 
body’s innate response to long-term physiological, 
emotional, and chronic stimuli, which is controlled 
by the hypothalamus–pituitary–adrenocortical axis 
and sympathetic nerves. This phrase can be used 
to describe situations that result in unfavorable 
empathic and physiological changes, both inwardly 
and externally.
	 It is challenging to make an accurate 
diagnosis using the same evaluation criteria 
because specialists have observed that the 
symptoms of mental disease differ from person 
to person. (Reference is not correctly displayed). 
Moreover, these evaluation instruments determine 
the correctness of mental disease assessments.  In 
situations like this, personality surveys would yield 
more insightful answers than physiological ones 
because people are ignorant of their true mental 
health status.
	 Several neuroimaging techniques were 
employed to measure emotional trauma by either 
overtly or implicitly tracking brain activity.  
Electroencephalograms (EEG) have the highest 
spatial specificity, are the least expensive, and are 
easily accessible, aside from neuroimaging data.  
The availability of more medical data and advances 
in computing power have resulted in a boom in the 
usage of machine learning (ML) and deep learning 
(DL) technologies. More robust systems can be 
created by applying machine learning or deep 
learning.8

	 Through a deeper comprehension of 
human behavior, machine learning (ML) opens up 
new avenues for investigating medical diagnosis 
and its optimization, particularly in the area 
of mental health. ML allows for the automatic 

building of statistical and computational models 
that can automatically uncover hidden patterns in 
data. Numerous feature engineering approaches are 
also integrated with ML for optimal performance. 
But usually, these resource consuming approach 
results in increase of time complexity and may 
decrease in diagnosis accuracy. Therefore to 
mitigate these issues DL that have capability for 
end-to-end mechanism that maps raw input features 
through multi-layered network structure directly to 
output that have capability to find hidden patterns 
within the data. Convolutional neural networks 
(CNNs), autoencoders, recurrent neural networks 
(RNNs), and others are a few DL techniques. 
Figure 1 represents a general framework to show 
overview of ML or DL approaches for mental 
health diagnosis. The framework begins with raw 
medical data (EEG recordings), which are divided 
into training and testing sets. For the training 
set, features are extracted and processed through 
machine learning pipelines that include model 
training, cross-validation, and hyperparameter 
optimization to ensure robust performance. For the 
testing set, extracted features are used to evaluate 
the trained model. The block labeled “Model 
Optimization & Validation” (previously “Rules 
for Training”) refers to the processes of selecting 
training rules, adjusting parameters, and validating 
the model. The final results provide classification 
outcomes for mental illness detection
Mental Illness and EEG 
	 Mental illnesses are a severe issue that 
must be addressed since they impair both the person 
and the environment’s emotional stability and 
security.2,7 A good person’s mental health permits 
him or her to develop all of his or her potential to 
the fullest extent possible.9 To avoid the emergence 
of a slew of mental problems, it’s analytical 
to diagnose psychiatric conditions as soon as 
possible, so the risk factors can be mitigated. 
Diagnosis is usually accomplished by identifying 
the indications of psychiatric abnormalities. The 
quality of early identification can indeed contribute 
to the knowledge and ability to understand of 
people’s psychological conditions when mental 
illnesses happen and can improve their treatment. 
Theoretically, diagnosing mental diseases can be 
learnt as a skill and practiced on a regular basis.9 

The issue was that if the diagnostician was not 
very much skilled then it will take time while 
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diagnosis or sometimes wrong diagnosis would 
be performed.1 In order to address these manual 
problems, machine learning turned out to be a better 
option. Machine learning tools for mental disease 
detection should be used in a manner comparable 
to that of a qualified physician when making a 
diagnosis.
Effects of Depression in Brain
	 There are two cerebral hemispheres 
in the human brain: the left hemisphere, which 
is in charge of analytical and logical cognition. 
the right hemisphere, which is in charge of 
intuition, imagination, and creativity.10,11 The right 
hemisphere is willing to take responsibility for the 
creative side of the mortal brain of human.
	 In each hemisphere, there are four lobes: 
the frontal, occipital, parietal, and temporal. The 
majority of studies have come to the conclusion 
that when the individual is in a resting condition, 
Depression primarily affects the frontal lobe or 
the region of the frontal lobe near the centre. 
On the other hand, brain activity occurs almost 
instantaneously—within milliseconds—allowing 
neural signals to reflect physical and cognitive 
processes with high temporal precision.¹¹,¹² While 
individuals may consciously misrepresent their 
experiences, EEG recordings provide objective 
measures of brain activity that cannot be easily 
manipulated or concealed.
	 There are three areas of the brain that are 
affected when someone has a mental illness:
• The hippocampus is the part of the brain that is 
in charge of storing memories as well as regulating 
the production of the hormone cortisol. This 
portion of the brain resides in the temporal lobe. 
For example, if someone is depressed, a certain 
amount of cortisol is produced in his body and it 
is transferred to hippocampus that will slows down 
mental health.13

• The prefrontal cortex, which is located on the 
frontal aspect of the frontal lobe, is the part of the 
brain that is in charge of the formation of memories, 
the regulation of emotions, and the selection of 
important options. When someone is depressed, 
an excessive amount of cortisol is produced within 
their brain, which causes the prefrontal cortex to 
diminish in size.13 This phenomenon is similar to 
that which occurs in the hippocampus. 
• Facilitating emotional responses is the 
responsibility of the amygdala, a region of the 

brain situated on the frontal portion of the temporal 
lobe.13

Different EEG Rhythms 
	 Signals are a useful tool for improving 
recognition of the presence of depression 
biomarkers. As shown in figure 2, there are five 
frequency bands for EEG signal processing. 
These five frequency bands are presented in 
descending order, beginning with the highest 
frequency level to low frequency level. Figure 2: 
EEG Frequency Bands and Their Characteristics. 
The figure illustrates the five primary frequency 
bands of electroencephalogram (EEG) signals, 
each associated with distinct neural processes. 
Gamma (>35 Hz) waves are linked to higher-order 
cognitive functions such as perception, attention, 
and memory. Beta (12–35 Hz) waves are associated 
with active thinking, focus, and alertness. Alpha (8–
12 Hz) waves represent a relaxed but alert mental 
state, often observed during rest with eyes closed. 
Theta (4–8 Hz) waves are connected to drowsiness, 
light sleep, and memory processing. Delta (0.5–4 
Hz) waves dominate in deep sleep and restorative 
brain activity. The illustration shows representative 
waveforms of each frequency band, highlighting 
their relative amplitudes and oscillation rates.
Systematic review
	 To perform a systematic review, certain 
steps are followed as: a specified research topic, the 
selection of appropriate studies, an evaluation of 
the quality of those studies, and empirical studies 
with clearly stated results.15 We examined research 
articles indexed in IEEE Xplore, ScienceDirect, 
and Springer over the past 24 years (1999–2022). 
Figure 3 presents a bibliometric trend illustrating 
the number of published articles related to EEG-
based mental illness detection during this period.
	 As shown in figure 3, the majority 
of the research on EEG-based mental disease 
identification has been done since 2011. Figure 4 
presents the bibliometric analysis on the basis of 
type of article. We have listed every technique for 
preprocessing of signal, extraction of feature and 
selection, classification models supervision, and 
the accuracy discovered by it in order to carry out 
our search techniques.
	 Using the checklists that PRISMA-P 
provides, there are a few steps that should be 
considered before creating a systematic review. 
These stages are as follows: Eligibility Criteria: 
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The term “eligibility criteria” refers to the study 
methodology, timeline, and reporting standards, 
including restrictions on language and year 
of publication. For this systematic review, we 
included only articles written in English, published 
within the last 24 years, and belonging to one of 
four specified research fields.
	 Relevant Information: For this review, 
research articles were collected from multiple 
academic databases and sources, including:
• Springer – peer-reviewed journal articles and 
book chapters.
• IEEE Xplore – conference proceedings and 
research papers.
• ScienceDirect – journal articles across biomedical 
and computational domains.
• Other Sources – selected high-impact journals and 
relevant reports from trusted publishers.
	 Search Strings Approach: Each study 
is reviewed before being included to a database 
supplies a set of keywords that others can use to 
find their research paper more quickly and easily. 
If, on the other hand, this search technique is able 
to conform to the predetermined restrictions or 
words of preference. Our search string is made 
up of words, and we use a Boolean operator to 
determine whether or not we want to include a 
certain word. The Boolean operator known as 
“AND” is used rather frequently. The following 
combinations of search phrases were used to get 
relevant articles for this article: “EEG” AND 
“Mental Illness” AND “Machine Learning,” and 
“EEG” AND “Mental Illness”, “Deep Learning”, 
and “EEG” AND “Mental Illness”.
	 Study Records: The study records section 
refers to three main phases: (1) data maintenance, 
(2) the selection process, and (3) data collection 
procedures. These phases ensure systematic 
management of retrieved articles. In our review, 
data management was carried out by establishing 
clear protocols for article screening, eligibility 
checks, and structured recording of results.The 
phases from the research methodology through 
the reporting of the results will be guided by 
the research questions (RQ). In order to have a 
better understanding of our primary objective, 
which is to examine the classification of different 
mental illnesses and the biomarkers that are 
associated with them, as well as an overview of 
the methodology that is associated with this topic.

	 When we talk about the selection process, 
we’re referring to the inclusion and exclusion 
criteria screening that takes place as we search for 
desired research papers in databases. During the 
preliminary search of each database, we may make 
an informed decision about whether or not a study 
is pertinent to the one we are reviewing by making 
use of Boolean operators. Through the use of the 
search string selection, we were able to organize 
191 research articles taken from referred databases. 
In addition to these selection techniques, we 
discovered 54 items that are identical to one another 
and removed them from consideration during the 
screening of the first part. Because of the inclusion 
and exclusion criteria, another 32 articles have been 
removed from consideration for the second section 
screening. The entire search strategy is described 
in figure 5, which can be found here. Therefore, 
this paper has selected some major research 
contributions for mental illness detection using 
EEG signals and categorized them according to 
type of disease as discussed in below subsections. 
Finally, a comparative study of existing research 
feature is presented in table 1. Figure 5: Flow 
Diagram for Literature Review. The flow diagram 
illustrates the systematic selection process used 
in this study. Initially, 191 papers were identified 
from databases such as ScienceDirect, IEEE, and 
Springer. After removing 54 duplicate records 
and excluding 32 articles based on inclusion/
exclusion criteria (e.g., language, publication 
year, and relevance to EEG-based mental illness 
detection), 105 papers remained. Of these, only 
62 provided full-text access. Finally, 43 articles 
were selected for detailed literature review based 
on their methodological rigor, relevance to EEG 
signal-based mental illness detection, availability 
of sufficient experimental details (dataset, features, 
model), and contribution to at least one of the four 
focus areas (Major Depressive Disorder, ADHD, 
Schizophrenia, or Autism).
Research Contribution for EEG based Major 
Depression Disorder Detection 
	 Major depressive disorder (MDD) 
patients are categorized as either responders (R) 
or non-responders (NR) to TMS treatment using a 
machine learning-based method. Power or Beta? 
performed remarkably well, classifying R and 
NR with 91.3% accuracy, 91.3% sensitivity, and 
91.3% specificity, according to the data. machine 
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learning using electroencephalography (EEG) to 
assess the coherence of EEG in order to (1) predict 
clinical outcomes in people with comorbid PTSD 
and MDD and (2) determine whether a person 
has finished a TMS course.16 The bands of Alpha, 
Beta, Theta, and Delta all had accuracy rates of 
75.4 1.5%, 77.4 1.4%, 73.8 1.5%, and 78.6 1.4%, 
respectively, and all significantly outperformed 
chance (50%, p 0.001).
	 Using EEG-derived synchronization 
likelihood (SL) features as input data, a machine 
learning method is developed to automatically 
diagnose MDD. 17The results show that the model 
has an f-measure of 0.97, 98% accuracy, 99.9% 
sensitivity, and 95% specificity. An EEG-based 
deep learning system that distinguishes MDD 
patients from healthy controls axiomatically.18The 
deep learning model achieved an accuracy of 
99.24%. However, it is important to note that 
the reported performance should be interpreted 
in the context of the dataset’s class distribution, 
which was not explicitly provided in the original 

study. Balanced datasets typically validate the 
robustness of such high accuracy, whereas skewed 
distributions may inflate the metric. Therefore, 
additional details on sensitivity, specificity, and 
class balance are essential to fully assess the 
reliability of this result.
	 Novel method for detecting depression 
in EEGs is proposed.19 The maximum task 
accuracy achieved by the deep learning method 
was 84.75%. A new computer algorithm for 
EEG-based depression screening (CNN) utilizing 
Convolutional Neural Networks, a type of deep 
neural network machine learning technique, is 
presented in this research.20 The method used EEG 
signals to achieve 93.5% and 96.0% accuracy. 
A machine learning method called a kernel 
SVM classifier was introduced, which used the 
characteristics of many cortical regions and 
frequency bands to determine whether individuals 
were at high risk for emotional problems.21 Its 
accuracy was 95.20 percent. Long-short-term 
memory (LSTM) is a deep learning model. The 
LSTM predictor model has been found to be the 
most effective for projecting depression trends.22

Fig. 1. Framework for EEG-Based Mental Illness Diagnosis Using ML/DL Approaches
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Research Contribution for EEG based Attention-
deficit/hyperactivity Disorder Detection 
	 With excellent accuracy, the suggested 
CAD system can identify ADHD using EEG 
data.23From raw EEG data, the suggested technique 
was able to extract pertinent spatial-temporal 
properties. A machine learning method to evaluate 
the power spectrum, bicoherence, complexity, 
and biomarker potential for identifying ADHD 
in children using resting-state EEG (rsEEG).24 

The model’s accuracy rate is 84.59% created a 
unique method based on the combination of a few 
non-linear characteristics to distinguish children 
with ADHD from those learning normally.25 
Experimental results indicated a specificity, 
sensitivity, and accuracy of 98, 92.31, and 96.05%, 
respectively, using a set of EEG data from 50 ADHD 
cases and 26 samples of normalcy. Using a CNN 
and an EEG-based brain network, it will present 
a DL framework for the detection of ADHD.26 

With an accuracy of 94.67%, the proposed deep 
learning framework, which combined EEG-based 
brain network features with a convolutional neural 
network (CNN), demonstrated strong performance 
in distinguishing children diagnosed with ADHD 
from healthy controls [Ahmadi et al., 2020]. In 
addition, another study developed an artificial 
intelligence (AI) model specifically designed to 

identify ADHD patients using resting-state EEG 
features, achieving robust classification results 
with a reported accuracy of 91.3% [Chen et al., 
2019]. These findings highlight the growing role 
of AI-based methods in supporting the early and 
objective diagnosis of ADHD.27 The technique 
produced the most accurate categorization, with a 
91.3% accuracy rate.
Research Contribution for EEG based 
Schizophrenia Detection 
	 In this study, a machine learning–based 
classifier was designed to improve schizophrenia 
detection by incorporating specific features 
extracted from EEG signals, thereby enhancing 
classification accuracy [Zhang, 2019].28 It is 
discovered that by including specific features taken 
from EEG signals, the classification accuracy can 
be increased. A transfer learning-based automatic 
technique using deep convolutional neural 
networks. results that are precise, specificity and 
sensitivity of 98.60% ±  2.29, 99.65%  ±  2.35 
and 96.92% ± 2.25, respectively.29 Using machine 
learning, forecast individual reactions to ECT 
in schizophrenia patients.30 Electroconvulsive 
Therapy (ECT) responders and no responders were 
distinguished using a prediction model developed 
using the Recursive Feature Selection (RSFS) 
approach with 85.3% balanced accuracy, 85.2% 

Fig. 2. EEG Frequency Bands and Their Characteristics.14
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accuracy, 88.7% sensitivity, and 81.8% specificity. 
An empirical mode decomposition (EMD) 
methodological design for SZ diagnosis using 
EEG signals.31 The model achieves accuracy of 
89.59%. By developing a quick, high-performance 
classification model, we were able to completely 
rule out schizophrenia.32 Treatments in ICUs can 
be carried out much more quickly, more precisely, 
and affordably by using this model in conjunction 
with a differential diagnosis system.

Research Contribution for EEG based Autism 
Detection 
	 Psychiatric classification and, more 
generally, neuroscientific research can benefit 
from automated techniques that can analyze raw 
EEG waveforms, which further enhances the 
benefits of deep learning. Google Net, Squeeze 
Net, and pre-trained CNNs use the transfer 
learning technique to distinguish between people 
with ASD and normal controls based on their 

Fig. 3. Research Article Publishing Trends by Year of Publication
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EEG data.34 SqueezeNet and Google’s neural 
networks produced accuracy rates of 75% and 
82%, respectively. Convolutional Neural Network 
(CNN) and Electroencephalography (EEG) signals 
utilized for the detection of ASD.35 An accuracy 
of 0.922 was achieved using the proposed CNN. 
Brain EEG waves are categorized using a technique 
known as the discrete sine transform.36 An output 
was generated that classified the neurological 
illnesses of autism, epilepsy, and GDD after a 
testing input was applied to a network that had 
been trained on a particular dataset.37 The results 
indicate that a variety of neurological illnesses can 
be categorized using the suggested technique.

Materials and Methods

	 The study mentioned in the previous 
section found that the convolution neural network 
is a contributing factor to the most popular model 
for mental illness based on EEG.38- 42 A multi-
column CNN model for identifying illnesses based 
on EEG signals is provided in this paper.43 -45 Here, 
“multi-column” refers to the fact that signals are 
recorded from several EEG headset channels. 
The CNN recognition modules that make up the 
suggested framework are constructed of pooling 
and convolution layers that cascade.46,47 Figure 2 
shows how a suggested module for identifying 
mental illnesses is constructed. Two conv-32 

Fig. 4. Type of Research Articles for EEG based Mental Illness Detection

Table 1. Summary of Data Collection and Categorization of Articles Used in 
Bibliometric Analysis (1999–2022)

Category	 Number 	 Percentage	 Primary Databases 	 Representative 
	 of Articles		  (Examples)	 References*

Research Articles	 88	 46%	 IEEE Xplore, Science	 Hasanzadeh et al., 2019; 
			   Direct, Springer	 Saeedi et al., 2020; 
				    Li et al., 2019
Review Papers	 30	 16%	 Science Direct, 	 Arrieta et al., 2019; 
			   Springer	 Galderisi et al., 2015
Book Chapters	 34	 18%	 Springer, Elsevier	 Wyatt-Smith et al., 2021
Conference Papers	 12	 6%	 IEEE Xplore	 Fan et al., 2021; 
				    Deng et al., 2019
Others (Short notes, 	 26	 14%	 Mixed sources 	 Cerdeña et al., 2020; 
letters, reports, etc.)			   (IEEE, Science Direct)	 Tan et al., 2020
Total	 190	 100%	 —	 —
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layers, following by a maxpooling layer, process 
the information. Two conv-64 layers are stacked 
after the max pooling layer. Figure 6 depicts the 
structure of CNN model.
	 Four layers make up the model, as seen 
in figure 7, the input layer, the convolutional layer 
“Conv+ReLU+BN,” the fully connected layer, and 
the classifier. The pre-processed input is fed into 
the input layer as the feature map size grows from 
32 to 64, and the convolution layer retrieves the 
features. In order to identify the signal as normal or 
abnormal, the fully connected layer adds classifiers 
after receiving the results from these convolution 
layers. Three fine-tuned learning models (FTLM) 
are prepared by changing the activation function. 
	 Data on mental illness was collected from 
the EEG dataset.48 (The sampled dataset’s EEG 
waves were used to extract features. To divide 
the entire dataset, training and testing samples 
are employed. The initial learning rate was set to 
0.0001, selected after preliminary experimentation 
with different values (0.001, 0.0005, and 0.0001). 
A smaller rate (0.0001) provided more stable 
convergence with reduced overfitting compared 
to higher rates. During training, the learning rate 

was further reduced adaptively using a decay 
scheduler when validation loss plateaued. Other 
hyperparameters were optimized empirically, 
including a batch size of 32, ReLU as the activation 
function, Adam as the optimizer, and dropout (0.3) 
to prevent overfitting.

Results

	 Python libraries were used to implement 
the optimized learning models on an i5 processor 
with 16 GB of RAM and a 1 TB HDD. Kora’s 
libraries were used in the model’s creation. In this 
section, we have implemented three fine-tuned 
learning models such as FTLM-1, FTLM-2, and 
FTLM-3 and three transfer learning models (TLM) 
such as VGG19, ResNet50, and Mobile net.
	 Figure 8 (a) shows FTLM-1 50 accuracy of 
model the graph is plotted between model accuracy 
and epoch where the accuracy of training data 
increases up to 0.95 and the accuracy of the training 
data increases up to 0.95 and then stabilizes around 
0.97, while the testing accuracy plateaus near 0.76. 
and then flocculates and goes at 0.76. Figure 8(b) 
shows FTLM-1 loss the graph is plotted between 

Fig. 5. Flow Diagram for Literature Review
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Table 2. Recent Research Contribution for Machine Learning based Mental Illness Detection

Ref	 Disorder	 Model	 Accuracy	 Key Limitation

15	 MDD	 KNN	 91.3%	 Beta bands only
16	 MDD	 SVM	 ~78%	 Small sample, no control
17	 MDD	 SL	 98%	 -
18	 MDD	 CNN-LSTM	 99.24%	 -
19	 -	 Ensemble DL	 84.75%	 Not scalable
20	 MDD	 CNN	 95.49%	 Needs more data
21	 MDD	 K-SVM	 95.2%	 State influence not explored
22	 MDD	 LSTM	 RMSE 0.005	 Not for large datasets
23	 ADHD	 DNN	 99.46%	 Needs better validation
24	 ADHD	 SVM	 84.59%	 Small sample
25	 ADHD	 SVM	 96.05%	 Not scalable
26	 ADHD	 CNN	 94.67%	 Needs more methods
27	 ADHD	 ML	 91.3%	 More data needed
28	 Schizophrenia	 ML	 81%	 Try ANN, larger dataset
29	 Schizophrenia	 ResNet18-SVM	 98.6%	 -
30	 Schizophrenia	 RSFS	 85.2%	 Lacks ECT response prediction
31	 Schizophrenia	 EMD	 89.6%	 Poor tuning
32	 Schizophrenia	 RF (X-ray)	 101 ns (dead)	 Lacks high-intensity accuracy
33	 Schizophrenia	 R-CNN	 89.98%	 Complex due to participant heterogeneity
34	 Autism	 Deep CNN	 82%	 Needs more data
35	 Autism	 1D-CNN	 77.83%	 High training time
36	 Autism	 DST	 80%	 Not scalable
37	 Neuro (Misc)	 KNN & SVM	 78–82.5%	 Subclass analysis needed

Fig. 6. Recognizing model for EEG signal

loss of model and epoch where data loss training 
0.5 and data loss testing is 1.7. Figure 8(c) shows 
FTLM-2 accuracy of model the graph is plotted 
between model accuracy and epoch where the 
accuracy of training data increases up to 0.97 and 
for testing data the model accuracy reaches 0.76. 
Figure 8(d) shows FTLM-2 loss the graph is plotted 
between model loss and epoch where training data 
loss ranges from 0.5 and then flocculates at 1.76 and 
testing data loss is 0.75. Figure 8 (e) shows FTLM-
3 accuracy of model the graph is plotted between 
model accuracy and epoch where the accuracy of 
training data increases from 0.60 then flocculates at 
0.90 and for testing data the model accuracy starts 
from 0.65 and then flocculates at 0.70. Figure 8(f) 

shows  FTLM-3 loss the graph is plotted between 
model loss and epoch where training data loss 
ranges from 0.7 and then flocculates at 0.99 and 
testing data loss ranges from 0.7 then flocculates at 
0.6.Figure 8(g) shows TLM-1 accuracy of model 
the graph is plotted between model accuracy and 
epoch where the accuracy of training data increases 
from 0.61  then remains constant at at 98 and for 
testing data the model accuracy remains constant 
at 0.65.Figure 8(h) shows  TLM-1 loss the graph 
is plotted between model loss and epoch where 
training data loss ranges from 0.70 and then 
reduces at 0.66 and testing data loss ranges from 
0.67 then decreases at 0.66 and then flocculates at 
99.Figure 8(i) shows TLM-2 accuracy of model 
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Fig. 7. Models Description

Table 3. Evaluation and Comparison of CNN Models

Model	 Learning	 Accuracy	 Precision	 Recall	 F1_score

FTLM-1	 Fine-tuned Learning	 77.5%	 77%	 78%	 78%
FTLM-2		  74.5%	 74%	 73%	 74%
FTLM-3		  75%	 78%	 75%	 76%
TLM-1	 Transfer Learning	 65.3%	 43%	 65%	 52%
TLM-2		  66.6%	 66%	 67%	 66%
TLM-3		  65.32%	 43%	 65%	 52%

the graph is plotted between model accuracy 
and epoch where the accuracy of training data 
increases at 0.61 and then remain constant at 0.40 
epoch then then flocculates at 0.62 for testing data 
the model accuracy remains constant at 0.40 and 
then flocculates at 0.66. Figure 8(j) shows  TLM-2 
loss the graph is plotted between model loss and 
epoch where training data loss ranges at 0.69 and 
testing data loss is0.67.Figure 8(k) shows TLM-3 
accuracy of model the graph is plotted between 
model accuracy and epoch where the accuracy of 
training data remain constant at 0.61and for testing 
data the model accuracy remains constant at 0.65.
Figure 8(l) shows  TLM-3 loss the graph is plotted 

between model loss and epoch where training data 
loss is 0.69 and testing data loss is 0.67.
	 Multi-panel view of (a) Accuracy (%), 
(b) Precision (%), (c) Recall (%), and (d) F1-score 
(%) for FTLM-1/2/3 and TLM-1/2/3 on EEG 
classification. Bars depict metric values in percent; 
FTLM-1 exhibits the most balanced performance 
across all metrics.
	 Table 2 presents a comparative analysis 
of Convolutional Neural Network (CNN) models, 
specifically FTLM-1, FTLM-2, and FTLM-3 
under Fine-Tuned Learning, and TLM-1, TLM-
2, and TLM-3 under Transfer Learning. The 
fine-tuned models were trained using an openly 
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available EEG dataset [Alexander et al., 2017], 
which includes multi-channel EEG recordings 
collected for transdiagnostic pediatric mental 
health research. Prior to training, signals were 
preprocessed with filtering, segmentation, and 
artifact removal, followed by feature extraction 
and normalization. Hyperparameters (learning rate, 
batch size, activation functions) were optimized 
using validation performance as the selection 
criterion. Among the fine-tuned models, FTLM-
1 achieved the best results, with an F1-score of 
78%, recall of 78%, and accuracy of 77.5%. This 
superior performance compared to the transfer 

learning models is likely because fine-tuning 
adapts the network weights more closely to EEG-
specific patterns, rather than relying on generic 
visual features pre-trained on large-scale image 
datasets (e.g., ImageNet). EEG signals possess 
distinct temporal–spectral characteristics that 
differ from natural images, making task-specific 
fine-tuning better suited to capture relevant neural 
biomarkers of mental illness and precision of 
77%, FTLM-1 performed best. FTLM-2 came in 
second with 74.5% accuracy, 74% precision, 73% 
recall, and 78% F1-score. FTLM-3 achieved 75% 
accuracy, 78% precision, 75% recall, and 76% F1-
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Fig. 8. Performance of Training and Testing CNN Models

score. Conversely, the models for transfer learning 
showed poorer performance indicators. Recall was 
65%, accuracy was 65.3%, precision was 43%, 
and F1-score was 52% for TLM-1. With an F1-
score of 66%, recall of 67%, accuracy of 66.6%, 
and precision of 66%, TLM-2 did somewhat 
better. With an F1-score of 52%, recall of 65%, 
accuracy of 65.32%, and precision of 43%, TLM-3 
performed similarly to TLM-1.

	 The figure 10 compares the average 
accuracy of fine-tuned learning models (FTLM) 
and transfer learning models (TLM). FTLM 
achieves ~77.5% accuracy, while TLM reaches 
~65%, indicating the superior performance of fine-
tuned approaches for EEG-based mental illness 
detection.
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Fig. 9. Comparative performance across models 

Fig. 10. Comparative Analysis of Learning Methods (Accuracy %)

Discussion

	 The experimental results show that the 
fine-tuned learning models (FTLM-1, FTLM-2, 
FTLM-3) outperform transfer learning models 
(TLM-1, TLM-2, TLM-3) systematically in 
EEG-based mental disorder detection. This 
difference in performance draws attention to 
domain-specific adaptation, particularly within 

neurodiagnostic contexts where EEG signals 
have highly discriminative temporal–spectral 
patterns. In contrast to natural images used for 
typical transfer learning models, EEG waveforms 
need domain-specific feature representations 
for they have subtle and non-linear patterns of 
neural activity that accompany mental disorders. 
Fine-tuned models were better at learning these 
domain-specific representations, which produced 
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better classification accuracy, generalization, and 
reduced variance in loss curves. 
	 The improvements in accuracy that were 
seen—about 12% better for FTLM models than 
for TLM—are of clinical relevance. In diagnostics 
for mental health, even slight improvements in 
accuracy can mean earlier and more consistent 
detection of conditions beneath, potentially 
allowing targeted treatment. FTLM-1 produced 
the most even results across precision, recall, and 
F1-score, which means that the model not only 
separates positive cases rightly but also reduces 
false negatives to a minimum, which is especially 
important in screening for mental health.
	 These results are in line with previous 
work highlighting the advantage of task-specific 
model fine-tuning for EEG-related applications in 
psychiatric illnesses like depression, ADHD, and 
schizophrenia. In contrast to generalized image-
based transfer of features, fine-tuning enables 
neural networks to learn filters tailored to the 
morphology of EEG signals and consequently gain 
greater sensitivity towards region-specific brain 
region biomarkers. This supports the argument 
that EEG-specialized deep learning pipelines are 
superior to off-the-shelf pre-trained models for 
classification tasks in mental health.
	 Nonetheless, some constraints should be 
noted as well. EEG signals themselves are plagued 
by high inter- and intra-subject variability, which 
can decrease model generalizability across multi-
site or cross-population analyses. Moreover, the 
dataset in this study might not reflect the entire 
range of demographic and clinical heterogeneity 
that characterizes real-world environments. More 
research is needed to increase the size of the 
dataset, implement cross-validation on independent 
cohorts, and test robustness in noisy clinical 
environments.
	 From the application standpoint, these 
findings highlight the promise of optimized 
deep learning methods as decision support 
systems for the screening of mental illness. 
When integrated with routine clinical evaluation, 
such models may assist in decreasing diagnostic 
delay, enhancing screening performance, and 
allowing for scalable deployment in low-resource 
healthcare environments. Future efforts need to be 
directed towards multimodal fusion of EEG with 
other biosignals, interpretable AI frameworks, 

and longitudinal modeling for improved clinical 
acceptability and interpretability.
Current Limitations and Challenges
	 Recently, mental health is diagnosed 
as one of the leading disabilities worldwide in 
major section of society. There are many input 
parameters that are presented above for diagnosis 
of mental health. But among all, the most unbiased 
information for supporting the mental health 
diagnosis is electroencephalography (EEG) 
features. Undeniably, EEG’s is one of the most 
useful biomarkers for mental health symptoms, 
simultaneously, it is also cost-effective and robust.49 

Researchers assessed the discriminative power of 
features obtained from EEG for early detection 
of mental disorder. However, an issue with EEG 
features is that differences may occur in diagnosis 
depending on whether the signals are captured in 
a resting state or an active state. Apart from this, 
the EEG pattern varies among patients or even 
vary with different areas of brain in an individual 
patient. For early detection or preventive measures, 
the automatic detection process from EEG features 
may cause increased false alarm rate or high 
latency. Among all different methods, machine 
learning or deep learning shows competing 
expertise level in reading and analyzing EEG 
features. In past years many EEG based mental 
illness classification algorithms were adopted that 
used different approaches such as:
• Features of EEG along with outliers and/or noise.
• Classifier’s regularization, such as in Support 
Vector Machines (SVMs), which introduces a 
regularization parameter (commonly denoted as 
C) to control the trade-off between maximizing 
the margin and minimizing the classification 
error. This mechanism helps prevent overfitting 
by penalizing overly complex models and ensuring 
better generalization to unseen data
• Usage of Discriminative classifiers.
• EEG features with high dimensions.
• Usage of Techniques for feature selection using 
dimensionality reduction.
• EEG features with non stationarity.
	 Nevertheless, many discrepancies may 
still arise when handling non-linear EEG features 
across different types of mental illness. Because 
there are fewer patients from a single site, there has 
been a reported disparity in classification accuracy. 
Greater disease and control subject variance is 
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attributed to the multi-site dataset, resulting in more 
generalized networks that may be duplicated across 
many locations, subjects, and research methods.

Conclusion

	 Mental disorder is notably the most 
common cause of disability. Mental illness that is 
left untreated can lead to serious psychological, 
behavioral, medical issues. The mental response 
of a human can be determined using machine 
learning algorithms and adequate signal processing 
on EEG readings. EEG recording is a non-
invasive technique to capture brain signals. The 
brain’s electrical activity reflects an individual’s 
neurological status. EEG waveforms can clearly 
distinguish among natural and healthy brain 
function. This paper is dedicated to present a 
systematic review on analysis of patient’s EEG 
pattern using machine learning for treatment of 
mental illness that will help psychiatrists to treat 
patients more efficiently. This paper includes 
three fine-tuned learning models such as FTLM-1, 
FTLM-2, and FTLM-3 and three transfer learning 
models (TLM) such as VGG19, ResNet50, and 
Mobile Net. The performance of FTLM model is 
highest as compared to other models. Also shows 
comparative analysis of learning models for FTLM 
and TLM where FTLM have 75% which is higher 
than TLM which has 65% accuracy. In the future, 
more research investigation will be performed to 
reduce the complexity of handling EEG signals 
and differentiating other mental illnesses and their 
severity.
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