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Abstract 

 
Mental health disorders affect nearly one billion individuals worldwide, with a growing 

prevalence over year, caused in part due to stigma and lack of treatment causing a high burden 

for healthcare systems. In this context, Large Language Models (LLMs), such as GPT-4, have 

emerged as transformative tools with the potential to improve mental health care. This master 

thesis conducts a scoping review of research published from 2023 onwards to explore the 

current applications of LLMs within the realm of mental health, with the objective of offering 

a thorough overview of their existing and prospective applications in clinical practices and data 

analysis. While LLMs hold promise in improving mental healthcare through early diagnosis, 

treatment planning, and the communication between patients and clinicians, this review has 

also pointed out the limitations the current models have, such as the high-risk mental health 

crisis, an inability to understand emotional subtleties which are crucial in the treatment of 

mental health, and concerns about ethics and data privacy in relation to the inherent biases of 

the training data. For future research, key areas include enhancing LLMs' skills in recognizing 

crises, creating tailored models for mental health for higher sensibility, and addressing 

significant ethical issues like bias and data privacy, which are essential for the gradual 

integration into the mental health field. LLMs integration in the mental health sector require a 

careful integration in order ensure patient safety and maintaining trust. It is imperative to have 

human oversight while using these tools, especially in high-risk clinical environments. 
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Resumo 

 
Perturbações de saúde mental afetam cerca de um bilião de pessoas mudialmente, com uma 

prevalência anual crescente, em parte devido ao estigma e insuficiência dos tratamentos, 

representando um elevado encargo para os sistemas de saúde. Neste contexto, os grandes 

modelos de linguagem (GMLs), como o GPT-4 surgiram como ferramentas inovadoras com 

potencial de melhorar os cuidados de saúde mental. Esta dissertação realiza uma revisão de 

escopo de estudos publicados a partir de 2023 que exploram as aplicações atuais de GMLs no 

domínio da saúde mental, com o objetivo oferecendo uma visão geral completa das suas 

aplicações atuais no contexto de práticas clínicas e análise de dados. Embora os GMLs 

demonstrem potencial para melhorar a saúde mental, em áreas como diagnóse prévia, 

planeamento clínico e promoção da comunicação paciente-médico, aponta também aponta 

algumas limitações, como a dificuldades em lidar com crises de alto risco, não compreender as 

subtilezas emocionais essenciais às conversas sobre saúde mental, questões éticas relacionadas 

com a privacidade dos dados e enviesamentos presentes nos dados de treino. Para investigação 

futura, as área principais incluem o reforço das competências dos GMLs no reconhecimento de 

crises, criação de modelos adaptados à saúde mental e abordagem de questões éticas, como o 

enviesamento e a privacidade dos dados, que são essenciais para a integração gradual no 

domínio da saúde mental. A integração dos GMLs neste setor exige uma integração cuidadosa, 

garantindo a segurança dos pacientes e a sua confiança. É imperativo que exista supervisão 

humana, especialmente em ambientes clínicos de alto risco. 
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1 Introduction 

 
Mental health disorders, including anxiety, depression, and bipolar disorder, represent 

significant global health issues, affecting approximately one in eight individuals worldwide and 

leading to considerable economic and societal challenges. The implications of these conditions 

extend significantly, impacting both affected individuals and healthcare systems, as well as 

economies. The World Health Organisation reports that mental health disorders result in an 

annual economic loss exceeding $1 trillion, attributed to decreased productivity (WHO, 2019). 

While mental health is increasingly acknowledged as a significant public health concern, 

numerous challenges persist, especially in the areas of diagnosis, treatment, and patient 

engagement. Mental health care frequently depends on subjective, self-reported data and 

conventional assessment techniques, potentially leading to delays in diagnosis and treatment, 

especially in cases such as bipolar disorder, which may require years for accurate diagnosis. 

 

Recent advancements in Artificial Intelligence (AI), particularly in Large Language Models 

(LLMs), have sparked considerable interest in how they might change the landscape of mental 

health care. Large language models like OpenAI9s GPT-4 and Meta9s LLaMA show great 

promise in a range of tasks, including logical reasoning and understanding language. The ability 

to create text that feels human, analyse large amounts of language data, and provide meaningful 

insights holds great promise for use in various fields, such as mental health. Bringing LLMs 

into mental health care is especially important given the difficulties the mental health field 

faces, like limited resources and the lack of access to qualified professionals. In resource- 

limited settings, large language models may function as effective instruments for early 

diagnosis, treatment planning, and therapeutic interventions, aiding clinicians in delivering 

personalised care to wider populations. This thesis examines the capacity of LLMs to enhance 

mental health applications, specifically within clinical environments and data analysis. 

Furthermore, it seeks to investigate the utilisation of LLMs for early detection of mental health 

conditions, diagnostic support, treatment recommendations, and improvement of patient- 

clinician communication. The existing literature on the application of LLMs across various 

domains is expanding; however, the area of mental health is still insufficiently examined. This 

thesis reviews studies that elucidate the opportunities and limitations of LLMs, especially 

regarding their capacity to integrate automated decision-making with the emotional and 

contextual nuances critical to mental health care. 
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It is important to note that the intricate and delicate aspects of mental health care necessitate 

that the implementation of LLMs considers critical ethical issues, such as data privacy, bias, 

and the potential dangers of excessive dependence on AI-driven models. Lastly, this thesis 

analyses recent research on the application of LLMs in mental health care, providing deeper 

insights and recommendations for future research and ethical considerations. 
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2 Background 

 
2.1 Large Language Models 

 
Large Language Models (LLMs), more specifically Generative Pre-Training models (GPT), 

have gained global attention for their ability to cognitive tasks like logical reasoning, text 

summarization, and language understanding (Baktash & Dawodi, 2023). In these models, the 

user 8talks9 to the LLM as if it was a virtual assistant, by describing the task they want to be 

performed. This capability opens the possibility of application across numerous fields, 

including mental health, where these models are being tested to improve the understanding and 

responsiveness to patient needs (Brown et al., 2020). Yann LeCun, an early adopter of this 

field, emphasizes that these models' strength is their ability to "learn representations" of the 

complex structure of human language and transform this raw data into structured and 

meaningful information. (LeCun, Bengio, & Hinton, 2015). 

 

A number of extremely potent conversationally optimized LLMs, like Anthropic's Claude or 

OpenAI's ChatGPT, are accessible to the general public. However, the internal training data of 

the models are not publicly available classifying them as closed-source models. This lack of 

transparency raises concerns regarding user data privacy, copyright violations, regulatory 

compliance, among others (Wu et al., 2023). Alternatively, open-source models Meta9s Llama 

and Mistral9s models are available for any user to run and fine-tune on their computers 

(Touvron et al., 2023a); (Jiang et al., 2023). While some are categorized as "open-weight" due 

to some restrictions on their training details, they offer far more flexibility and accessibility 

than closed-source alternatives. 

 
2.2 The Evolution and Architecture of Large Language Models 

 
Large Language Models are a result of decades of research in neural networks, machine 

learning, and natural language processing within the bigger field of deep learning and artificial 

intelligence. (Zhang & Zong, 2019). The chronological progression illustrated in Figure 1. aims 

to point significant historical moments that influenced state-of-the-art LLMs we know today. 

The earliest AI program started in 1952 with the creation of Strachey's checkers, a program able 

to play a game of checkers, setting the stage for future developments in AI-based logic systems. 

(Strachey 1966). 
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But it was only in 1956, during the Dartmouth Conference the the term <artificial intelligence= 

was conceived, providing the starting groundwork for the formalization of the field (Staunton 

et al., 2019). Not long after, Rosenblatt (1958) introduced the Perceptron, a simple binary 

classification model that laid the foundation for neural networks by demonstrating how 

machines could be trained to classify patterns (Rosenblatt, 1958).The second big advancements 

in this same field came in 1986 with the development of Backpropagation by Rumelhart, 

Hinton, and Williams, which allowed neural networks to adjust their weights based on errors in 

their predictions (Rumelhart, Hinton, & Williams, 1986). This made it possible to train deeper, 

more complex networks making it possible for applications in healthcare during the 1990s 

where they were used to diagnose coronary artery disease (Baxt, 1990). As computational 

capacities soared and large datasets became more accessible (Anexo 1), neural networks began 

to outperform traditional machine learning models in tasks such as image and speech 

recognition. However, processing sequential data remained a barrier. Until the the introduction 

of Long Short-Term Memory (LSTM) networks by Hochreiter and Schmidhuber in 1997, 

overcame the problem of NN <remembering= long sequences of data (Hochreiter & 

Schmidhuber, 1997). These breakthroughs reflect the processing time-series data and text of 

modern language models. The development Word2Vec in 2013, also enabled the efficient 

embedding of words into numbers, helping computers recognize similarities and differences in 

meaning more efficiently (Mikolov et al., 2013). 

 

Yet the true breakthrough in language modeling came in 2017 with the introduction of the 

Transformer model by Vaswani et al. (2017). Unlike previous NNs and LSTMs, that process 

information step by step, the Transformer uses what is called a "self-attention mechanism." 

allowing it to process all elements of a sequence simultaneously rather than sequentially. This 

innovation skyrocketed the efficiency and scalability of language models, enabling them to 

capture long-range dependencies in text more effectively, becoming the backbone of state-of- 

the-art LLMs like GPT, BERT, capable of performing tasks such as question answering and 

document classification (Vaswani et al., 2017). Following this innovation, OpenAI's GPT-3, 

launched in 2020, becoming one of the most influential LLMs, pushing the boundaries of 

natural language generation. GPT-3 was capable of producing highly coherent and contextually 

relevant text by leveraging its 175 billion parameters, demonstrating the effectiveness of large- 

scale pretraining and fine-tuning on diverse text corpora (Brown et al., 2020), and adapt to 

numerous applications beyond NLP, including medicine (Chen et al., 2023) and finance (Yang 

et al., 2023). The commercialization of LLMs followed shortly after, with the rise of open- 
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source initiatives and commercial applications in 2021. During this time, LLMs quickly spread 

to a wide range of industries, from mental health diagnostics to customer service automation, 

demonstrating the enormous potential of these models to solve practical issues. In the end, 

decades of progress in Deep Learning, Neural Networks, and Artificial Intelligence have led to 

the development of LLMs. The latest Transformer-based architectures and the early perceptron 

models are examples of how years of machine learning research and development have 

culminated in LLMs. In many fields, including mental health care, where their potential to 

analyze language and offer diagnostic support is still being fully realized, their unprecedented 

scale of text processing and generation positions them as transformative tools. 

 
 

 

Figure 1: Chronological progression of foundational events leading to LLMs, distinguished by colors: 

Neural Networks (NN) in red, Deep Learning (DL) in yellow, and Large Language Models (LLM) in 

green, Artificial Intelligence in blue. 
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2.3 Mental Health: Challenges and the Role of LLMs 

 
Mental health disorders impact approximately 970 million individuals globally and have costs 

exceeding $1 trillion each year (WHO, 2019), exceeding the economic impact of cancer, 

cardiovascular diseases, and diabetes. Given the importance of one9s psychological and 

emotional well-being, to an overall functional society, the United Nations Sustainable 

Development Goals (SDGs) (2022) recognized mental health as a significant public health 

priority. 

With this recognition challenges related to early diagnoses must be assed. Traditional 

approaches primarily rely on self-reported information and standardized tools, such as the 

Depression Anxiety and Stress Scale and the Perceived Stress Scale. Although these methods 

are validated, they exhibit subjectivity, delays in diagnosis, and dependence on patient memory, 

rendering them inadequate for early detection. Mental health conditions frequently present in 

an episodic and comorbid manner, complicating diagnosis and treatment efforts. Diagnosing 

conditions such as bipolar disorder may require up to 10 years, frequently leading to insufficient 

treatment and worsened symptoms. (Dunstan et al., 2017); (Sunderland et al., 2019) 

 
Large language models possess transformative potential to overcome the limitations of 

conventional mental health assessments through their ability to process and generate text at 

scale. These models can enhance mental health services via virtual platforms, promote early 

diagnosis, and allow for personalised treatment strategies by analysing extensive text data to 

identify patterns and insights essential for mental health professionals (Brown et al., 2020; 

Devlin et al., 2019). Examining the frequency, sentiment, and complexity of a patient's 

language can enable LLMs to identify early signs of conditions like depression or anxiety, 

thereby enhancing their utility in telemedicine. In this context, LLMs facilitate remote 

diagnostics by offering real-time insights that enhance traditional assessments. Additionally, 

LLMs improve therapeutic interventions by producing tailored responses in cognitive 

behavioural therapy (CBT) sessions, thereby reinforcing the therapeutic alliance and enhancing 

treatment outcomes (Shatte et al., 2019). This thesis examines two primary categories where 

large language models may significantly impact mental health: Clinical Applications and Data 

Analysis. The identified categories delineate the significant domains where LLMs can impact 

mental health care, either by directly aiding clinicians and patients or by analysing large datasets 

to yield meaningful insights. 
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2.3.1 Clinical Applications in Mental Health 

 
Clinical applications in the context of mental health involves the administration of diagnostic 

tools, therapeutic approaches, and use of technologies to treat mental conditions such as 

depression, anxiety, and bipolar disorder. However, there are reoccurring challenges in current 

practices, for instance delayed diagnosis, where conditions like bipolar disorder can take up to 

a decade to diagnose accurately (Hirschfeld et al., 2003). Moreover, many diagnostic methods 

often rely on self-reported data, introducing bias and subjectivity to the matter, leading to 

potential misdiagnosis (American Psychiatric Association, 2013). 

The lack of resources also strains mental health care systems, reducing the time available for 

personalized care (Rehm & Shield, 2019). Additionally, treatment adherence is a common 

challenge, as patients may not follow through with medication or therapy, leading to relapse 

and worsened symptoms (Emsley R. (2013). LLMs can have a positive influence to these issues 

by analyzing patient communication, therefore detect early signs of mental health conditions 

such as depression and anxiety, improving timely diagnosis (Torous et al., 2018). These models 

reduce subjectivity by objectively analyzing large datasets, leading to more accurate 

assessments (Devlin et al., 2018). Additionally, LLMs can be integrated into telemedicine 

platforms, providing scalable mental health support and easing the burden on clinicians 

(Munmun et al., 2023). In therapy, LLMs can offer personalized interventions, improving 

patient engagement and treatment adherence (Shatte et al., 2019). By addressing the core 

challenges of delayed diagnosis, diagnostic bias, resource constraints, and treatment adherence, 

LLMs hold the potential to significantly enhance clinical mental health care. 

 

 
2.3.2 Data Analysis in Mental Health 

 
The reviewed studies illustrate the increasing influence of Large Language Models (LLMs) in 

mental health, attributed to their capacity for analysing large datasets and providing significant 

insights. These models are revolutionising mental health care through early detection, risk 

identification, and data-driven decision-making, thereby offering essential support to clinicians 

and public health professionals. 

 
The studies analysed consistently highlight the potential of LLMs to improve early detection of 

mental health disorders. Models such as Mental-Alpaca and FLAN-T5 demonstrate significant 

accuracy in detecting early indicators of conditions including depression, anxiety, and suicidal 
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ideation. Through the analysis of linguistic markers in patient communications, these models 

can identify subtle language shifts that may indicate the onset of mental health issues, often 

revealing patterns that traditional screening methods may overlook. The capacity to deliver 

early warnings renders LLMs especially beneficial in preventive care, as prompt intervention 

can greatly enhance patient outcomes. 

 

One notable strength of LLMs identified in the studies is their capacity to integrate multimodal 

data, synthesising diverse sources including clinical records, social media activity, and real- 

time patient interactions. This approach allows LLMs to produce a more thorough 

understanding of an individual's mental health. Studies by Levkovich & Elyoseph (2023) and 

Mazumdar et al. (2024) illustrate that LLMs are capable of processing various behavioural, 

linguistic, and clinical data to provide personalised insights. This multimodal analysis enhances 

the accuracy and individualisation of mental health assessments, equipping clinicians with a 

comprehensive context for informed decision-making regarding treatment and care strategies. 

Beyond clinical applications, LLMs demonstrate potential in generating insights at the 

population level, especially in evaluating mental health trends among large cohorts. Models 

such as HeLM have been utilised to examine overarching trends in mental health data, 

providing significant insights into the manifestation of mental health conditions across various 

demographics and regions. Qi et al. (2023) investigated the capacity of LLMs to evaluate the 

mental health effects of global events, including the COVID-19 pandemic, through the analysis 

of changes in social media discourse. Population-level insights are essential for public health 

professionals, enabling the design of more effective interventions and the strategic allocation 

of resources. 

 

Large language models have demonstrated efficacy in risk assessment, especially in pinpointing 

individuals at elevated risk for mental health crises. Numerous studies, such as those conducted 

by Qi et al. (2023), demonstrate that LLMs are capable of analysing language patterns to 

identify indicators of suicidal ideation or other crises. These models enhance protection by 

identifying high-risk individuals through subtle linguistic cues, facilitating earlier interventions 

and potentially saving lives. Nonetheless, the studies indicate that although LLMs are capable 

of identifying risks, human oversight is essential, particularly in high-stakes scenarios where 

the repercussions of errors can be significant. 
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2.4 Ethical and Practical Considerations 

 
The integration of LLMs into mental health care holds ethical and practical challenges. First is 

the protection of data privacy and security due to the protective and sensitive nature of 

healthcare information. Regulations such as the Health Insurance Portability and Accountability 

Act (HIPAA) in the United States and the General Data Protection Regulation (GDPR) in the 

European Union enforce strict regulations and protocols to companies for the protection of 

patient data and the maintenance of confidentiality. HIPAA protocols include privacy and 

security measures that qualify patients to control their health information and establish 

limitations on the use and disclosure of such data. Lee and Lee (2008) illustrate that the security 

regulations of HIPAA is presented on cryptographic mechanisms in order to safeguard data 

integrity and confidentiality, thus facilitating the secure management of sensitive health 

information. Secondly, LLMs trained on large datasets have the possibility to acquire biases 

inherent to the same data, including those related to race, gender, or socioeconomic status, 

resulting in inequitable or imprecise evaluations in mental health care. If an LLM's training data 

primarily reflects a specific demographic, its performance in diagnosing or treating individuals 

from diverse backgrounds may be suboptimal, thereby worsening existing health disparities. 

To address these biases, it is essential to select training datasets meticulously, continuously 

evaluate model performance across various populations, and employ fairness-aware algorithms 

to reduce bias (Mehrabi et al., 2021).Furthermore, the management of sensitive health data is 

governed by stringent regulations, and large language models, which frequently handle 

extensive datasets, are required to adhere to legal frameworks that regulate data collection, 

processing, and storage. Failure to comply with HIPAA, GDPR, or comparable regulations may 

lead to legal consequences and could erode public confidence in AI-driven healthcare solutions 

(Dove, 2018). The increasing prevalence of LLMs in mental health care necessitates 

transparency in their application, including comprehensive documentation regarding the 

utilisation of patient data to ensure adherence to ethical and legal standards (Veale & Binns, 

2017). A significant concern is the transparency and explainability of large language models 

(LLMs). The complexity of these models can render their decision-making processes 

challenging to interpret, potentially resulting in mistrust among clinicians and patients. 

Enhancing the interpretability of models and delivering clear explanations for AI-generated 

outputs are crucial for building trust and facilitating the safe and effective integration of LLMs 

in mental health care environments (Doshi-Velez & Kim, 2017). 
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3 Methodology 

 
This study seeks to conduct a scooping review of the evidence regarding the application of 

Large Language Models (LLMs) in mental health, focussing on clinical applications and data 

analysis. The emphasis is on delineating application areas, categorising employed methods, and 

specifying sub-areas within mental health. This review aims to identify the challenges 

addressed by these models, including early detection of mental health disorders, therapeutic 

interventions, and personalised treatment planning, while assessing the value and utility of 

LLMs in these areas. 

 

The goal is to answer several key research questions: 
 
 

1. What are the primary areas of application for LLMs in mental health? 

2. How are LLMs contributing to addressing significant challenges in mental health 

care? 

3. What sub-areas of mental health care benefit the most from LLM integration? 
 

These questions guided the search for relevant literature, helping to focus the review on the 

practical utility and results demonstrated by LLMs in the field. 

 
 
 

3.1 Search Strategies 

 
A scoping review of relevant studies was conducted to examine the current applications of LLM 

systems in mental health, focussing specifically on clinical applications and data analysis, 

beginning in May 2024. This approach sought to encompass the extensive research on LLMs 

in mental health, emphasising their application in tackling particular challenges within the 

discipline. 

The investigation encompassed five databases: PubMed, IEEE Xplore, Scopus, Web of 

Science, and JMIR. The selected databases provide extensive coverage of medical, psychiatric, 

and AI-related literature, ensuring that the review addresses both technical advancements in 

LLM development and their practical applications in mental health. 
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3.1.1 Search Terms: 

 
The search strategy integrated key terms pertinent to both LLMs and mental health to ensure 

comprehensive coverage. The terminology employed comprised: 

 

Terms related to LLM include "ChatGPT." Large language models are a significant 

advancement in natural language processing within the field of artificial intelligence. These 

models utilise predictive algorithms to analyse and generate human-like text, enhancing various 

applications across multiple domains. 

Mental health terminology includes: <Mental Health,= <Psychiatry,= <Mental Illness,= 

<Depression,= <Therapeutic Interventions,= <Bipolar Disorder,= and <Schizophrenia.= 

The selected keywords aim to facilitate the identification of studies related to LLM applications 

throughout the entire range of mental health care, encompassing diagnostic tools and data- 

driven analysis. 

 

 
3.2 Selection of Studies and Criteria for Eligibility 

 
The author of this thesis conducted a selection of studies, emphasising the relevance of the 

literature regarding the application of LLMs in mental health and their role in addressing 

significant challenges within the field. The review sought to compile evidence regarding the 

utility of LLMs in clinical and data-driven contexts, focussing on their application in tasks 

including early diagnosis, treatment planning, and risk detection. 

 

The inclusion and exclusion criteria applied aimed to ensure that the selected studies provided 

relevant empirical evidence. 

 
 

Criteria for Inclusion 

 
• Research focused on clinical applications, psychiatric care, and data analysis in mental 

health aims to provide a comprehensive understanding of the discipline. 

• Research articles, preprints, and peer-reviewed papers addressing LLMs in mental 

health, clinical, or data analysis contexts, published in English from January 1, 2023, to 

August 2024, were included. 



19 

 

 

Studies conducted before 2023 were excluded due to the inadequacies of LLM models from 

that period, including GPT-2 and early iterations of GPT-3, which did not possess the requisite 

maturity, scalability, and contextual understanding for effective mental health applications. 

Previous models encountered ethical and practical constraints, such as bias, privacy issues, and 

restricted real-world efficacy in sensitive areas like mental health. Advancements in models 

such as GPT-4 in 2023 enhanced contextual understanding and ethical management of sensitive 

data, thereby increasing the viability of LLMs for clinical applications, including diagnosis and 

treatment planning. This review emphasises studies from 2023 onwards, aligning with the latest 

advancements in the field and ensuring relevance to current applications of LLMs in mental 

health care. 

Criteria for Exclusion 

 
• Editorials, opinion pieces, and studies lacking substantial evidence or empirical data 

were excluded. 

• Articles that did not provide adequate detail regarding the methodology or model 

application were excluded from the review. 

 

Due to the rapidly advancing field of LLM research, especially regarding mental health 

applications, preprints and non-peer-reviewed studies were taken into account. These studies 

frequently embody advanced developments that have not yet undergone formal publication 

processes but are essential for comprehending emerging trends in LLM applications. 

Incorporating these studies guarantees that the review reflects recent advancements and current 

discussions in the field, while also allowing for adaptability in identifying the most pertinent 

and timely evidence. 

 

 
3.3 PRISMA 

 
The study selection process followed a structured approach. The initial search across five 

databases resulted in approximately 1,000 articles. After removing duplicates, a total of 800 

unique papers were evaluated based on their titles and abstracts. Of these, 75 full-text articles 

were assessed for eligibility, with 29 studies ultimately satisfying the inclusion criteria. 

The studies were classified into two primary categories: 
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Clinical Applications: Research examining the application of LLMs in diagnosis, treatment 

planning, and therapeutic interventions within the field of mental health. 

Research on the application of LLMs in analysing extensive datasets for early detection, risk 

prediction, and the generation of comprehensive insights into mental health trends. 

The PRISMA diagram promotes transparency in the selection process and underscores the 

systematic methodology employed to include only pertinent, high-quality studies in the final 

review. 

 
3.4 Data Extraction 

 
Data extraction was conducted following a structured approach to ensure consistency and 

thoroughness. For each study, the key elements extracted included the author(s), year of 

publication, country or region, and the specific mental health case being examined. Special 

attention was given to the LLM models used, their applications within mental health settings 

(such as diagnosis, treatment recommendations, or data analysis), and the methodologies 

employed. 

The sample sizes for each study were recorded to provide context regarding the scope of the 

research. Additionally, the main findings were extracted, focusing on the effectiveness, impact, 

and broader implications of LLMs in mental health applications. The  main study designs4 

whether  experimental,  observational,  or  comparative4were  also  documented  to  provide  a 

comprehensive understanding of the methodologies used. 

Limitations of each study were carefully noted, including potential weaknesses such as small 

sample sizes or methodological challenges. Ethical concerns, such as data privacy or model 

bias, were highlighted where applicable. Finally, the authors9 recommendations were captured 

to provide insight into suggested areas for future research, while predicted trends were noted to 

outline the anticipated future directions of LLM applications in mental health. 

This structured data extraction approach allowed for the systematic gathering of relevant 

information, ensuring that the key aspects of each study were documented in alignment with 

the objectives of this thesis. 
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3.5 Qualitative Approach 

 
A comprehensive analysis of the applications of LLMs in mental health was conducted using 

qualitative methods. This approach allowed for a more nuanced understanding of the efficacy 

of LLMs in this field by examining thematic patterns and contextual insights across the selected 

studies. The qualitative analysis explored the wider implications of LLM use in mental health, 

identifying recurring themes such as the models' capacity to replicate empathy, manage 

complex psychiatric discussions, and integrate into therapeutic environments. Additionally, 

expert evaluations and subjective assessments from the studies provided valuable insights into 

the    practical    applications    and     limitations     of     LLMs     in     clinical     settings. 

This narrative synthesis offered a deeper understanding of the opportunities and challenges 

involved in implementing LLMs in mental health care. The analysis examined the ethical 

considerations, practical applications, and broader impacts of LLMs on mental health services, 

offering a well-rounded perspective on their potential contributions and limitations. 
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4 Data 
 

Table 1: Summary of the 14 selected articles from the literature on LLMs in mental health in 

Clinical Settings 
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Table 2: Summary of the 15 selected articles from the literature on LLMs in mental health in 

Data Analysis 
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Figure 2: Publications by Year and Region 
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Exhibit 1: Proposed Taxonomy of LLM Applications in Mental Health 
 
 

 

 

 

 

 

 

 
Figure 3: Taxonomy of LLM Applications in Mental Health. Legend: 

Diagnosis Support: The use of LLMs to assist in diagnosing mental health conditions by analyzing patient data and 

identifying relevant patterns. 

 

Treatment Planning: LLMs provide recommendations for personalized treatment strategies based on patient history and 

data analysis. 

 

Patient-Clinician Interaction: Enhancing communication between patients and clinicians, LLMs offer real-time session 

summaries and aid in tracking patient progress. 

 

Therapeutic Interventions: Conversational agents powered by LLMs simulate therapy, offering support and therapeutic 

advice in mental health contexts. 

 

Data Analysis in Mental Health: LLMs analyze extensive mental health datasets to identify trends and generate insights that 

aid in research and patient care. 
 

Mental Health Screening and Prediction: LLMs screen for potential mental health risks and predict the onset of disorders 

based on behavioral and linguistic data. 

 

Risk Detection: Advanced algorithms detect high-risk behavior, such as signs of suicidality or severe mental health issues. 

 

Health Data Analysis: LLMs process health data to track population health trends and assess the effectiveness of treatments. 
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Table 3: SWOT Analysis of LLMs for Clinical Applications in Mental Health 
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Table 4: SWOT Analysis of LLMs for Data Analysis in Mental Health: 
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5 Discussion 

 
5.1 Clinical Applications 

 
The studies reviewed underscore the expanding role of LLMs in clinical mental health settings, 

particularly in supporting diagnostic processes, treatment planning, patient-clinician 

communication, and therapeutic interventions. A notable strength, as highlighted in multiple 

studies, is the high diagnostic accuracy of models such as GPT-4 and Psy-LLM in identifying 

complex mental health disorders, more specifically the ability to process patient data4ranging 

from conversations to medical histories4with a level of accuracy comparable to that of human 

clinicians. For instance, studies by Franco D9Souza et al. (2023) and Sezgin et al. (2023) show 

how LLMs can effectively perform diagnostic tasks in resource-constrained environments 

where mental health professionals are not readily available, providing a scalable solution to 

address mental health challenges in underserved areas. 

Moreover, the scalability of these models presents a significant advantage. LLMs can automate 

the labor-intensive process of extracting insights from patient interactions, enabling more 

efficient screenings and facilitating broader access to mental health care globally. However, 

despite their strengths in diagnostic support, LLMs also face challenges. The SWOT analysis 

identifies inconsistent risk detection and inadequate crisis response as notable weaknesses. 

Levkovich & Elyoseph (2023) indicate that although LLMs perform well in controlled 

environments, they often struggle in real-time mental health crises. For example, ChatGPT-3.5 

has difficulty recognizing and appropriately responding to high-risk situations, such as suicidal 

ideation, where immediate and nuanced intervention is crucial. 

In the context of treatment planning, Levkovich & Elyoseph (2023) also highlight the potential 

of LLMs to generate evidence-based treatment recommendations by analyzing vast amounts of 

clinical data. These models provide valuable support for clinicians in developing personalized 

treatment plans, particularly by identifying patterns in patient histories and treatment outcomes. 

However, as the SWOT analysis notes, LLMs still fall short in capturing the emotional and 

contextual nuances essential to mental health care. Treatment plans generated by these models 

often lack the depth of understanding that human clinicians can provide, especially in 

emotionally complex or highly individualized cases. Therefore, while LLMs serve as useful 

tools in streamlining treatment planning, they should not be relied upon as standalone decision- 

makers. 
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LLMs have also been instrumental in enhancing patient-clinician interaction by summarizing 

patient sessions in real-time. This reduces the administrative burden on clinicians and allows 

them to focus more on patient care. For example, studies by Lai et al. (2024) and Sezgin et al. 

(2023) demonstrate how LLMs can offer immediate feedback during therapy sessions, thereby 

increasing the efficiency of care delivery. However, a critical limitation remains: LLMs struggle 

to interpret the emotional depth of conversations, a vital aspect of mental health care. This 

limitation raises concerns about the over-reliance on AI, as clinicians may defer too much to 

AI-generated summaries, potentially missing critical emotional cues better understood by 

human practitioners. 

In therapeutic interventions, LLMs have shown potential in providing basic mental health 

support, particularly through conversational agents. Studies by Filienko et al. (2024) and Hua 

et al. (2024) explore how LLMs simulate empathetic dialogue, offering initial mental health 

assistance, especially in underserved regions. However, the SWOT analysis emphasizes ethical 

concerns, particularly regarding simulated empathy. Although LLMs can mimic empathetic 

dialogue, this simulation often feels artificial and lacks the depth needed for more complex 

therapeutic settings. 

 
5.2 Data Analysis 

 
LLMs are also play an important role in data analysis in mental health by leveraging their ability 

to process large datasets, which is transforming mental health screening, risk detection, and 

broader data-driven analysis. As demonstrated in Table 6.2, models like Mental-Alpaca and 

FLAN-T5 have achieved high accuracy in screening and prediction tasks, outperforming 

traditional models in both speed and precision (Xu et al., 2024). These models are particularly 

effective at identifying early signs of mental health conditions, such as depression and suicidal 

ideation, often identifying subtle patterns that might be overlooked by traditional methods. 

The SWOT analysis highlights a key strength of LLMs: their ability to integrate multimodal 

data from various sources, such as behavioral, clinical, and even social media data, to offer 

more personalized mental health insights. This capability opens the door to more 

comprehensive mental health monitoring, allowing for real-time assessments of patients' 

conditions based on a wide range of inputs. However, the generalizability of LLMs across 

diverse populations remains a challenge. Studies by Levkovich & Elyoseph (2023) and 

Mazumdar et al. (2024) indicate that most models have been trained and tested on datasets from 

North America and Asia, raising concerns about their effectiveness in other regions with distinct 
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socio-cultural contexts. Ensuring the generalizability of these models to a wider range of 

populations will be critical for future research. 

Another promising application of LLMs is in risk detection, particularly in identifying 

individuals at high risk for crises like suicidal ideation. For instance, Qi et al. (2023) examines 

how LLMs can analyze communication to detect early signs of crises, such as suicidal ideation, 

thereby enabling timely interventions. However, the SWOT analysis also underscores potential 

threats posed by the use of LLMs for risk detection, particularly regarding data privacy and 

ethical concerns. The integration of these technologies into mental health care must be followed 

by rigorous data protection guidelines to safeguard patient privacy and autonomy considering 

the nature of the data being stored. Mazumdar et al. (2024) have pointed out concerns about the 

ethical implications and potential risk of using LLMs for data-driven mental health insights, 

emphasizing the need for transparency and accountability in their deployment. 

A proposed taxonomy for LLM applications in mental health is presented, considering the 

findings from the reviewed studies. This taxonomy categorizes LLM applications into two 

primary domains: Clinical Applications and Data Analysis. Within the domain of Clinical 

Applications,  there  are  four  subcategories  where  LLMS  were  utilized4Diagnosis  Support, 

Treatment Planning, Patient-Clinician Interaction, and Therapeutic Interventions. 

In the domain of Data Analysis, the studies analyzed were equally divided into four 

subcategories4 Data Analysis in Mental Health, Mental Health Screening and Prediction, Risk 

Detection, and Health Data Analysis. This structured framework offers a clear overview of how 

LLMs are currently being used in mental health care, providing a foundation for future 

developments and research in this field. The taxonomy serves as a roadmap for understanding 

the diverse roles LLMs can play in enhancing mental health services, from supporting clinicians 

in diagnostic tasks to improving data-driven insights that can inform mental health policies and 

interventions. However, it also emphasizes the need for ongoing research to address the 

challenges and ethical concerns associated with LLM deployment in clinical settings, 

particularly in relation to crisis management and data privacy. By refining and expanding upon 

this taxonomy, future studies can contribute to the broader integration of LLMs in mental health 

care, ensuring that these tools are both effective and ethically sound. 
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6 Limitations 

 
6.1 Geographic Distribution and Study Selection 

 
A key limitation of this analysis is the geographic distribution of studies (Figure 6.3). The 

studies included in this analysis were curated based on the author9s selection criteria, focusing 

on those most relevant to the objectives of this thesis. While the selected studies provide a 

useful overview of research across regions such as North America, Asia, Europe, and the 

Middle East, it is important to note that this distribution does not necessarily reflect the global 

landscape of LLM research in mental health. The selection process inherently limits the 

analysis, as certain regions or research perspectives may have been unintentionally excluded. 

Therefore, any conclusions drawn about geographic trends should be interpreted cautiously, as 

the findings are not comprehensive or fully representative of global research efforts. The 

curation of studies also introduces a potential selection bias, which may influence the 

interpretation of regional contributions to LLM research. For example, the concentration of 

studies from North America, particularly the United States, may reflect both the prominence of 

AI research in that region and the focus of this thesis, rather than a true global leadership in 

LLM-based mental health applications. This limitation must be considered when discussing the 

geographic spread of LLM research and its broader implications. 

 
6.2 Data Quality and Bias in Model Training 

 
Hua et al., (2024) and Liu et al., (2023) point out the quality and bias of the data used to train 

LLMs as significant limitation. Many LLMs, such as GPT-4 and Psy-LLM, rely on vast datasets 

that may contain inherent biases, particularly related to race, gender, socioeconomic status, or 

cultural perspectives. This can lead to skewed mental health diagnoses or biased treatment 

recommendations, particularly for underrepresented groups. 

Furthermore, the availability of high-quality datasets is constrained by data privacy regulations 

and the sensitive nature of mental health data. As discussed in the Data Analysis section, the 

success of LLMs in screening and predicting mental health conditions is closely tied to the 

comprehensiveness of the training data. Data sparsity or incomplete information can reduce the 

reliability of the models, and data privacy laws such as GDPR often limit the sharing of sensitive 

mental health data, restricting access to high-quality datasets that could improve model 

performance. 
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6.3 Methodological Constraints and Study Selection 

 
The methodology used to assess the performance of LLMs in mental health contexts introduces 

its own set of limitations. While this thesis used state-of-the-art models and performance 

metrics (e.g., F1 scores, ROUGE scores), these quantitative measures often fail to capture the 

full complexity of mental health interactions. For example, while LLMs may score highly in 

diagnosing conditions based on textual input, these metrics do not account for the emotional 

depth and contextual understanding that are essential in mental health care. In the weaknesses 

section of the SWOT analysis, describes the difficulty of the models to interpret emotional 

nuances, as well as their lack of contextual awareness which could lead to misdiagnoses or 

inappropriate treatment recommendations. Furthermore, this limitation is particularly 

concerning in high-stakes situations, such as mental health crises, where a deeper understanding 

of the patient9s emotional state is critical. Additionally, the selection of studies, including the 

decision to incorporate preprints and non-peer-reviewed research, introduces further 

limitations. While this approach enabled the inclusion of the latest advancements and emerging 

trends in LLMs for mental health, it also comes with the risk that some studies may not have 

undergone the rigorous scrutiny of peer review. As preprints represent early-stage research, 

their findings are subject to change upon formal review and could potentially introduce 

speculative results or methodological flaws into the analysis. This flexibility was necessary to 

capture the real-time evolution of the field, but it also means that some findings drawn from 

these studies may lack stability or long-term credibility. In particular, the reliance on non-peer- 

reviewed studies limits the generalizability and reliability of some of the conclusions, as these 

studies may later be revised or retracted. This limitation showcases the trade-off between 

capturing the most current developments in the field and ensuring the accuracy of the research 

used in this thesis. 

 
 
 

6.4 Ethical and Data Privacy Concerns 

 
The use of LLMs in mental health raises significant challenged regarding ethical concerns, 

particularly around data privacy and bias in clinical recommendations. One of the primary 

threats posed by LLMs in the SWOT is their potential to generate biased or inappropriate 

advice, especially when dealing with sensitive mental health cases. These biases are often 

caused by the data used to train this models, which can disproportionately affect certain 

populations, potentially leading to misdiagnoses or harmful treatment recommendations. 
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The collection and process of mental health data, which is among the most sensitive types, 

increases the risk of data privacy violations, ensuring its protection is paramount. Although 

LLMs can offer significant benefits in improving mental health outcomes, the absence of clear 

ethical frameworks or regulatory oversight increases the risk of misuse or data breaches, further 

complicating the integration of these models into clinical practice. 

 
6.5 Limitations in Crisis Management 

 
LLMs' limitations are particularly pronounced in their ability to manage mental health crises. 

As presented in Levkovich & Elyoseph, (2024), models like ChatGPT-3.5 struggle with 

recognizing and responding to high-risk situations such as suicidal ideation or severe anxiety 

attacks. This inability to effectively manage crises is a critical limitation, especially as LLMs 

are increasingly deployed in therapeutic settings. While these models can offer general support 

in low-risk scenarios, their failure to handle acute crises highlights the need for human oversight 

in all clinical applications of LLMs. Without proper escalation mechanisms or intervention 

protocols, these models pose significant risks to patient safety. 

 
 
 

6.6 Computational and Resource Constraints 

 
Finally, the computational requirements for training and deploying LLMs present another 

limitation. The development of large-scale models like GPT-4 requires significant 

computational power, which limits the accessibility of these technologies in low-resource 

regions or smaller research institutions. The high cost and resource-intensive nature of training 

LLMs also pose barriers to their widespread adoption, exacerbating inequalities in access to 

advanced mental health tools. Moreover, the fine-tuning of models for specific mental health 

applications, while necessary for improving accuracy, further increases the computational 

burden, making it difficult for regions with fewer resources to benefit from these advancements. 

While LLMs hold substantial promise for transforming mental health care, these limitations 

underscore the need for caution in their implementation. In order for these technologies to be 

deployed safely and equitably, concerns regarding data quality, bias, geographic representation, 

methodological constraints, and ethical concerns must be carefully addressed. The findings of 

this thesis provide a foundation for further research, but overcoming these limitations will be 

critical to the broader adoption and success of LLMs in global mental health systems. 
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7 Conclusions and Future Work 

 
Conclusions 

This thesis has explored the applications of Large Language Models (LLMs) in the field of 

mental health, specifically focusing on their roles in both clinical applications and data analysis. 

Through an in-depth analysis of 29 selected studies, the strengths, limitations, and ethical 

considerations surrounding the deployment of LLMs in mental health care were identified. The 

findings highlight that LLMs, such as GPT-4, Psy-LLM, and FLAN-T5, are emerging as 

powerful tools for diagnostic support, treatment planning, patient-clinician interaction, and 

mental health data analysis. These models have shown high diagnostic accuracy in identifying 

complex mental health conditions like schizophrenia and depression, positioning them as 

potential game-changers in areas with limited access to human clinicians. Moreover, the 

scalability of LLMs offers the possibility of reaching larger populations quickly and effectively, 

addressing a pressing global need for accessible mental health care. 

 
 

On the other hand, this thesis has also underlined the limitations of LLMs, especially in 

handling high-stakes mental health crises and capturing the emotional and contextual depth of 

patient conversations. While LLMs can process vast amounts of textual data and provide 

recommendations based on it, their inability to fully comprehend the nuanced emotional states 

of patients could limit their effectiveness in certain therapeutic settings. Additionally, the 

decision to rely on preprints and non-peer-reviewed studies introduces risks in terms of data 

reliability and generalizability, hence reflecting the fast-developing but still unstable nature of 

LLM research in this domain. 

 
 

The SWOT analysis aims to offer a comprehensive view of the current condition of LLMs in 

mental health, highlighting opportunities for innovation, such as improved crisis management 

algorithms and wider cultural adaptation, as well as the ethical threats, including biases in 

clinical recommendations and concerns regarding data privacy. These findings highlight the 

importance of using LLMs to enhance mental health care, but they should only be used as a 

support tool and not as a replacement for human involvement. It is crucial to maintain human 

oversight in any application of LLMs in clinical settings 
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Future Work 

While this thesis has conducted a primary fundamental examination of the uses of LLMs in 

mental health, there are many key areas that need further investigation and development in order 

to enhance the efficacy and ethical deployment of these technologies. 

Firstly, while general-purpose models like GPT-3.5 and GPT-4 offer broad capabilities, models 

that are fine-tuned specifically for mental health applications such as Psy-LLM have shown 

potential to address the unique challenges of this field. Next focus on developing LLMs that 

are capable of integrating multimodal data4such as text, audio, and behavioral cues, in order 

to improve the contextual understanding of patient interactions. This could enable more 

personalized mental health care, and address the current limitations observed when dealing with 

complex therapeutic scenarios. 

 
 

Moreover, further studies should aim to address and find solutions to the ethical challenges, 

particularly around bias and data privacy. As a way to reduce bias in LLM training, these 

models have to be trained in diverse and representative datasets, which include data from 

underrepresented populations, ensuring that results are applicable across different cultural and 

demographic contexts. Also, the continuous development and implementation of stronger data 

privacy frameworks, ensures that the sensitive nature of mental health data is safeguarded in all 

LLM applications. 

Another important direction for future work is the improvement of crisis detection capabilities 

in LLMs. Current models have shown limitations in responding appropriately to mental health 

crises, such as suicidal ideation or panic attacks. Integrating advanced crisis management 

algorithms or creating hybrid models that combine LLMs with real-time human oversight could 

significantly improve the reliability and safety of these systems in high-risk situations. 

Finally, given the resource-intensive nature of training large-scale LLMs, future research 

should explore the development of more efficient models that can be deployed in low-resource 

settings. The democratization of LLM technologies will be crucial for ensuring that 

advancements in mental health care are accessible to underserved populations, particularly in 

regions with limited technological infrastructure. 

. 
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8 Appendix 

 

 

Anexo 1: #Mcguffie, Kendal; Henderson-Sellers, Ann (2001): <Forty years of numerical climate 

modeling= Int. J. Climatol., vol. 21, 1067-1109 
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