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ABSTRACT

benefit clinical practice and diverse groups of patients.

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 data even before
a disorder is fully blown by looking at patterns in 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 yet exist in therapies today can be
proposed and used to supplement available therapies. This will enhance the quality of care that patients receive and
improve outcomes. Furthermore, we explore new research approaches focused on the use of generative models in
mental health, calling attention to the need for cross-disciplinary cooperation that would allow these technologies to
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1. INTRODUCTION

Modern generative deep learning has been the key to unlock-
ing different areas of material science, and there is no reason
why such technology cannot improve mental health diagnos-
tics and therapeutic methods. Including AI’s generative mod-
els 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:
GANSs, VAEs, transformers, and their uses in identifying and
treating mental illnesses.

Of all the generative models, GANs and VAEs are of partic-
ular interest since they can generate synthetic data that can

improve training datasets; this is particularly important in
mental health research given data constraints and the enor-
mous concern about patients’ privacy. Such models afford
increased capability in analyzing large datasets, recogniz-
ing trends, and identifying potential markers for early-stage
development of mental disorders before their symptoms be-
come 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].

Generative deep learning revolutionizes diagnostics and of-
fers 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 en-
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abling the generation of innovative treatment approaches that
can complement existing ones. This personalized approach
to treatment is particularly significant in mental health care,
where each patient’s treatment program must be tailored to
unique needs. The potential of these models to enhance the
well-being of patients with chronic mental health disorders is
substantial.

However, integrating generative deep learning into mental
health practice has challenges. Critical ethical issues must be
considered, primarily regarding the handling of patient infor-
mation. Generative models are data-hungry and work best
with large amounts of data. How to feed these models without
compromising patient privacy remains contentious. Further-
more, bias in algorithms raises the likelihood of inequality in
medical diagnosis and treatment, which is a critical problem
that both the medical and Al fields must work to solve [2].

Another crucial factor limiting the use of these techniques
is the need for doctors to verify Al-based methods indepen-
dently. Social workers and clinicians must ensure that Al
diagnostic outcomes and treatment plans align with clinical
best practices. This underscores the importance of multi-
professional responsibility in using Al for clinical decision-
making support. Collaboration between clinical experts and
healthcare providers is essential to prevent misuse and ensure
that Al is used appropriately and confidently [3].

The paper also draws attention to the need for interprofes-
sional efforts to develop generative deep learning, especially
for mental health. Such collaboration would facilitate a cli-
mate of innovation and help define and solve ethical, techni-
cal, and clinical issues raised by these technologies. Com-
bining Al research, mental health, ethics, and data science
knowledge is essential for translating these efforts into prac-
tical, clinically feasible tools that may address complex re-
quirements in mental healthcare.

Also, generative deep learning models are flexible, making up-
dates possible when new research findings regarding mental
health are obtained. This adaptability is especially helpful in
mental health, where revelations consistently alter the frame-
works within which strategies are formulated. The adaptabil-
ity of these models reassures us of their effectiveness, as they
can incorporate the latest research and provide clinicians with
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 supportive
tools. This could extend formal psychotherapy to parts of the
world that lack adequate numbers of mental health workers,
potentially helping millions of people. By providing distant
intelligent assistance, generative deep learning could raise
global accessibility of mental health care resources.

In conclusion, generative deep learning reflects the pro-
found potential of abstract evolutionary applications in mental
health diagnostics and therapeutic approaches that assist in
early disease detection, create individually tailored treatment
approaches, and improve patient outcomes. However, to fully
realize this potential, it will be necessary to overcome existing
and emerging ethical, technical, and clinical issues through
coordinated efforts among developers of Al technologies,

healthcare practitioners, and legislators. As depicted in this
review, careful consideration and joint implementation could
allow generative deep learning to revolutionize mental health-
care and bring positive changes to patients’ quality of life and
actualized health.

2. LITERATURE REVIEW

This research paper evaluates the literature on artificial in-
telligence in the healthcare sector. It reviews the ways Al
can improve diagnosis, treatment, and patient care. We re-
view developments in artificial intelligence and its tools, such
as natural language processing, machine learning, and deep
learning, to solve pressing issues in mental health, neurode-
generative disorders, and many other conditions. In doing so,
we consider data produced by different studies to assess the
strengths and weaknesses of these Al applications and stress
that they can improve patient care and support new research.

Parents seek developmental and behavioral medical advice
from Al chatbots such as ChatGPT-3.5. In the research de-
scribed in [5], the authors assessed the diagnostic competence
of ChatGPT in presented developmental and behavioral pedi-
atrics cases and the adequacy of recommendations for further
treatment plans. The authors treated 97 patients with DBP us-
ing ChatGPT and submitted the diagnoses and recommended
treatment plans to a panel of three physicians with DBP ex-
pertise. The planned treatments were reviewed as almost
entirely correct on mean accuracy and between complete
and adequate on mean completeness, while ChatGPT’s diag-
noses matched expert diagnoses 66.2% of the time. ChatGPT
also incorporated cultural aspects correctly in most relevant
scenarios and addressed the ethical issue in the only feasi-
ble scenario. The study concludes that ChatGPT can offer
thorough treatment plans but lacks diagnostic prowess, so
physicians should caution patients not to trust everything on
the internet.

Neurodegenerative disorders are characterized by progressive
degeneration of neurons in the brain, leading to loss of cogni-
tive and motor function and decreased quality of life. Zhou et
al. [6] stressed the need to identify and validate biomarkers for
neurodegenerative disorders because this is crucial to estimat-
ing disease progression and establishing treatments. Because
gait-pattern anomalies are common in patients, the authors de-
veloped a Chemical Reaction Optimization-based Improved
Generative Adversarial Network (CRO-IGAN) model to im-
prove diagnostic effectiveness. The dataset was preprocessed
through Min—-Max normalization, PCA for dimensionality re-
duction, and LDA for discriminative feature selection. Recall,
sensitivity, and specificity standards highlighted that CRO-
IGAN yielded high diagnostic accuracy and improvement
over other methods.

The scarcity of psychologists underlines the urgency of recog-
nizing patients needing immediate psychological help. Harne
et al. [7] looked at ways NLP pipelines can effectively use
posts in internet mental health support forums to identify
users who may require urgent professional help. To over-
come limited labeled data, the authors proposed CASE, a
curricular data pretraining strategy for building assistive psy-
chology expert models. The resulting CASE-BERT model
effectively identified depression and anxiety with high accu-
racy, demonstrating potential for early intervention.
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Prama et al. [8] addressed depression detection and sever-
ity classification from social media data. The authors used
LSTM-based deep learning to analyze Twitter data and pro-
duced an Al-enabled deep depression detection and evalua-
tion approach informed by DSM-5-TR. Their model achieved
high accuracy in detecting and classifying depression severity,
highlighting the potential of social media analysis for mental
health monitoring.

Siikei et al. [9] predicted emotional states using behavioral
markers derived from passively sensed data. Their data-
driven machine learning approach analyzed mobile phones
and wearable-device signals, demonstrating that machine
learning can predict emotional valence and support mobile
health monitoring and intervention.

Farahat et al. [10] presented deep anomaly detection for
epileptogenesis. By using an adversarial autoencoder to an-
alyze EEG data, the model identified progressive changes
in brain activity associated with epilepsy. This suggests po-
tential for early detection and intervention in neurological
conditions.

Gao et al. [11] proposed BrainStatTrans-GAN, a brain-status
transferring generative adversarial network for decoding indi-
vidualized atrophy in Alzheimer’s disease. The framework
generates healthy brain images from patient data and enables
identification of individual-specific brain atrophy patterns,
improving diagnostic accuracy for Alzheimer’s disease.

Rajendra et al. [12] proposed an optimized Wasserstein Deep
Convolutional GAN approach for classifying COVID-19 and
pneumonia. The method uses CT scans and X-ray images,
a Label Correlation Guided Borderline Oversampling strat-
egy for class balancing, multiscale homomorphic Gaussian
filtering, and a WDCGAN aided by a Seasons Optimization
Algorithm. The method improved classification performance
compared with previous approaches.

Yan et al. [13] developed a semi-supervised GAN algorithm
for Alzheimer’s disease analysis. The enhanced generative
network learns and generates synthetic brain images for AD
classification, increasing sample size and training-data diver-
sity. Tests on the ADNI-1 dataset showed stable clustering
and improved classification.

Lim et al. [14] used deep learning to predict antibody binders
and generate synthetic antibodies. Their model analyzed
antibody sequences, predicted binding affinity, and generated
novel antibody sequences, demonstrating the potential to
accelerate antibody drug discovery.

Humayun et al. [15] used deep learning, virtual screening,
and molecular dynamic simulations for de novo generation
of dual-target ligands for SARS-CoV-2 treatment. Their dual-
target ligand generative network produced novel drug candi-
dates with high affinity for multiple targets, demonstrating
potential for Al-driven drug discovery.

Salmi et al. [16] studied interventions for developing classi-
fication models that predict chat outcomes based on online
suicide-prevention conversation content. Machine learning
identified conversational elements that predict positive out-
comes and highlighted how Al-powered tools can improve
helpline effectiveness.

Seo et al. [17] proposed MotGen, a closed-loop bacterial
motility control framework using GANs. The model demon-

strated the ability to control bacterial motility in real time,
opening possibilities for biomedical applications.

Du et al. [18] proposed LDA-GAN to identify IncRNA-
disease relationships. Based on the GAN framework and
using Gumbel-softmax technology to improve sampling, the
model addressed slow convergence and unstable training. Re-
sults showed that LDA-GAN accurately predicted IncRNA-
disease associations.

Leung et al. [19] discussed leveraging Al to identify dual-
purpose aging and disease targets. Their work highlighted
how Al can analyze aging-related processes and identify po-
tential drug targets for anti-aging therapies.

Ting et al. [20] reviewed nonviral delivery of small-molecule
and genetic drugs, driven by polymer chemistry and machine
learning for materials informatics. The study demonstrated
AT’s potential to accelerate the development of new materials
for biotechnology and drug delivery.

Xue et al. [21] proposed a cross-scanner and cross-tracer
deep learning method for recovering standard-dose imaging
quality from low-dose PET. The method illustrates how Al
can improve medical-image quality while reducing radiation
exposure.

Wang et al. [22] developed SegDGAN, an automatic prostate
segmentation solution for MRI images that integrates GAN
architecture. The system uses a fully convolutional gener-
ative network with dense connectivity blocks and achieved
superior segmentation compared with U-Net, FCN, SegAN,
and related networks.

Jeon et al. [23] proposed Gene-to-Image, decoding brain
images from genetics via latent diffusion models. For
Alzheimer’s disease diagnosis, attention-based diffusion mod-
els generated synthetic brain images from genotype and SNP
datasets from ADNI. Findings revealed that synthetic im-
ages contained AD characteristics and could support disease
analysis.

3. SUMMARY OF LITERATURE REVIEW

Table 1 presents a complete summary of the studies assessed
in this review. Each study outlines its research question,
methodological approach, and key findings.

4. DISCUSSION

Using artificial intelligence within the healthcare sector has
great potential to change the sector dramatically. Machine
learning and natural language processing 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 ethical implementation and
consideration of biases. As generative approaches become
more capable, their contribution to diagnostics, therapy plan-
ning, synthetic data generation, and personalized intervention
will grow.
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Table 1. Summary of Literature Review

Ref. Question and Method Key Finding

[5] ChatGPT diagnosis and treatment planning for 97 DBP cases evaluated by expert Treatment plans were mostly correct and complete, but diagnostic agreement
physicians. was limited, emphasizing clinical oversight.

[6] CRO-IGAN model for neurodegenerative-disorder diagnosis using gait analysis The model achieved high diagnostic accuracy and showed promise for early
with normalization, PCA, and LDA. detection and treatment.

[71 CASE-BERT NLP model trained on online mental-health forum data to identify The model effectively identified depression and anxiety, demonstrating potential
users needing support. for early intervention.

[8] LSTM-based analysis of Twitter data for depression detection and severity classi- The model achieved high accuracy in detecting and classifying depression sever-
fication informed by DSM-5-TR. ity.

[91 Machine-learning analysis of mobile phone and wearable-device signals for mood- Models predicted emotional valence accurately, supporting mHealth monitoring
state prediction. and intervention.

[10] Adversarial autoencoder analysis of EEG data for early epileptogenesis detection. The model identified progressive brain-activity changes associated with epilepsy.

[11] BrainStatTrans-GAN generates healthy brain images from patient data for The model improved AD diagnosis by identifying individual-specific atrophy
Alzheimer’s disease assessment. patterns.

[12] CCP WDCGAN-SOA classifies COVID-19 and pneumonia from CT scans and The model achieved high accuracy in classifying lung diseases.
X-ray images.

[13] Semi-supervised GAN generates synthetic brain images for Alzheimer’s classifi- Classification improved by increasing sample size and training-data diversity.
cation.

[14] Deep learning analyzes antibody sequences and predicts binding affinity. The model identified binding features and generated novel antibody sequences.

[15] Dual-target ligand generative network with virtual screening and molecular dy- Novel candidates with high affinity for multiple targets were generated.
namics.

[16] Machine-learning analysis of online suicide-prevention helpline conversations.  Critical conversational elements predicting positive outcomes were identified.

[17] MotGen, a GAN-based closed-loop framework for real-time bacterial motility Real-time bacterial motility control was demonstrated.
control.

[18] LDA-GAN with Gumbel-softmax sampling predicts IncRNA-disease associations. The model accurately predicted IncRNA-disease associations.

[19] Al analysis of aging-related biological processes and disease targets. Potential drug targets for anti-aging therapies were identified.

[20] Materials informatics for designing drug-delivery materials. Al demonstrated potential to accelerate new material design for drug delivery.

[21] Cross-scanner and cross-tracer deep learning recovers standard-dose quality from Low-dose imaging quality was improved toward standard-dose quality.
low-dose PET.

[22] SegDGAN, a GAN-based network, performs prostate segmentation in MRI. The model achieved high segmentation accuracy and outperformed common

segmentation networks.
[23] Latent diffusion models decode brain images from genotype and SNP data. Synthetic images reflected AD characteristics and supported disease analysis.

Generative models create opportunities to address limited
data availability, a frequent challenge in healthcare. Syn-
thetic patient records, synthetic images, and synthetic behav-
ioral signals can support model training while reducing direct
exposure of sensitive patient data. Nevertheless, synthetic
data cannot automatically solve privacy problems. Models
may memorize rare training examples, reproduce biased pat-
terns, or amplify inequities if input data are not representative.
Therefore, data governance, bias auditing, and clinical valida-
tion must be central parts of deployment.

Mental health presents special opportunities and risks. Early
detection models based on text, mobile sensing, or online
behavior can identify patterns that clinicians may not observe
in a short consultation. At the same time, mental health
data are exceptionally sensitive, and automated predictions
can affect stigma, insurance, employment, or access to care.
Human oversight is therefore indispensable. Generative Al
systems should support clinicians rather than replace them,
and their recommendations should be explainable, evidence-
based, and aligned with clinical guidelines.

The reviewed studies demonstrate that generative deep learn-
ing extends beyond mental health into neurodegenerative
disorders, epilepsy, medical imaging, drug discovery, mate-
rials informatics, and biotechnology. These cross-domain
applications are relevant because methods developed in one
biomedical area may inform mental-health diagnostics and
therapeutics. For example, GAN-based synthetic imaging can
inspire privacy-preserving psychiatric neuroimaging studies,
while language models developed for online forum analysis
can support triage in mental-health services.

Future research should focus on clinical-grade validation,
longitudinal datasets, transparent model reporting, and in-
terdisciplinary collaboration. Al researchers, psychiatrists,

psychologists, ethicists, data scientists, and policymakers
must work together to ensure that generative deep learning is
safe, fair, and clinically useful. The field should also priori-
tize diverse datasets, multilingual evaluation, and real-world
deployment studies to prevent tools from working only for
narrow populations.

5. CONCLUSION

The review emphasizes the transformative potential of genera-
tive deep learning techniques for improving mental health di-
agnostics and therapeutic strategies. Methods such as GANS,
VAEs, transformers, and diffusion models can support early
diagnosis, personalized therapy, synthetic data generation,
and improved clinical decision-making. The reviewed litera-
ture shows strong promise across mental health, neurological
disorders, medical imaging, and biomedical discovery.

Despite this promise, ethical, technical, and clinical barriers
remain. Patient privacy, algorithmic bias, explainability, pro-
fessional oversight, data quality, and regulatory alignment
must be addressed before these techniques can be widely
deployed. Integrating generative deep learning with clinical
expertise can lead to a more preventive, accessible, and effi-
cient mental health system. With responsible development,
these tools can help restore hope and purpose and significantly
improve the lives of individuals and communities affected by
mental health conditions.
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