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ABSTRACT 

The past few years have seen significant growth in the capabilities of Generative Artificial Intelligence (GAI), and it 
has shown incredible potential to impact the field of mental healthcare. GAI encompasses a variety of AI architectures, 
all of which can process information and create output at tremendous speeds, showing promise in making mental 
healthcare more efficient and revolutionizing psychological research and patient care. In this work, we analyze the 
recent advancements made within the GAI space, consider the possible applications that GAI could have in the re-
search and clinical environments of mental healthcare, and acknowledge the potential limitations of GAI when con-
sidering pathways to integration. Ultimately, we recognize the many benefits that GAI could create in the field of 
mental healthcare in improving patient outcomes, reducing workload for medical professionals and researchers, and 
reducing financial and resource consumption while also asserting that the implementation of GAI must be done with 
care to prevent harm and detriment to patients. 

Introduction 

Over the past decade, one of the most prominent forms of artificial intelligence, Generative Artificial Intelligence, has 
experienced exponential growth in its capabilities and general use. Generative AI, classified for its ability to create 
novel media (text, images, sound, etc.) through analysis of training data that is the same form of media, has become 
one of the most significant aspects of recent technological advancements in multiple distinct industries.  

In the technology industry, many companies have worked to develop their own generative AI systems or 
implement existing GAI frameworks (Feuerriegel et al., 2024). These GAI systems include those pioneered by OpenAI 
(GPT-4, DALL-E 3, Sora) (“OpenAI API,” 2024; “Sora | OpenAI,” 2024), Google (Google Gemini) (“Gemini,” 
2024), and Microsoft (“Microsoft copilot,” 2023), each of which is primarily implemented in everyday, commercial 
contexts. Chat GAIs, for example, have been implemented as chatbots that can provide 24/7 online technical support 
for many companies (Marr, 2024). Image GAIs have similarly been utilized to create relatively realistic image media 
for website design and slideshows (Yadav, 2024), and Video GAIs, though comparatively more recent than the other 
two types, have been discussed as a significant tool that could be utilized in film production (Rothman, 2024). Ulti-
mately, it is clear that the capabilities of GAI make it a powerful tool that many can take advantage of in a multitude 
of industries.  

With these advances, however, many medical professionals have debated the possible applications of GAI in 
clinical and research contexts in the field of healthcare. The most recent explorations into medical uses of GAI have 
centered mainly around fields like Oncology, Cardiology, and Medical Education, among others. More specifically, 
GAI has been implemented in cancer research to develop a possible T-cell engager immunotherapy (Teng, 2023), in 
Cardiovascular imaging to analyze echocardiograms more effectively (Christensen et al., 2024), and in medical train-
ing as patient simulations (Sardesai et al., 2024). In contrast, the field of mental healthcare, despite having many niches 
in which GAI can refine the quality of research, improve patient care outcomes, and better assist the already strained 
capacity of professionals and care providers in the field, has yet to adopt or fully explore the possible benefits of GAI. 
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In the past, novel technologies have been implemented into mental healthcare in various ways, especially 
with the spread of digitized medical technologies over the past twenty years. Virtual medical interventions and online 
methods of receiving care have especially permeated the field due to how they have bolstered access to mental 
healthcare, increased the availability of emergency support, and helped reduce the effect of pervasive mental health 
stigma. Similarly, asynchronous digital tools have been utilized to offer support outside healthcare provider-led inter-
ventions, accompanying these interventions with digitized symptom management and therapy accompaniment. Over-
all, the success of digitized mental health interventions is well-documented, and many studies, though not compre-
hensively evaluating the quality of digitized mental healthcare interventions in comparison to in-person interventions, 
often depicted that digitized mental healthcare frequently had equally as much benefit on patient care and that, in some 
ways, digital methods improved upon the in-person methods that were compared  (Kalman et al., 2023). Ultimately, 
the recent success of digitized mental healthcare depicts the integration of growing technologies as an opportunity for 
medicine to become more effective and fruitful, making the development of medical-use GAI frameworks fundamen-
tal to the evolution of mental healthcare. As such, within the past four years, literature has been published about the 
inclusion of GAI in specific parts of mental healthcare, from developing various pharmacotherapies to creating sup-
plemental therapeutic tools to formulating diagnoses in clinical practice.  

This work aims to synthesize the work of various professionals in the field of mental health and explain the 
possible use cases of Generative Artificial Intelligence frameworks in mental healthcare, including from as early as 
the research stage to as late as post-intervention care. We will first explain some of the basic structures and functions 
of GAI relevant to mental healthcare. We will then explore the many possible applications of GAI in mental healthcare, 
including potential applications in clinical research, direct care provisions, and post-intervention continuance of care. 
Finally, we will discuss some of the limitations that may hinder the large-scale implementation of GAI in mental 
healthcare to highlight the pathways by which GAI can be safely integrated.  
 

Literature Review 
 
Specific Functions of Generative AI 
 
GAI architecture construction centers around several vital processes, the most significant of which is the process of 
training the GAI model with existing data that fits its preassigned purpose. During the training phase, collected data 
is examined for quality, accuracy, and relevance. In this sense, the development of a GAI through the training of a 
model can be finely tuned through the use of specific, discrete training data (Bandi, 2024), which, therefore, can be 
utilized in medical contexts to ensure that medical GAIs are only trained on accurate, medically-affirmed data. Ulti-
mately, the scalability of a GAI tool created for any medical concept, and therefore the training it receives, can be 
specialized to the purpose of the tool itself.  

A paper by Bengesi and others elucidate how this variance in scalability can simultaneously be paired with 
the specific frameworks of artificial intelligence that fall under the umbrella term of GAI, each of which can be utilized 
to offer medically-constructed GAI tools applicable functionalities. Variational Autoencoders (VAEs) utilize the au-
toencoder infrastructure of encoding and decoding (with bottlenecks) for incredibly realistic image, audio, and video 
creation. These forms of outputs are similarly created using Generative Adversarial Networks (GANs), which utilize 
a generator-discriminator pair of neural networks to generate synthetic data of many formats, and Diffusion models, 
which are probability-based that use a pair of forward and reverse diffusion processes to create images. A slightly 
different form of GAI related to image processing is Neural Radiance Fields (NeRFs), which utilize neural network 
structures to analyze 2D imagery to create 3D image outputs (Zhang et al., 2020). In comparison, Bengasi also notes 
how text GAIs can be classified in a multitude of ways, including as Transformer-based models for text generation 
through encoder-decoder frameworks paired with self-attention, Large Language Models (LLMs) that utilize large 
sets of training data to generate text at scale. Finally, GAIs can be classified as being Unimodal (receiving one data 
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format) or Multimodal (receiving data from multiple formats and analyzing input cohesively [ex. GPT-4]) (Bengesi 
et al., 2024). These variances in GAI models offer the process of constructing GAI tools in healthcare large amounts 
of specificity regarding function, input type, modality, and more, overall making GAI an extremely flexible tool that 
can fulfill a variety of niches in medical care. These general models can mainly be applied in mental healthcare as 
data synthesis and generation, image analysis, and multimodal data review can be utilized in various niches. In the 
next section, we will explore how these GAI frameworks can be applied specifically and as a whole throughout re-
search, patient care, and post-intervention care.  
 
Applications of Generative AI in Mental Healthcare 
 
Clinical Drug Development and Research 
GAI frameworks can be applied in clinical research settings in mental healthcare to improve the efficiency and quality 
of research. One of the most significant forms of clinical care in mental healthcare is Pharmacotherapy (Huhn et al., 
2014), an area with multiple potential entry points for GAI tools. In many other fields of clinical research, GAI has 
already been utilized successfully in various capacities. For example, DrugGPT is a novel tool that utilizes GPT-2 
models to design ligands that match specific proteins in its over 1.8 million protein training database, creating a pos-
sible pharmacological tool for creating medications that take advantage of ligand-protein pathways (Li et al., 2023). 
These functions are also achievable with Generative Adversarial Networks rather than Transformer-based models, in 
which case analysis of the ligand-binding site of various receptor proteins can result in novel drug design (Skalic et 
al. 2019). Simultaneously, the use of GAI for creating synthesis instructions for various molecules, as Stanford scien-
tists did with SyntheMol to create de novo antibiotic medication, allows for designs created by GAI to be laboratory 
synthesized (Swanson et al., 2024). The combination of these two techniques in mental healthcare can design receptor-
specific ligands to treat a particular mental health condition while creating the specific directions to create the mole-
cule, excising a time-consuming and costly portion of the drug development process.  

These methods have the capability of completely transforming the field of Pharmacopsychiatry, in which 
medication changes are critical to improving patient intervention outcomes through specializing prescriptions to a 
patient's needs and responses to other medications (Angell & Bolden, 2015), and therefore, the utilization of GAI to 
design and build new drugs will only increase the variety from which Psychiatrists can utilize to offer more effective, 
specialized care. Additionally, these tools can reduce the immense costs of drug development, especially considering 
updated estimates that include failed drug developments, only increasing such expenditures (Sertkaya et al., 2024). 
As GAI makes more efficient drug development systems through this generative ligand-receptor modeling, these costs 
are systematically reduced while final products become increasingly influential as GAI strengthens through training.  

Already, AI has been successfully utilized to create an anti-fibrotic medication called INS018_055 to treat 
Idiopathic pulmonary fibrosis, and it has reached Phase II double-blind clinical trials (Ren et al., 2024). The nascent 
nature of these drugs, however, indicates a lack of further drug development reaching such late stages of testing.  Still, 
the promise which these drugs show significant promise for the development of drugs on GAI frameworks in a mul-
titude of fields, and it is only a matter of time before these frameworks are utilized for successful medication discovery 
in the field of mental health.  
 
Clinical Trials with GAI Organizational Elements 
Another significant sector in which Generative AI can improve the course of research is through facilitating the course 
of mental health drug clinical trials. Clinical drug trials themselves constitute a significant sector of drug development 
where costly production and testing contribute to the exorbitant costs of various medications, which thereby limit the 
accessibility of the developed drug while simultaneously creating a barrier to the initiation of clinical trials for crucial 
medication development (Stewart et al., 2015). Through GAI improvements to the organization and conduct of clinical 
drug trials, these costs can be mitigated, and the development of target medications, especially those in mental 
healthcare, can be much faster.  
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GAI has already shown considerable promise through its ability to improve the efficacy of clinical trials. One 
method by which this has been accomplished is through the integration of Generative AI in participant and patient 
recruitment, one of the more time-consuming tasks required in clinical trial organization. Trial Pathfinder, an AI sys-
tem designed to analyze the risk of clinical trial cohorts based on a multitude of eligibility criteria, has been champi-
oned as a method to overcome the barrier of recruitment by reducing the strictness of eligibility criteria to allow a 
broader range of participants without exceeding a significant chance of risk (Liu et al., 2021). Methods augmenting 
this aspect of patient recruitment can not only avoid the time cost of searching for participants that fit narrow eligibility 
for clinical trials but also reduce the material costs accompanying it. 

Similarly, the optimization of clinical drug trials through analysis of its various characteristics is a multifac-
eted approach to ensure success during trials. GAIs, like the Sequential Predictive Modeling of Clinical Trial Outcome 
(SPOT), utilize information about the medication being tested, eligibility data for patient recruitment, and the disease 
of interest, comparing these characteristics to prior clinical trial designs (from the AI’s training data) to analyze the 
statistical risk and success likelihood of the trial being designed (Wang et al., 2023). These methods of comprehensive 
clinical trial analysis allow trial design to become increasingly streamlined and less risky, again improving the cost-
effectiveness of clinical trials in ways that can benefit both researchers and patients in the long term. 

Most recently, GAIs have also found a possible niche in trials themselves, improving patient retention and 
overall patient experience and monitoring. ClinicalGAN is a generative model that uses GAI to create a digital twin 
for a patient involved in a clinical trial, creating timelines that represent patient chronological progression within a 
clinical trial (Chandra et al., 2024). A lack of patient retention is one primary reason that clinical trials can fail, ulti-
mately inefficiently using the resources invested in some trials and further reducing overall trial efficacy (Kearny et 
al., 2018). Through the development of patient retention strategies that are inspired by new GAI frameworks within 
the construction of Clinical trials, this possibility of failure can be mitigated, and within the field of mental health, can 
result in the development of novel care becoming much more common, therefore facilitating innovation. 
 
Medical Documentation Improvements  
Independently of research contexts, GAI has prominent potential in the clinical aspect of mental health interventions 
to make the work of medical professionals more efficient. For example, GAI has already shown promise in medical 
documentation processes. When analyzed in professional, though nonmedical, writing contexts, GAI increased 
productivity by 40% and the quality of writing by 18% (Noy, Zhang, 2023). When applied to medical documentation 
during medical interventions, these bumps in productivity and reduction to workload are relatively replicated, with 
emergency pediatric physicians reporting a similar 40% reduction in time required to create clinical summaries, and 
these summaries were rated fairly well regarding quality by these physicians (Barak-Corren et al., 2024). As men-
tioned in the study by Barak-Corren et al., physicians often spend more time during clinical documentation than during 
actual patient interventions, limiting the time available for these patient interactions and reducing overall efficiency 
while also contributing to physician burnout (which itself has compounding detriments to healthcare delivery). In the 
past, these downfalls have been combatted with medical scribes, but when analyzing their efficacy in a similar context 
to the Barak-Corren study, their improvements regarding efficiency (considering improvements in patients seen) were 
marginal (Ullman et al., 2021)l. As such, the inclusion of Generative AI in the creation of medical documentation can, 
for various purposes, improve overall medical efficiency.  
 Another concern in relation to clinical documentation is the transition of medical records from physical rec-
ords (limited mainly to readers who are medical professionals themselves) to online records that are also viewed by 
patients, creating an additional necessity for medical records to be comprehensible to the average layperson (Blease 
et al., 2024). As noted by Blease and others, the use of GAI to address this issue can improve clarity issues when 
creating summaries for patients, reduce the time required for this purpose, and promote better care. Overall, as records 
continue to become available online and therefore, require a level of comprehensibility for patients, the use of GAI 
can further remove the burden of care providers to consistently create medical documentation instead of spending time 
on patient interaction. As the shortage of mental healthcare professionals grows, their time becomes increasingly 
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valuable, and through these methods of prioritizing their time and reducing burnout, they can become better equipped 
to center patients within the care they provide (Hoffman et al., 2023).   
 
GAI-Powered Diagnosis in Mental Healthcare Interventions 
Of course, diagnosis within the mental health space is one of the most contentious issues, creating ethical, legal, 
scientific, and sociological debates about its viability within the future of mental healthcare. Considering the ability 
of Generative AI to recognize patterns within data and, therefore, possibly within human behavioral and physiological 
data, GAI could link these patterns to mental health diagnoses. Already, there are multiple instances where GAI is 
being tested for diagnosis, including an IBM speech classifier that can detect mental illness with 80% accuracy, as 
well as computer vision that can detect ADHD and ASD with 96% accuracy (Garg, Patil, 2021). These various areas 
where GAI diagnosis is being tested replicate previous developments of algorithmic analysis of patients’ traits, only 
expanding on the processing capabilities of GAI to form efficient diagnosis tools to assist medical professionals. 

Generative AI also has the power to assist with diagnosis through its analysis of neural imaging. As men-
tioned previously, GAI can analyze, report, and quantify minute differences within medical imaging that may be 
missed in other forms of image analysis. As such, GAI could be integrated into neurological biomarker analysis that 
links neurology to psychological symptoms, allowing psychiatrists to better prescribe medication tailored to patients 
(Wright, Anticevic, 2024). Similarly, a study by Saadatinia and Salimi-Badr shows that GAI can analyze electroen-
cephalograms using GAN and VAE models to diagnose Schizophrenia with around 99% accuracy (Saadatinia, Salimi-
Badr, 2024). In this way, GAI could be utilized in mental healthcare diagnosis to process biological information that 
can be indisputably linked to psychological conditions. 

Even further, GAI can utilize existing personality diagnostics to monitor and designate patient behavior to a 
variety of personality characteristics. A study by Jenifa et al. describes the use of a Generative AI personality recog-
nition model (Generative Artificial Intelligence based Learning Principles) that can recognize personality traits and 
match them to MBTI personality types with 97% accuracy (Jenifa et al. 2024). Considering the importance of person-
ality assessments and diagnostics in the diagnosis of a variety of psychological conditions, including personality dis-
orders, and also understanding the often lengthy process of diagnostics required to come to a diagnosis, the assistance 
of AI in completing these tasks can significantly reduce time to diagnosis, and therefore reduced time to treat and 
improved prognosis (Government of Canada, 2006). The diagnostic capabilities of GAI are similarly replicated in 
cases of depression, with automated diagnostic chatbots being a popular proposed use-case of GAI to offer treatment 
and psychiatric interventions with fewer delays, preventing tragedies including suicide and self-harm (Yang, Mori, 
2024). Overall, the possible implementations of GAI in recognizing behavioral or biological patterns linked to psy-
chological conditions offer many ways for medical professionals to more accurately and effectively formulate treat-
ments for patients, and the mere variety of GAI applications in this respect makes diagnosis a prime area in which 
these novel technologies will be integrated.  
 
Therapeutic Applications of GAI Accompanying Human-led Interventions 
Diagnosis is not the only way GAI can be integrated into psychiatric clinical environments, and many medical pro-
fessionals and biomedical researchers are investigating the possible methods by which GAI can accompany human-
led mental health interventions. One method is through the integration of Medical Chatbots, a tool through which 
patients can gain 24-hour health support and answers to medical queries that they may need to ask when a medical 
professional isn’t available, a technology already readily integrated into various medical fields (Tjiptomongsoguno et 
al., 2020). In the field of mental health, one common approach is to implement therapeutic elements into chatbots to 
help cope with symptoms of various mental conditions, such as the creation of Chatbots to provide aspects of Cogni-
tive-Behavioral therapy to assist in dealing with emotional regulation (e.g., SERMO) (Denecke et al., 2020). Chatbots 
also have applications for conversational health education to help direct patient behavior outside clinical contexts and 
conduct patient surveys in contexts where seeking in-person help has a surrounding stigma (Vaidyam et al., 2019). As 
chatbots expand within the world of mental healthcare, implementing GAI into novel chatbot designs is a prominent 
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possible innovation due to the prevalence of chat GAIs like Chat-GPT. These AI systems are also showing abilities to 
replicate empathy within a conversation, create responses that are more personalized to the user (in comparison to 
non-GAI chatbots), update more frequently without changes in programming to remain up-to-date and relevant, and 
deliver concise information that is comprehensible for patients at home (Abbasian et al., 2024). Through these capa-
bilities, GAI could make the development of chatbots more streamlined while increasing their capabilities, offering 
yet another tool for professionals to utilize to provide accessible treatment.  

AI image generation can also provide some utility within the therapeutic space. Though the common idea of 
image use in psychological contexts is often limited to Rorschach tests, images are common elements of a variety of 
mental health therapies. Within CBT, ACT, and DBT, among others, images can deepen conversations about behavior 
and emotion, especially when patients are younger and have less emotional intelligence or ability to convey emotion 
and therefore visuals are a prominent method of improving communication, education, and personalization within 
mental healthcare (Sezgin, McKay, 2024). The use of GAI to create these images could simplify integrating multiple 
modalities within care, creating pathways for mental health professionals to experiment with such modalities to per-
sonalize interventions further. 

Another increasingly popular form of therapy is Music Therapy, in which music is integrated into therapeutic 
interventions to increase the efficacy of treatment for a variety of emotional disorders and psychological conditions 
while also improving motivation to engage in therapy (Gold et al., 2013). As GAIs become more advanced, their 
ability to create novel compositions by replicating melodic and rhythmic patterns increases their functionality (Louie 
et al., 2020). When utilized to specifically analyze therapeutic music for training and, consequently, create similar 
therapeutic music, GAI shows promise in both creating compositions and formulating suggestions for therapeutic 
music, overall increasing personalization (Hou, 2022). These implementations not only help further the usability of 
novel and niche forms of therapy but also reduce the time and resources required to experiment with their use in a 
patient’s mental health intervention, consider its benefit, and reevaluate if necessary. 

Ultimately, GAI’s varied capabilities only assist in allowing mental health professionals to utilize technolog-
ical tools to increase the accessibility, customization, affordability, and efficacy of their care. As more obscure yet 
crucial forms of therapeutic interventions access GAI tools to accompany them, overall patient outcomes can improve 
drastically.  
 
Limitations of Generative AI in Mental Healthcare Applications 
 
The Effects of Black-Box Modeling in GAI Creation 
The majority of Generative AI can be described as a “black-box” model, which refers to how GAI processes infor-
mation using extremely convoluted processing based on complex programming that prevents any significant under-
standing of the pathways that result in a response being created (Hassija et al. 2024). In short, the input into GAI and 
the output as a result of the input are known, but the process by which the output is generated is obscured. As men-
tioned by Hassija and others, the most apparent issue with this model is the lack of transparency in understanding how 
inaccurate outputs are created since it is unclear where misinformation or fallacious information was analyzed and 
utilized when processing the input. These issues are compounded by the frequent occurrence of misinformation being 
incorporated into responses created by various GAI chatbots, such as OpenAI’s ChatGPT, which has been shown to 
include inaccuracies in a variety of topics based on the prompt given (Arvanitis et al., 2023).  As such, when utilized 
in medical contexts, GAI informational outputs may include or be based on incorrect information while seeming 
legitimate. Additionally, trust put into GAI may result in such outputs being utilized with no skepticism or care, mak-
ing medical harm caused by such use a real possibility.  
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Figure 1. A visual representation of the black-box model, depicting the visible input and output and the obscured 
processing that occurs in between. 
 
 More specifically, the “black-box” model can perpetuate discriminatory biases (racial, gender-based, etc.) 
that exist within training data or are held by the creators of a GAI model. Biases within medical models and algorithms 
are already well documented, such as one widely-used risk-calculation algorithm that often rated Black patients and 
patients of color as “riskier” and, therefore, more likely to increase costs for the healthcare provider, hence justifying 
withholding care (Obermeyer et al., 2019). These algorithms are built off data analyzed by humans and are pro-
grammed by humans, creating many entry points for bias that ultimately result in withholding life-saving care. When 
these issues are incorporated into the creation of GAIs, though they themselves cannot create discriminatory bias, train 
by analyzing data selected by humans, finding patterns of racial bias, and incorporating such bias into their decision-
making processes (Haber et al., 2024). These concerns can also accompany the concerns of inaccurate results being 
the result of erroneous training data. When existing GAI models utilize publicly contributed sources, both inaccurate 
information and biases can be incorporated into the model itself (King, 2023). Therefore, the utilization of GAI models 
can be especially hazardous if these biases are not thoroughly avoided. If not adequately tested, their use can endanger 
many people from marginalized communities when they need mental healthcare.  
 Of course, conscious bias against discriminated groups is not the only form of bias that can put GAI at risk 
of causing harm. Statistical bias, that is, statistical data that can show abstract patterns that, in some way, display some 
group as a detriment (Engstrom et al., 2020), can also be incorporated into GAI. Already, medical algorithms analyze 
medical data (including symptom frequency, prognosis, treatment course success, and more across a variety of age, 
gender, and racial markers) to formulate responses that can replicate discriminatory statistical bias. Pfob and Sidey-
Gibbons describe a case where data that indicated black women having worse medical outcomes compared to white 
women (because of preexisting discriminatory conditions) led to algorithmic bias recommending such treatment plans 
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less (due to their lowered efficacy) (Pfob, Sidey-Gibbons, 2022). In the case of algorithms, these patterns in data are 
analyzed without the appropriate context to explain them, resulting in an algorithm that perpetuates discrimination 
against vulnerable groups. Because GAI follows a similar system of pattern analysis to create responses in a variety 
of medical and mental healthcare applications, this risk of statistical bias being furthered by the decisions of a GAI 
(even if data used to train the GAI isn’t purposefully skewed) is something that ought to be considered in the creation 
of GAI tools.   
 
Data Privacy and Security Risks 
One of the most significant apprehensions to integrating Generative AI in a multitude of fields is the lack of security 
and data privacy that users can face. If existing GAI models are used, since many developers continue to use inputted 
data to train models, sensitive data input into a GAI tool could be absorbed, utilized, and, under certain conditions, 
included in outputs, revealing the sensitive data inputted (Shi, 2023). This risk is especially perilous if medical pro-
fessionals input HIPPA-protected information, creating the possibility that patient confidentiality will be broken. This, 
however, only considers the risk of an accidental data leak due to the design of a GAI tool. Malicious actors can utilize 
a multitude of strategies to access patient data, whether it be through feeding specific prompts to AI to reveal data or 
through a direct breach of training datasets or stored input data (Chen, Esmaeilzadeh, 2024).  
 Data protection is also only one of the many security risks in GAI development. More insidious measures 
that can be taken can be the insertion of fake (poison) data into GAI training data to cause medical harm, utilize the 
characteristics of GAI to gain access to sensitive bioinformatic or health information of significant individuals, and 
generally cause damage through the tweaking of AI in ways that can cause harm to patients (Harrer, 2023). Typically, 
security risks and possibilities of data leaks are an issue that plagues the entirety of healthcare systems that have any 
sort of online or cloud-based storage, but the increased pathways by which medical information can be leaked with 
GAI or GAI tools can be corrupted, the safety of their use is easily an essential concern for its use in any field of 
health, including mental healthcare.  
 
The Importance of Human Connection 
Human interaction within the field of mental healthcare is an integral facet of proper care, and adequate bedside 
manner can be shown through effective communication, which provides patients confidence in their provider and the 
healthcare they receive (Parnas, Isobel, 2017). When connected with the understanding that almost 60% of Americans 
would not be comfortable or confident if their healthcare provider relied on Artificial Intelligence to deliver healthcare 
(Tyson et al. 2023), it becomes evident that there is a gap between the potential reach that GAI can have in mental 
healthcare and the willingness that patients have to integrate it. One reason for this could be the lack of understanding 
that GAI can have when analyzing subtleties within complex, varied, and mutable human emotions, a necessary aspect 
of mental health therapy (Vial, Almon, 2023). In this sense, the worry behind GAI capabilities within healthcare does 
not lie in its accuracy but in its ability to display an essential empathetic connection within the therapeutic space.  

The sacredness of the therapeutic relationship is another consideration in integrating Generative AI, as many 
people believe the relationship between patient and doctor would be at risk due to overbearing AI use (Sezgin, 2023). 
In this sense, human connection matters even more in mental healthcare than other health fields. Because of the ther-
apeutic alliance’s basis in trust and compassion, there is minimal adaptability present in current-day AI systems that 
can replicate such levels and complexities of emotion (Joseph, Babu, 2024). Overall, the mere therapeutic effect that 
human-led understanding can have within mental health fields is one of the reasons why mental health interventions 
are effective, and the risk of that effect’s removal can make many patients uneasy at the thought of GAI-led therapeutic 
interventions.    
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Conclusion 
 
As our technological capabilities improve over time, it is only natural that the innovation they bring is implemented 
within the scientific and clinical space. GAI proves to be no exception, as its varied capabilities offer it multiple points 
of entry in the field of mental healthcare (Marr, 2024). Considering the rapid pace at which innovations occur in the 
field of GAI and the integration of GAI within healthcare, while also considering the often limited scope of other 
reviews, we hoped to provide an up-to-date survey of current discoveries to best direct future research and integration. 
In this paper, we have explored the transformative applications of GAI in Mental Healthcare, noting its existing impact 
within these fields while expanding upon its overall potential.  

The impact of GAI’s novel and more efficient capabilities in comparison to existing medical technologies 
makes it a key innovation that could revolutionize the conduct of research and the delivery of mental healthcare inter-
ventions (Huhn et al., 2014; Sardesai et al., 2024). In clinical and biomedical research specifically,  GAI can revolu-
tionize Pharmacopsychiatry by reducing the time and resources required to design novel medications (Swanson et al., 
2024). It can also improve clinical trial design to retain participants better, reduce overall financial risk, and improve 
overall trial success (Wang et al., 2023). In clinical settings, GAI also shows the potential to increase the efficiency 
of interventions by creating medical documentation in real-time (Barak-Corren et al., 2024), allowing professionals 
to spend time that would be spent formulating patient records instead of interacting with patients. GAI can also con-
tribute to psychiatric diagnosis formulation by analyzing behavioral patterns (Garg, Patil, 2021) while providing some 
accompanying measures to professional-led therapy (Tjiptomongsoguno et al., 2020). Overall, if implemented, these 
various GAI applications could make these integral processes within mental healthcare less time-consuming, more 
resource-efficient, less costly, and more beneficial for patient prognoses.   

However, the immediate integration of GAI into these settings faces some barriers. Black-box models that 
are representative of existing GAI models allow decisions made by these models to face little accountability, allowing 
cognitive and statistical bias within these systems to cause harm (Hassija et al. 2024). Data privacy risks caused by 
the design of GAI could result in confidential information being leaked, whether by accident or through malice, posing 
possible harm to patients (Shi, 2023). Finally, the integrity of mental healthcare lies within the therapeutic benefits of 
human connection, a facet that could become less prioritized or overlooked if GAI completely supersedes human-led 
interventions (Parnas, Isobel, 2017). These aspects, however, can be avoided if GAI models are implemented cor-
rectly. Through proper human oversight, precise design, appropriate transparency, and careful use that centers patients, 
GAI can be responsibly utilized within mental healthcare.  

Ultimately, GAI, like the technological innovations that preceded it, will inevitably be integrated into the 
medical field to many degrees. Its capacity to improve the situations of patients, doctors, researchers, and entire 
healthcare systems must be addressed as AI continues to develop. As medical professionals continue to investigate its 
possible capabilities, roles, and limitations, GAI in mental healthcare will arrive in the near future. Overall, we hope 
that its implementation leads to a healthier world.  
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