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Abstract— Review discusses the application of machine learning and deep learning in the field 
of mental wellness, with an emphasis on early assessments, therapy result prediction, and 
extending supervision to improve diagnosis and individualized treatment. It explores various 
techniques, challenges and possible remedies that might enhance mental health care. It is 
common to hear about psychological disorders, which are occasionally triggered by a traumatic 
experience or any number of other situations. However, an individual is more prone to suffer 
from mental health issues. There are various forms of mental health issues. Naming Post 
Traumatic Stress Disorder (PTSD), Schizophrenia, Social anxiety, dementia, Alzheimer disease, 
cognitive impairment, obsessive compulsive disorder (OCD), stress, attention-
deficit/hyperactivity disorder (ADHD) along with further disorders. Here is an overview of all 
psychological issues and their respective diagnoses using EEG signals, brains MRI, healthcare 
information with existing medical records, facial expressions, audio and retinal movement are 
all applicable to perform this. Considering all of these kinds of input data, the medical diagnosis 
is processed. The usage of machine learning and deep learning algorithms as well as models 
plays a substantial part. Classification techniques such as Regression, deep forest, VGG16, 
Support Vector Machine (SVM), AdaBoost, Artificial Neural Network (ANN) XGBoost, 
Convolutional Neural Network (CNN) were utilized. Available primary datasets are used, and 
some articles incorporate real-time data.  
 
Index Terms— PTSD, OCD, EEG Signals, MRI, SVM, ANN, CNN, VGG16, AdaBoost, 
XGBoost. 

I. INTRODUCTION 

Published materials was critically reviewed for improved comprehension of multiple mental health problems, the 
reasons behind them, especially the effects they have on people. Mental health disease is acknowledged as a 
major trauma around the universe. People suffer from a variety of mental health issues. Individual's mental 
health has a ripple effect on their physical health.  
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A person with a psychological condition has an overhaul in their behaviour and their approach to how they think, 
which may be beneficial or, sadly, unpleasant at times, which may have implications.  
The condition of mental health has its own degree of severity [1]. Anxiety disorders can affect individuals at any 
age, and they might be unstable in adolescence before stabilizing in young adulthood. As a result, screening 
persons at high risk of developing clinical anxiety is critical [2]. 
Early recognition and classifying social anxiety disorder (SAD) constitute vital clinical support jobs for medical 
practitioners in scheduling client therapy regimens to one step ahead observation of SAD's growth and 
escalation. Efficacious methods and models are employed for classification of extremity SAD into different 
ranking based on brain flow information accordance with graphical structure [3]. Alzheimer is a progressive 
psychological ailment affects elderly people, causing cognitive decline (dementia) and ultimately death. It 
primarily impacts those who are 60 years or older. Though incurable, initial detection can help regulate its 
progression. An automated system combining both ML and DL techniques is required for betimes diagnosis and 
classification of Alzheimer’s into multiple stages, similar to how these technologies are employed in other 
medical challenges as well [4]. 
PTSD can be anticipated by Deep Learning Algorithms based on emotion identification. A psychiatrist always 
diagnoses PTSD by delivering a questionnaire-based tests tool. However, the scores generated through the 
questionnaire session are not very precise, and they are also not very conformable for the patients, departing 
them agitated and fretful. So, speech signals are among the categories of non-stationary signals, and preferable 
biomarkers are employed in emotion recognition to yield better results [5]. Schizophrenia (SCH), direful 
psychotic illness, is a major cause of global impairment. Still, lots of cases linger untreated owing to 
misdiagnosis, denial, and societal shame. With the growth of online communities, those suffering from 
schizophrenia may now freely disclose their psychological issues along with seeking assistance and medical 
treatment. Machine learning is presently been applied to identify clues about schizophrenia via considering 
material put out on social media, including posts and personal experiences. Their objective is to examine 
whether machine learning can be efficiently utilized to diagnose the symptoms of SHZ in Social networking 
freak persons by analysing the social networking site content [6].  
ADHD is a prevalent, long-term neurobehavioral disease in children. It is marked by trouble concentrating, 
erratic conduct, and heightened ranges of activity. These abnormalities define it as one of the most common 
juvenile neurological disorders [7]. To enhance forecasting of this neurological condition, populations at high 
risk of ADHD requires adequate resource allocation. Using a distinctive integrated health and education data 
repository, they investigated how predictive machine learning algorithms can predict ADHD susceptibility. Early 
identification of ADHD and insomnia are crucial in terms of children's psychological wellness. Traditional 
Interview-based evaluation methods have inherent drawbacks, guiding towards the creation of other assessment 
strategies. Such novel innovations integrate digitized phenotypes to acquire data about behaviour from everyday 
situations. Understanding this real-world data helps improve diagnosis accuracy. This change allows for a more 
complete grasp of unique issues [8]. 
OCD is a debilitating condition of the psychiatric illness that affects millions of people worldwide. With 
accordance to the evidence the reliable diagnosis of the disease condition in crucial for upgraded lifestyle of the 
patients suffering from this disorder [9]. Family history of OCD is more likely to be developed in the 
individuals. The specific genes may affect the functionality of the brain neurons and causes this disorder 
Compulsive beliefs and moves are important clinical signals underlying OCD, perennial impairing victims' day 
lifestyles. Sparse model performed as determine mind maladies, stripping out superfluous data as engross on 
requisite physiologic manner inside the brain's functional connectivity network (BFCN). This technique allows 
to monitor and comprehend neural activity [10]. 
Eating disorders are an emotional disorder that consists of the signature practices of restriction, purging and 
binge eating. These unhealthy way of eating habits bring acute medical complications and impairments, spite of 
the eating condition diagnosis. Regarding the relevance of these disruptive behaviours associated with all eating 
disorder detection, existing models lack the ability to accurately forecast behaviour incidence. Used machine 
learning to predict hyper devouring food, practices of purging, including food restrictions in a sample of 60 
people with eating disorders, via data collected continuously. Its supervised machine learning procedures yielded 
excellent accuracy for identifying excessive snacking, obstacles, and purging tendencies. The assumptions 
pivoted on evaluation predictors. Plus, the model confirmed that it could to predict behaviours almost to 12 hours 
hence. It underscores the prospects for preventive intervention in overeating issues [11]. 
Personality disorder (PD) exert a pursue degrees influence on healthcare resources, strikingly borderline 
personality disorder (BPD). BDP, as PD, originates around youth and the beginning of adulthood. So, it is vital 
to identify the existence of the PD in the primary stage itself in order to recommend the necessary ailment [12]. 
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Artificial intelligence (AI) is a methodology well known and used today. Different methods and techniques are 
applied in the health world such as Neural network fuzzy logic and expert systems. The main objective is to 
assess the AI algorithms in the detection and the recommendation of treatment for the individuals with the 
personality disorders [13]. Initial morphometric investigations into borderline personality disorder (BPD) yielded 
contradictory findings due to voxel-level univariate analytic boundaries. Multiple Kernel Learning acts as a 
whole-brain nonlinear predictive model approach, provides an outcome by categorizing participants via 
structural brain data. This method assists in discovering unbiased biological indicators related to BPD 
pathophysiology, improving diagnosis. [14]. 
Forecasting accurately a person's psychological condition is beneficial with alterations in behaviour and overall 
happiness. PredictEYE is an innovative customized time series model that seeks for indicators of one's emotional 
situation while pinpointing precise circumstances that leads to it. The procedure performs this by examining 
people's visual tracking data gathered over time while examining relaxed and tense videos. The approach 
employs Deep learning time series data univariate regression framework using Long Short-Term Memory to 
forecast upcoming related to particular property, along with a machine learning based Random Forest model to 
predict cognitive conditions. PredictEYE structure demonstrated an accuracy of 86.4% when assessing mental 
state [15]. 
Investigation unveils an in-depth analysis about existing literatures regarding different psychological conditions, 
including an accent on rasping their neuropsychiatric underpinnings and cumulative implications. By analyzing 
the findings, report enables a deeper expertise for the subject of psychological problems and gives a further in-
depth exploration of the topic. Fig.1 provides a thorough overview of psychological impairments, assisting in 
categorization and evaluation of such conditions. Prior reviews completed by multiple groups have defined this 
topic, and the current research aims to synthesize and extend on past inferences.    

 
Figure 1: Describes the numerous forms of mental health issues highlighted 

Main purpose is to integrate knowledge in the area of mental health, with the intention to encourage better-
informed decision-making. Additionally, it includes to advances in artificial intelligence (AI) prognosis and 
methods for diagnosis offering a deeper foundation to guide future enhancements in mental illness treatment. 

II. REVIEW ON DATASETS AND METHODOLOGY 

TABLE 1: DISORDERS, DATATYPES USED TO DIAGNOSIS AND TECHNIQUES USED AND ITS PERFORMANCE 

Disorder Datatype Performance Technique 
Depression EEG Datas 97% precision CNN 

PTSD sMRI, fMRI  CNN 
Schizophrenia MRI, Genotype data 70% accuracy SVM, CNN 

Stress EEG, Accelerometer data 82.25% CNN, Naive bays logistic Regression 
Depression Facephtots, Speech  81.45% CNN, KNN 
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Picking the appropriate data is critical for correctly assessing emotional problems. Few investigators employed 
multimodal records, which incorporate different data sources to enhance diagnosis. Knowing certain combos is 
cardinal, and our paper brings significant insights about the procedure itself.  
Table 1 highlights how different forms of data are used in this industry, highlighting their efficacy. Evaluation 
functions as a guide for researching various data resources and their viable use adhering terms of psychological 
screening. In the end it plays a part in determining suitable data combinations for exacerbated preciseness in 
diagnosis. 

A. EEG Dataset  

EEG data from the MODMA dataset are used to generate an algorithm to find depressive symptoms patterns. 
Experts use EEG brain waves to discriminate between mentally unwell and healthy patients. The study strives to 
uncover brain impulses related to depression and assist in determining the cause of mental illnesses. EEG data 
being formed with a traditional 128-the electrodes flexible cap plus an innovative worn gadget with three 
electrodes.  
These instruments were intended for general use in brain activity monitoring. Resting EEG recordings of 128 
channels were evaluated. Based on CNN, 25 epoch iterations achieved a precision of 97%.MRI datasets [16]. 

B. MRI Dataset 

MRI is essential for structural and functional brain imaging of PTSD. It reveals significant grey matter shrink, 
shifts in fractional anisotropy, with discrepancies in focal neuronal action and functioning connectedness. MRI 
result shows several brain regions are implicated in the pathophysiology of PTSD [17].  
The Research effort included 2803 schizophrenia individuals and 2598 healthy controls in 26 communities, 
involving MRI-derived measurements including cerebral volume, areas of cortex and thickness of cortical 
cortex. A simulation trained on distinct data calculated folks’ brain-predicted age.  
Variations from normal cognitive aging have been examined via the brain-projected age difference (brain-PAD), 
that can be determined by contrasting expected age to real age. It sought to determine anomalies in brain aging 
histories in schizophrenia patients. Schizophrenia patients reported a higher brain-PAD of +3.55 for some time 
than controls, showing surged structural aging in the brain [18].  

C. Genome-wide Datasets 

Researchers evaluate DL architecture, incorporates influence from genetic heterogeneity and omni genic tenets 
with the intent to enhance schizophrenia diagnosis from genotype data. It sets forth an unconventional three step 
procedure that leverages neural network. The system adeptly handles genetic associations through a locally 
correlated network, an encoder-decoder, which improves prediction scores via taking onto account a more 
expansive number of genomes. Developed model acquired 0.83 mean AUC, surpassed earlier genotype-trained 
systems. Further, testing revealed overall accuracy of 0.76 and sensitivity of 0.72, which is consistent with 
schizophrenia ancestry predictions. In addition, this technique addressed genetic disparity problems by keeping 
into account of various demographic subgroups [19]. 

D. Multimodal Datasets 

The research study looks into identifying mental stress levels by integrating EEG data, dataset maintained by 
DEAP with accelerometer data from the WESAD repository. Multimodal data merging process was used to 
develop a complete health index (HI) by combining inputs from many different sensors. The EEG and 
accelerometer data were combined by k-medoid details consolidation process, which has time limit constraints 
for intra-cluster matching computation. A CNN was subsequently trained on the aggregated data to categorize 
stress into three distinct categories: low, medium, and high. To improve classification, three classifiers were 
used: SVM, Naive bayes and Logistic regression.  This model has an entire stress accuracy in classification of 
82.85% [20].  
Meshram. P et al., demonstrates a distinctive approach to diagnosing depression through examining face patterns 
with a convolutional neural network (CNN) model. It looks at face photos from recorded interviews to detect 
depression evidence, and it employs data contributed by users to make distinctions the various depressed types. 
The method integrates patients' psychiatric histories and dynamic contextual inputs, such as user narratives, to 
forecast the severity of depression and discriminate depression from various other psychological illnesses. The k-
nearest neighbor (KNN) technique is used to execute linguistic analysis upon textual descriptions and categorize 
mental diseases among categories. A further Random Forest is employed to minimize complexity and projected 
the depression scale thoroughly. This framework extends existing models by replacing manual feature extraction 



 
4223 

with deep learning algorithms for more precise results. The model accelerates face identification and feature 
extraction by 2.7% in comparison with previous approaches, making it a more precise approach for early 
evaluation of depression and mental disorder sorting [21]. 

E. Other Datasets 

Armen C. Arevian et al., evaluated the feasibility of using an interactive voice response system to collect speech 
samples from 47 patients with serious mental illnesses (bipolar disorder, major depressive disorder, 
schizophrenia, or schizoaffective disorder). Over at least four months, patients provided speech samples, aiming 
to assess the potential of this method for tracking clinical state changes over time, potentially improving mental 
health monitoring and treatment outcomes in community-based settings [22]. 
Huang.Y.J et al., Researchers represent a model for assessing schizophrenia sufferers' communication, thinking, 
language, and negative symptoms utilizing BERT, ELECTRA, and TERA to extract semantic, syntactic, and 
acoustic factors from patient-clinician talks. The model is highly aligned with clinical evaluations, thus serving 
as an effective tool for enhancing schizophrenia diagnosis and monitoring. The study included 26 schizophrenia 
patients recruited from a reputable Taiwanese hospital, including typical age of 34.3 years. Nine people were 
male, and seventeen were female. All fit the DSM-IV-TR criteria for schizophrenia and were not experiencing 
an acute episode [23]. 

III. CONCLUSION 

The review complies the availability of information about predicting the mental health disorders such as 
Schizophrenia, dementia, Alzheimer disease, cognitive impairment, obsessive compulsive disorder (OCD), 
Social anxiety, ADHD and so on. CNN, Random Forest, 3D CNN, Naive Bayes, SVM, logistic Regression, 
ICNN being used on an ongoing schedule. Different types of datasets are also utilised to get the efficient result. 
CNN widely used in the case of medical images such as MRI and Scattergram images. Multimodal dataset bears 
an important purpose, combination of dataset are very much crucial which make an insight to forecast 
psychological wellbeing. Multimodal overcomes the gap which is seen in the single datatype such as MRI, 
Health records, EEG, text, voice. 
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