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Abstract 

The incredible progress seen in artificial intelligence and the generative deep learning component has 

catalyzed improvements in diagnosing and treating mental illnesses, something promising for the mental 

health field today. The review takes a deep dive into various generative deep learning strategies (for instance, 

GANs, VAEs, and transformers) and their application in mental health. These technologies can also offer 

better action to analyze the data even before the disorder is fully blown, looking at the patterns of the data 

collected on individual patients. In addition, we assess the ethical concerns and barriers to adopting such 

sophisticated methods in healthcare practice, including data management, fairness, and the monitoring of 

these techniques by professionals. It is argued that generative deep learning can disrupt mental healthcare in 

a positive way as new ideas that do not even exist in therapies today can be proposed and used to supplement 

available therapies, which will enhance the quality of care that patients receive and will improve the 

outcomes. Furthermore, we explore new approaches to research focused on the use of generative models in 

mental health, calling attention to the need for cross-disciplinary cooperation that would allow us to make 

the most of these technologies for the benefit of clinical practice and offer them to different groups of patients. 

Keywords: Generative deep learning; Mental health diagnostics; Personalized therapy; GANs, Data privacy; 

Early intervention 

1. Introduction     

Modern generative deep learning has been the key to unlocking different areas of material science, and there 

is no reason why such technology cannot improve mental health diagnostics and therapeutic methods. 

Including AI's incredibly generative models in mental health care delivery is open to revolutionizing the 

setting. This review paper focuses on the potential effects these modern technologies might bring to the 

mental health field. It discusses various generative deep learning methods: GANs, VAEs, transformers, and 

their uses in identifying and treating mental illnesses. 

Of all the generative models, GANs and VAEs are of particular interest since they can generate synthetic 

data that can improve the training datasets; this is particularly important in mental health research given the 

data constraints and the enormous concern about patients' privacy. Such models afford increased capability 

in analyzing large data sets, recognizing trends, and identifying potential markers for early-stage development 

of mental disorders before their symptoms become apparent. These analytically preemptive inferences could 

increase the probability of preventive mental health care provisions by changing the direction of treatments 

given to disorders [1]. 
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Generative deep learning revolutionizes diagnostics and offers a new frontier in therapeutic concepts. These 

generative models have the unique ability to identify patient-specific data patterns that other therapies may 

not reveal, thereby enabling the generation of innovative treatment approaches that can complement existing 

ones. This personalized approach to treatment is particularly significant in mental health care, where patients’ 

treatment program must be tailored to their unique needs. The potential of these models to enhance the well-

being of patients with chronic mental health disordersis substantial. 

However, as much as optimism claims, integrating generative deep learning into mental health practice has 

challenges. Critical ethical issues are to be considered, primarily regarding the handling of patient 

information. Generative models are data-hungry and work best with large amounts of data. The matter of 

how to feed these models without compromising patient privacy is contentious. Furthermore, bias in 

algorithms putatively raises the likelihood of inequality in the medical diagnosis and treatment of patients, 

which is a critical problem that both the medical and AI fields must work to solve [2]. 

Another crucial factor limiting the use of these techniques is the need for doctors to verify AI-based methods 

independently. Social workers also ensure that the AI's diagnostic outcomes and treatment plans align with 

clinical best practices. This underscores the importance of multi-professional responsibility in using AI for 

clinical decision-making support. Such collaboration between clinical experts and healthcare providers is 

essential to prevent these tools' misuse and ensure that AI is used appropriately and confidently [3]. 

The paper also draws attention to the need for interprofessional efforts to develop generative deep learning, 

especially for mental health. It would facilitate a climate of innovation, define, and solve any ethical, 

technical and clinical issues these technologies raise. Combining the understanding of AI research, mental 

health, ethics, and data science knowledge is essential for translating the efforts into practical, clinically 

feasible tools that may address the complex requirements of mental health care.    

New developments in generative models for mental health have expanded new treatments and diagnoses and 

created new pathways in preventive care. As the environments and situations that contribute to developing 

mental health issues are simulated, the technologies may indicate who might be at risk and what preventive 

steps might be taken. This kind of prediction capacity based on generative models could change the nature 

of mental health from a treatment field to a preventive one – from fixing to building before problems arise. 

This potential for early intervention and prevention should inspire hope for the future of mental health care 

[4]. 

Also, the generative deep learning models are helium-fluid, making updating them possible when new 

research findings regarding mental health are obtained. This fluidity is especially helpful in an area such as 

mental health, where revelations consistently alter the frameworks within which strategies are formulated. 

The adaptability of these models reassures us of their effectiveness, as they can incorporate the latest research 

and provide clinicians with the most up-to-date protocol sources. 

Another aspect of the review covers the effects of generative deep learning on mental health care delivery. 

Over time, these technologies can spread awareness of mental health support outside clinical jurisdictions by 

offering support through tools. This could extend formal psychotherapy to parts of the world that lack 

adequate numbers of mental health workers, potentially millions of people. In this manner, by providing 

distant intelligent assistance, generative deep learning could undoubtedly raise global accessibility of mental 

health care resources. 

In conclusion, generative deep learning reflects the profound potential of abstract evolutionary applications 

in mental health diagnostics and therapeutic approaches that will assist in the early detection of diseases, 

create individually tailored treatment approaches, and improve the outcomes of the existing patient treatment. 

However, to fully realize this potential, it will be necessary to overcome existing and emerging ethical, 

technical, and clinical issues through the coordinated joint efforts of developers of AI technologies, 

healthcare practitioners, and legislators. As depicted in this review, if enough attention is paid to its 

consideration and joint implementation, generative deep learning could revolutionize mental healthcare and 

bring about the much-needed positive change to patients’ quality of life and their actualized health. 

2. Literature Review 

This research paper evaluates the literature on artificial intelligence in the healthcare sector. It reviews the 

ways it can improve diagnosis, treatment and patient care. We review the developments in artificial 
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intelligence and its tools, such as natural language processing, machine learning, and deep learning, to solve 

some of the most pressing issues in mental health, neurodegenerative disorders, and many other conditions. 

In doing so, we consider the data produced by different studies to assess the strengths and weaknesses of 

these AI applications, which stresses that they will certainly help improve patient care and new research. 

Parents seek developmental and behavioral medical advice from an AI chatbot, ChatGPT-3.5, which garners 

billions of daily visits. In the research described in [5], the authors assessed the diagnostic competence of 

ChatGPT in the presented DBP cases and the adequacy of suggestions regarding further treatment plans. The 

authors treated 97 patients with DBP using ChatGPT and submitted the number, diagnosis, and recommended 

treatment plans to a panel of three physicians with DBP expertise. To evaluate ChatGPT, the physicians 

assessed the treatment recommendations on a 5 Likert scale concerning the accuracy and a 3 Likert scale 

concerning the completeness of the advice and, subsequently, analyzed whether cultural and ethical 

dimensions were also addressed in those cases. PY was utilized to run tests on the rating's descriptive 

statistics. The planned treatments were reviewed to be 4.6' almost entirely correct' on a mean accuracy and 

2.6 'between complete and adequate' on a mean completeness, matching with ChatGPT's diagnoses 66.2% of 

the time. Furthermore, ChatGPT also incorporated cultural aspects correctly in 10 of 11 potential scenarios; 

the ethical issue was also covered correctly in the only scenario where it was feasible. Of course, ChatGPT 

offers thorough treatment plans but lacks diagnostic prowess, so it is incumbent upon doctors to urge their 

patients not to trust everything on the internet. 

Neurodegenerative disorders (NDD) are a collective of diseases characterized by progressive, gradual 

degeneration of neurons in the brain that leads to loss of cognitive and motor function and sharply decreased 

quality of life. In the study cited as [6], the authors stressed the need to identify further and validate 

biomarkers for NDD because this is crucial to estimating the disease’s progression and establishing its 

treatments. Regarding the general anomalies in gait patterns of NDD patients resulting from neuronal 

damage, the authors developed a Chemical Reaction Optimization-based Improved Generative Adversarial 

Network (CRO-IGAN) model to boost the diagnostic effectiveness of the model and specify further 

prospective improvements in patient care. In the present research work, the patient dataset was pre-processed 

through Min-Max normalization for mapping the scaled data, PCA for dimensionally reducing data into 

critical features, and LDA for selecting the discriminative features. Recall, sensitivity and specificity 

standards highlighted that CRO-IGAN yielded high diagnostic accuracy for NDD, a generational 

improvement over other methods with the prospect of vast patient health improvements. 

The scarcity of psychologists underlines the urgency of finding the means of recognizing patients needing 

immediate psychological help. In the study [7], the authors looked at ways that NLP pipelines can effectively 

use post-scouring in internet mental health support forums to identify users who may require urgent help 

from a professional. To overcome such concerns, like data privacy and sparsity, the study suggested using 

curricular texts from mental health institutes to pre-train the NLP pipelines – essentially like training a 

psychologist. This led to the creation of CASE-BERT, an NLP system that aims to identify mental health 

disorders from the text of forums. For depression, the F1 was 0.91 and for anxiety, it was 0.88 — the model 

outperformed the current models of detecting these common diseases. The authors ensured the code and data 

were available to the public, helping to improve the state of the art in digital mental health diagnostics. 

Currently, major depressive disorder is a common mental health illness that affects millions of people across 

the entire world and their overall functioning. To the same effect, in their research presented in [8], the authors 

underscored the significance of early detection and characterization of the condition and the severity of 

depression, in particular, to enhance the efficacy of the treatment. In acknowledging the fact that many people 

with depression may not necessarily seek professional help at an initial stage, this study tapped social media 

data, more specifically, Twitter, in which users generally express their thoughts that may be sensitive. The 

study sought to find out depressive symptoms and the level of intensity in the tweets by using primary 

keywords associated with depression. This work adopted a deep-learning, LSTM-based architecture that 

solely incorporates emotional indicators, popular events and behavioral-biometric data to classify the tweets. 

A new dataset of 95,322 Tweets was classified as “non-depressed” or “depressed” by their severity in terms 

of mild, moderate and severe using the DSM-5-TR with the assistance of a psychologist. This method, as 

indicated, achieved encouraging mean squared error results of 0.002336, out-competing the baseline models 

necessary for early detection of depression using social media analysis. 

https://doi.org/10.54216/MOR.040201
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Mental health disorders affect patients' mood, cognition, and behavior, and as such, mHealth adopts tools to 

monitor their effects. In the study mentioned in [9], the authors proposed a machine-learning model of affect 

recognition from the participants' data gathered non-intrusively from their mobile phones and wearable 

devices and self-reported emotions. With 943 outpatients, at least 30 days of behavioral data, including 

physical activity, sleep time, and smartphone usage, were collected in the study. The study found plausible 

strategies that deal with incomplete and heterogeneous time-series data. The researchers utilized probabilistic 

LVM such as the MM and HMM, where they extracted features for procuring affective state predictions; the 

performance of various classifiers, such as k-nearest neighbors, Naïve Bayes, and logistic regression, as well 

as RNNs, was then compared. MM12k and HMM12k showed good sensitivity, while the combination of the 

posterior probabilities from both models enhanced the accuracy of prediction by over 20%: for the best of 

the generalized models, the AUC of the received values was 0.81 on the test data in terms of the prediction 

of the emotional valence. In addition, the Bayesian model was customized effectively for each participant, 

increasing the aggregate anticipation accuracy beyond the prior day's forecasts without reliance on prior days. 

These findings indicate that machine-learning models can effectively moderate variability and missingness 

in MHealth data and propose proper instruments for clinicians to detect patients’ mood states. 

Here, we outline a general strategy for EEEG-based diagnosis of brain disorders through training a generative 

model with data obtained from horizontal brain states and subsequent identification of manifest patterns of 

systematic deviation. The developed framework was used in the investigation presented in [10] for the early 

indication of latent epileptogenic, hoping to identify alterations before the first spontaneous seizure occurs. 

In their work, the problem was cast as an unsupervised anomaly detection where an adversarial autoencoder 

was learned to map the average EEG data into the specifiable prior distribution. The reconstruction error and 

distance of the latent representations from the prior distribution’s origin were then utilized to generate an 

anomaly score with a threshold for detecting anomalies. Data from the rodent epilepsy model illustrated the 

progressive rise in the average reconstruction error over time consistent with the brain injury and exhibiting 

a link with the first visible signs of the first spontaneous seizure. These data point to a progressive 

epileptogenic process that changes the electrical activity in the brain over several weeks. The study reveals 

the prospects of other unsupervised machine learning approaches that can be used to identify long-lasting 

patterns of brain activity, which may be very helpful for early differential diagnostics of various neurological 

or psychiatric diseases and further early effective interventions. 

Deep learning has been well-studied in the automated diagnosis of brain images for diagnosing brain 

disorders such as AD. All existing methods herein rely on end-to-end architectures; features in group-wise 

analysis are discriminatively learned. However, such methods do not necessarily identify the changes at the 

individual level, which still appears to be essential for interpretation and precision medicine. In the article 

designated as [11], the authors present a Brain Status Transferring Generative Adversarial Network 

(BrainStatTrans-GAN) that enables the generation of healthy brain images correlated with the data on a 

particular patient, which in turn will allow the assessment of brain atrophy-specific to a given patient. The 

BrainStatTrans-GAN comprises two deep learning models, a generator, discriminator, and one status 

discriminator. First, normative GAN synthesizes healthy brains from normal controls but cannot synthesize 

healthy brains from diseased controls, as there are no paired normative and diseased training data. The authors 

propose a status discriminator that can generate healthy brain images from patient data using adversarial 

learning to overcome this. Subsequently, the difference between the generated and the original images 

quantifies pathological brain changes. Sly-level fusion is performed for precise disease diagnostic purposes 

using a residual-based multi-level fusion network (RMFN). Compared with other existing methods, this 

approach enables the modeling of brain atrophy for each patient, improving diagnostics and the interpretation 

of diseases. In T1-weighted MRI data of 1,739 subjects across three datasets, the method's effectiveness is 

shown by experimental results. 

Again, since sample availability is usually hampered when making clinical diagnoses of common lung 

disorders, including bacterial and viral pneumonia and COVID-19, issues of unbalanced datasets present 

formidable challenges when it comes to accurate forecasting. To overcome this problem, the study in [12] 

introduces the Optimized Wasserstein Deep Convolutional Generative Adversarial Network Technique for 

classifying COVID-19 and Pneumonia (CCP WDCGAN-SOA). This approach utilizes CT scans and X-ray 

images from two datasets: the COVID-19 Posterior-Anterior Chest Radiography Images Curated Dataset and 

the COVID QU-Ex Dataset ambos. Since the datasets in these studies are imbalanced, the authors propose a 

Label Correlation Guided Borderline Oversampling (LCGBO) strategy to achieve proper class balancing. 

https://doi.org/10.54216/MOR.040201


 
Metaheuristic Optimization Review (MOR)                                                Vol. 04, No. 02, PP. 01-12, 2025 

5 
DOI: https://doi.org/10.54216/MOR.040201  
Received: February 07, 2025 Revised: March 03, 2025 Accepted: May 08, 2025 

The images are resized once the data is balanced using Multimodal Hierarchical Graph Collaborative 

Filtering (MHGCF). The processed images are then subjected to a Wasserstein Deep Convolutional 

Generative Adversarial Network (WDCGAN) aided by the Seasons Optimization Algorithm (SOA) for 

boosting COVID-19 and pneumonia classification accuracy, respectively. Results of the MATLAB 

implementation show that the CCP-WDCGAN-SOA approach offers much better performance than prior 

methods. More particularly, the approach determines increments of 21.5% 23%, and 22.5% accuracy, 12.3%, 

17.5%, and 14% recall, and 22.3% 27.5% and 24% specificity compared to DC-CXI-CoviXNet, CPD-CXI-

CNN, and ADC-CXI-DFFC Net for COVID-19 Posterior-Anterior Additionally, the improvement of the 

method over ASC-CXI-LRANet, RCP-MIA-CNN, and AQCD-CR-GAN is observed with COVID-QU-Ex 

Dataset as; accuracy, 21.52%, 27.05%, 23.24%; recall, 23.71%, 26.45%, 21.74%; specificity, 28.61%, 22.15, 

26. 

In the study mentioned in [13], the application of the deep learning method in the classification of Alzheimer's 

disease (AD) imaging has become one of the focus. Nevertheless, the problems related to AD, such as the 

limited availability of labeled data and the small sample size, make the classification task more challenging. 

To counter these problems, the authors present a new solution: the semi-supervised Generative Adversarial 

Network (GAN) algorithm. To this end, an enhanced generative network is first defined to learn and 

memorize features associated with AD yet exclude unconstructive variation, thus helping generate more 

samples for increasing sample size. Subsequently, an unsupervised clustering algorithm is used to create 

example clusters and label the new samples based on the different types of atrophy in brains affected by AD. 

The following test results on the sample dataset (ADNI-1) show that the algorithm can obtain stable clustering 

performance and recognize four AD brain atrophy types. The proposed algorithm achieved a Calin ski- 

Harbaaz Index of about 2388 and a Silhouette Coefficient of about 0.588 for the dataset, which is far superior 

to the k-means clustering algorithm. These findings also help to develop AD classification and give valuable 

insights for diagnosing the etiology of AD. 

It has been pointed out in the paper [14] that antibody drug discovery has begun to incorporate informatics 

in addition to conventional wet bench techniques over the years. Specifically, we know that deep learning, a 

popular and powerful mechanism of machine learning, is altering biomedical research at a high pace. This 

study builds from recent microfluidics and next-generation sequencing advancements that have 

revolutionized therapeutic antibody discovery and provided a rich resource of antibody repertoire data for 

further deep-learning analysis. The researchers used microfluidics, yeast display and deep sequencing to 

generate a binder and non-binder antibody sequences dataset for the cancer immunotherapy targets PD-1 and 

CTLA-4. Their previous work represented the CDR3s of light and heavy chain antibodies in image form and 

then used CNNs to classify the binding affinities. In silico mutagenesis, critical CDR3 residues were selected 

for binder classification to increase model interpretability. Furthermore, the team employed GANs to 

generate the synthetic antibody sequence with variable CDR3 length as the actual antibody sequence. The 

experiments show the capabilities of deep learning in learning patterns inside antibody sequences, making 

antibody engineering, optimization, and discovery reachable. 

As described in the paper [15], synthesizing new bioactive agents capable of interacting with several 

therapeutic targets is a widely acknowledged problem in drug design. This work presents a computational 

method named the dual-target ligand generative network for the de novo synthesis of molecules expected to 

interact with two predetermined targets. Based on a SMILES-based stochastic generator, the approach 

navigates chemical space to generate active molecules against both targets. The used PL  ีต proceeds further 

to a high level of the presented framework, which implies the collection and preparation of training data for 

the target molecule, building and training of the neural network model, generation of new molecules using 

generative AI and virtual screening of the generated molecules against the SARS-CoV-2 targets PLpro and 

3CLpro. The study shows that among the AI-derived compounds, the generated new derivatives evaluate the 

higher binding boundary for both targets than the existing SARS-CoV-2 treatment named Remdesivir, 

making clear that AI can play a significant role in multi-target drug discovery. 

Shows how effective practice in [16] suicide prevention helplines relates to some aspects of conversational 

processes that affect the psychological well-being of helplines' callers. 'Call meant for helplines' use text 

messages and online chats, generating humongous chunks of data large enough to come to broad conclusions 

about specific elements that lead to a positive/negative chat. Of 6903 help seekers using the Dutch helpline, 

113 Suicide Prevention, 59.0% of participants provided mental health markers, including hopelessness and 

the will to live, before the chat and afterward between August 2021 and January 2023. Through text analysis 

https://doi.org/10.54216/MOR.040201
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with machine learning techniques, the study determined critical conversational elements emphasizing helper 

utterances that are most predictive of outcomes. Recent findings showed that positive messages and signs of 

communication from helpers were positively correlated to help seekers' scores. In contrast, macros and cut-

off communications were negatively linked mainly due to safety reasons. These ideas show that there needs 

to be a persuasive support style within helpline conversation and how machine learning can help improve 

support interventions. 

In the study referenced in [17], the authors look at the ability to modulate bacterial motility in real-time, 

dealing with flaws in the traditional bacterial studies that permanently modify the bacteria's DNA to observe 

changes in bacterial motion. The proposed framework, Mogen, employs a Generative Adversarial Network 

to more clearly understand the dynamic motility of bacteria and identifies the lack of dynamic scalability as 

a critical research gap. Powered with copious real-time imaging data, MotGen follows bacteria movement 

and reacts to specific alterations in the surroundings, delivering the motility behavior forecast with negligible 

errors in both simulated and actual datasets. The results of the experiments prove that MotGen has the 

potential to enhance bacterial swimming motility maximization, and the machine-learning model can be 

expanded to apply its use in immune response prediction. A short-term motility intervention can be applied 

in situ, implying the method's applicability for creating bacteria-based biomedical tools needed to develop 

the mentioned platform. 

As discussed in [18], novel investigations highlight the significance of lncRNAs in a range of disease-

associated phenotypes; however, only some of these connections have been validated empirically. To 

overcome this deficiency and minimize the costs of laboratory work, the study presents a preliminary 

computational model, namely LDA-GAN, to identify lncRNA-disease relationships. This model is based on 

the GAN framework. However, the Gumbel-softmax technology is used to improve sampling mechanisms 

to solve each GAN's slow convergence and inconsistent training characteristic. Recent findings show that 

LDA-GAN is highly stable and far more efficient in terms of accuracy than other GAN models in a 

semisupervised manner, adding to its value when handling unlabeled data and improving prediction 

acquisition. Other examples also confirm that LDA-GAN can successfully forecast possible associations of 

the disease for different lncRNAs, which can help direct further experimentation. 

Among the primary variables covered in the research described in [19], aging is a significant determinant of 

the onset of many chronic diseases. It underlines the significance of studying its underlying processes to 

design multi-target therapies targeting aging and related diseases with a noticeable delay compared to the 

results of traditional experimentations that have been continually made since the first identification of an 

aging-related gene In the late 1980s. However, the most significant change in the early 2020s was artificial 

intelligence (AI) integration into the study of aging, which fuels progress in various breakthroughs. Until 

now, Gero protectors comprise more than 200 substances, including metformin, rapamycin, and lithium, 

which have been proven to slow aging in mice. Important to aging science, the characteristics of aging are 

the processes, including cellular deterioration, the decline in proteotoxic, and continuous inflammation, that 

are vital to investigating the aging subject. Masitinib, quercetin, and fisetin are classified as senilities; 

metformin and rapamycin have been proven to retard senescence and senescence-associated secretory 

phenotype. These aging processes suggest that targeting these processes has possible CAMK2G dual-

function therapeutic intercessions for healthy and disease-associated aging. 

As elaborated in [20], it is understood that materials informatics (MI) has potential in the biotechnology 

sector, especially in developing new products and enhancing innovation processes. In this case, MI seeks to 

combine experts from physical, life sciences and data scientists, uses automation, and artificial intelligence 

(AI) to assist in forecasting the behavior of materials in vitro and in vivo. The most prominent obstacle, 

however, rests in the availability of insufficient extensive standardized (consistent and reproducible) and 

annotated materials datasets, which is mandatory for structure-function mapping. Clinical examples highlight 

the use of MI as the research teams have already developed several performance metrics for specialized 

therapeutics to optimize nanocarriers' design and deployment process. Three collaborations describe specially 

designed polymers that improve the stability and release of small molecules, nucleotides, and proteins, 

demonstrating the potential of machine learning to resolve critical drug delivery interactions at the level of 

individual molecules. The paper ends with optimistic comments on the potential of MI concerning advances 

in automation and data integration with specific polymer science that can shorten the timeframe for making 

gene therapy useable. 

https://doi.org/10.54216/MOR.040201
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As discussed in [21], the importance of materials informatics (MI) in innovation and acceleration of product 

development is gaining ground in biotechnology. MI encourages physical and life scientists to work with 

data scientists. As such, automation and artificial intelligence (AI) are used to calculate the physical 

properties of materials outside or within biological environments. The central issue, however, is that it is 

incredibly challenging to acquire comprehensive, consistent, and annotated materials data, which is 

fundamental in understanding structure-to-function relationships. The case of new developments in delivery 

platforms of polymers for therapy is an emerging case of MI, where research teams amass vast amounts of 

data on niche therapeutics to create an efficient design - construct - deploy - operating cycle of nanocarriers. 

Of note, three driving forces offer unique polymers that provide better encapsulation and controlled release 

of small drugs, nucleotides, and proteins and how artificial intelligence can help depict the major molecular 

forces, highlighted drug delivery processes. Lastly, there is an insight into the subsequent aspects of MI 

development in terms of autonomy and data management, which, unlike the previous ones, benefits from the 

knowledge of polymer science to facilitate the timely conversion of gene therapies from ideas into effective 

options. 

In the research indicated by the numeral [22], it is noted that in magnetic resonance imaging (MRI) of the 

prostate gland, automatic and accurate prostate segmentation is essential in facilitating the diagnosis process 

of prostate imaging. Segmentation of the prostate gland, apart from requiring professional skills, is usually a 

laborious manual process that takes time. To mitigate this challenge, the authors developed SegDGAN, an 

automatic prostate segmentation solution that integrates a generative adversarial network (GAN) architecture. 

This comprises a fully convolutional generative network with dense connectivity blocks (in layers) and a 

critical network to garner features from different scales. Modifying the goal function where mean absolute 

error and the Dice coefficient were used led to better segmentation results. SegDGAN was tested on a dataset 

containing 220 subjects in addition to publicly available data and was further contrasted with typical 

segmentation networks like U-Net, FCN, SegAN, etc. The findings proved SegDGAN was superior to all the 

other methods considered. They reached a remarkable Dice similarity coefficient of 91.66%, minimal volume 

overlap error, average surface distance, and Hausdorff distance on clinical and public datasets. Therefore, 

this indicates that SegDGAN is promising in accuracy advancements in MRI prostate segmentation. 

As illustrated in [23], imaging genetics-, which refers to the study of the relationship between genetic variants 

and neuroimaging data-, has emerged as a significant contributor to the study of the etiology of most 

neurological disorders. Even though much work has been done on utilizing statistical and machine learning 

techniques to choose the most influencing features for predicting a disease more accurately, not much 

consideration has been given to how genetics can be used to create images of the brain. This paper proposes 

a new paradigm by employing latent diffusion models for conditionally generating brain images given genetic 

data. For the diagnosis of Alzheimer's disease (AD), attention-based diffusion models were used to increase 

the quality and informativeness of the synthesized images. The approach was demonstrated with the T1 MRI 

and single nucleotide polymorphism (SNP) datasets from the Alzheimer's disease Neuroimaging Initiative 

(ADNI). The findings reveal that the synthetic images produced have different AD characteristics, thus 

enhancing the performance of subsequent AD discrimination tasks. This work highlights diffusion models' 

usefulness in imaging genetics to improve the diagnosis and comprehension of AD. 

Table 1 presents a complete summary of the studies assessed in this review. Each study outlines its research 

question, methods employed, and findings. The table also lists the applications of AI in healthcare, including 

diagnosis, treatment, drug development, and patient management. These observations reveal the considerable 

promise that AI presents in transforming healthcare and enhancing the quality of patient care. 

Table 1: Summary of Literature Review 

Study Research Question Methodology Key Findings 

[5] 
Can AI accurately diagnose 

and treat DBP? 

Case study analysis of 97 

DBP patients treated with 

ChatGPT 

ChatGPT accurately diagnosed 

66.2% of cases and provided 

mostly accurate treatment plans. 

However, it lacked cultural and 

ethical considerations in some 

cases. 
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[6] 

Can AI improve the 

diagnosis of 

neurodegenerative 

disorders? 

Development of a CRO-

IGAN model to analyze gait 

patterns 

The model achieved high 

accuracy in diagnosing NDD, 

outperforming other methods 

and showing promise for early 

detection and treatment. 

[7] 

Can AI identify individuals 

in need of mental health 

support? 

Development of CASE-

BERT, an NLP model to 

identify mental health 

disorders from online 

forums 

CASE-BERT effectively 

identified depression and 

anxiety with high accuracy, 

demonstrating the potential for 

early intervention. 

[8] 

Can AI detect and classify 

depression severity from 

social media data? 

Use of LSTM-based deep 

learning to analyze Twitter 

data 

The model achieved high 

accuracy in detecting and 

classifying depression severity, 

highlighting the potential of 

social media analysis for mental 

health monitoring. 

[9] 

Can AI accurately predict 

mood states from mobile 

health data? 

Use of machine learning 

models to analyze data from 

mobile phones and wearable 

devices 

The models achieved high 

accuracy in predicting 

emotional valence, 

demonstrating the potential of 

mHealth for mental health 

monitoring and intervention. 

[10] 
Can AI detect early signs of 

epilepsy? 

Use of an adversarial 

autoencoder to analyze EEG 

data 

The model identified 

progressive changes in brain 

activity associated with 

epilepsy, suggesting potential 

for early detection and 

intervention. 

[11] 

Can AI improve the 

diagnosis of Alzheimer's 

disease by generating 

synthetic brain images? 

Development of 

BrainStatTrans-GAN to 

generate healthy brain 

images from patient data 

The model improved the 

accuracy of AD diagnosis by 

enabling the identification of 

individual-specific brain 

atrophy patterns. 

[12] 

Can AI improve the 

classification of lung 

diseases from medical 

images? 

Development of CCP 

WDCGAN-SOA to classify 

COVID-19 and pneumonia 

from CT scans and X-ray 

images 

The model achieved high 

accuracy in classifying lung 

diseases, demonstrating the 

potential for AI-aided diagnosis. 

[13] 

Can AI improve the 

classification of Alzheimer's 

disease by generating 

synthetic data? 

Use of a semi-supervised 

GAN to generate synthetic 

brain images for AD 

classification 

The model improved the 

accuracy of AD classification 

by increasing the sample size 

and diversity of training data. 

[14] 
Can AI accelerate antibody 

drug discovery? 

Use of deep learning to 

analyze antibody sequences 

and predict binding affinity 

The model demonstrated the 

potential to accelerate antibody 

drug discovery by identifying 

key binding features and 
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generating novel antibody 

sequences. 

[15] 
Can AI design new drugs 

targeting multiple targets? 

Development of a dual-

target ligand generative 

network for de novo drug 

design 

The model generated novel drug 

candidates with a high affinity 

for multiple targets, 

demonstrating the potential for 

AI-driven drug discovery. 

[16] 

Can AI improve the 

effectiveness of suicide 

prevention helplines? 

Use of machine learning to 

analyze helpline 

conversations 

The study identified critical 

conversational elements that 

predict positive outcomes, 

highlighting the potential for 

AI-powered tools to improve 

helpline effectiveness. 

[17] 
Can AI control bacterial 

motility in real time? 

Development of MotGen, a 

generative adversarial 

network to control bacterial 

movement 

The model demonstrated the 

ability to control bacterial 

motility in real time, opening up 

new possibilities for biomedical 

applications. 

[18] 
Can AI predict lncRNA-

disease associations? 

Development of LDA-GAN 

to identify lncRNA-disease 

relationships 

The model accurately predicted 

lncRNA-disease associations, 

demonstrating the potential for 

AI-driven drug discovery. 

[19] 
Can AI identify potential 

anti-aging therapies? 

Use of AI to analyze aging-

related processes and 

identify potential drug 

targets 

The study identified potential 

drug targets for anti-aging 

therapies, highlighting the 

potential for AI-driven drug 

discovery. 

[20] 

Can AI accelerate the 

development of new 

materials for biotechnology? 

Use of materials informatics 

to design new materials for 

drug delivery 

The study demonstrated the 

potential of AI to accelerate the 

development of new materials 

for drug delivery. 

[21] 

Can AI accelerate the 

development of new 

materials for biotechnology? 

Use of materials informatics 

to design new materials for 

drug delivery 

The study demonstrated the 

potential of AI to accelerate the 

development of new materials 

for drug delivery. 

[22] 

Can AI improve the accuracy 

of prostate segmentation in 

MRI images? 

Development of SegDGAN, 

a generative adversarial 

network for prostate 

segmentation 

The model achieved high 

accuracy in prostate 

segmentation, demonstrating 

the potential for AI-aided 

diagnosis. 

 

To sum up, using artificial intelligence within the healthcare sector has great potential to change the sector 

dramatically. Using machine learning and natural language processing, these solutions can be designed to 

tackle demanding issues in research and clinical practice. Significant advances have already been made, but 

research is still needed to improve the technology's ethical implementation and consideration of biases. As 
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advancements in artificial intelligence occur, the overall healthcare system is set to change as it becomes 

more accurate in making diagnoses and more targeted in the treatment offered to patients, thereby improving 

healthcare results. 

3. Conclusion 

Mental health assessment and treatment are current topics in technology that are undergoing revolutions 

thanks to the advances in generative deep learning. Using methods like GANs, VAEs, and transformers, 

synthetic data can be generated for researchers to avoid the issue of lack of data while ensuring that a patient’s 

confidential information is safe. This approach helps improve diagnostic models, which can identify the 

minute details and the earliest signs of a mental condition, even before the full symptoms are manifested. 

Such insights, if properly harnessed, can facilitate the development of measures for treating and preventing 

the onset of a condition from its early stages. 

Generative models offer solutions for treating mental health conditions more flexibly. Such models enable 

patient-specific embedded biomarkers to predict the outcome of non-standard treatment tailored to the 

patient, making the treatment more effective and likely to achieve the needed results. This is of the utmost 

importance regarding mental health since different levels are often required from one client. Generative 

models can effectively augment usual therapies with novel and individual therapeutic approaches based on 

the clinical characteristics of the patients. 

Nevertheless, for such tools to be implemented in the real-life practice of medicine, several ethical and 

technical issues must be resolved. Healthcare professionals must take active measures to address and resolve 

any conflicts arising over patient data, concerns over pre-existing biases in machine learning systems, and 

complications arising from using artificial intelligence technology in healthcare. A partnership between those 

creating AI, users who are clinicians and policymakers will be necessary for the strategic implementation of 

generative deep learning solutions and the development of the best practices that would ensure transparency 

and protection of patients. 

In summary, generative deep learning has the potential to be a game changer in mental health. It can enable 

early intervention, target treatment, and broaden the scope of mental health care. We must overcome ethical, 

technical, and clinical barriers to realize this potential. Integrating generative deep learning with other mental 

health practices will lead to a more preventive, accessible, and efficient mental health system. This system, 

with its ability to restore hope and purpose, will significantly improve the lives of individuals and 

communities affected by mental health conditions. 
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