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Abstract

Background: Mental health is emerging as an increasingly prevalent public issue, particularly within low- and middle-income
nations. Thereis an urgent need in mental health for efficient detection methods, effective treatments, affordable privacy-focused
healthcare solutions, and increased access to speciaized psychiatrists. The emergence and rapid development of large language
models (LLMs) have been leveraged to address these mental health demands. However, a comprehensive review summarizing
the applications, processes, and performance of LLMs in mental health has been lacking up until now.

Objective: To summarize the applications of LLMs in mental health, encompassing trends, research areas, performance
comparisons, and prospective future directions.

Methods: A scoping review was conducted to map the landscape of LLM applications in mental health, including trends,
application domains, comparative performances, and future trajectories. We conducted a search across seven electronic
databases, including Web of Science, PubMed, Cochrane Library, IEEE Xplore, Weipu, CNKI, and WanFang, from January 1,
2019, to August 31, 2024. Subsequent data-charting of eligible articles extracted relevant information on application aspects and
performance metrics.

Results: A total of 95 articles were included, drawn from 4,544 studies, employing LLMs for mental health tasks. The
applications were categorized into three key areas: screening and detection of mental disorders (n = 67), support for clinical
treatments and interventions (n = 31), and assisting in mental health counseling and education (n = 11). The majority of studies
utilized LLMs for depression detection and classification (34-7%), clinical treatment support and intervention (14-7%), and
suicide risk prediction (12:6%). In comparison with non-transformer models and human experts, LLMs demonstrate superior
capabilities in information acquisition and analysis, generating natural-language responses, and addressing complex reasoning
problems. Assessments of LLM performances indicate that the majority of LLMs exhibit efficiency and promise in addressing
mental health tasks.

Conclusions: This scoping review synthesizes the applications, processes, and performances of LLMs within the mental health
field. These findings highlight the substantial potential of LLMs to augment mental health research, diagnostics, and intervention
strategies, underscoring the imperative for ongoing development and ethical deliberationin clinical settings.
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The Applications of Large Language Models in Mental Health: A
Scoping Review

Abstract

Background: Mental health is emerging as an increasingly prevalent public issue, particularly within
low- and middle-income nations. There is an urgent need in mental health for efficient detection
methods, effective treatments, affordable privacy-focused healthcare solutions, and increased access
to specialized psychiatrists. The emergence and rapid development of large language models (LLMs)
have been leveraged to address these mental health demands. However, a comprehensive review
summarizing the applications, processes, and performance of LLMs in mental health has been
lacking up until now.

Objective: To summarize the applications of LLMs in mental health, encompassing trends, research
areas, performance comparisons, and prospective future directions.

Methods: A scoping review was conducted to map the landscape of LLM applications in mental
health, including trends, application domains, comparative performances, and future trajectories. We
conducted a search across seven electronic databases, including Web of Science, PubMed, Cochrane
Library, IEEE Xplore, Weipu, CNKI, and WanFang, from January 1, 2019, to August 31, 2024.
Subsequent data-charting of eligible articles extracted relevant information on application aspects
and performance metrics.

Results: A total of 95 articles were included, drawn from 4,544 studies, employing LLMs for mental
health tasks. The applications were categorized into three key areas: screening and detection of
mental disorders (n = 67), support for clinical treatments and interventions (n = 31), and assisting in
mental health counseling and education (n = 11). The majority of studies utilized LLMs for
depression detection and classification (34-7%), clinical treatment support and intervention (14-7%),
and suicide risk prediction (12:6%). In comparison with non-transformer models and human experts,
LLMs demonstrate superior capabilities in information acquisition and analysis, generating natural-
language responses, and addressing complex reasoning problems. Assessments of LLM
performances indicate that the majority of LLMs exhibit efficiency and promise in addressing mental
health tasks.

Conclusions: This scoping review synthesizes the applications, processes, and performances of
LLMs within the mental health field. These findings highlight the substantial potential of LLMs to
augment mental health research, diagnostics, and intervention strategies, underscoring the imperative
for ongoing development and ethical deliberation in clinical settings.

Keywords: Mental health; Large Language Models; Application; Process; Performance;
Comparison.

Introduction

Mental health is a growing global public issue, impacting nearly a billion people worldwide, with an
estimated one in seven adolescents affected.” > Nevertheless, more than 70% of individuals with
mental health disorders are without access to essential support and services.? Furthermore, more than
720,000 people commit suicide annually, with nearly three-quarters of these suicides occurring in
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low- and middle-income countries.* Consequently, there is an urgent need in mental health to
facilitate efficient detection from large-scale data, deliver effective treatments and interventions to
large populations, and ensure private, affordable healthcare and increased access to specialized
psychiatrists in low-income regions. To address inadequate access to effective and equitable mental
health care, large-scale, innovative solutions are imperative.

Large language models (LLMs), emerging in 2022, are advanced natural language processing (NLP)
models capable of analyzing vast textual data and generating human-like language.® Notable LLMs
like GPT-3/4,° PaL.M,” and LLaMA,? constitute a category of foundational models, each with billions
of parameters, trained on extensive textual data.’ Utilizing the Transformer architecture and self-
supervised pre-training, LLMs are adept at tackling a variety of NLP tasks, including information
extraction, interaction, content generation, and logical reasoning.”’ In comparison to prior NLP
models,"> ' LLMs exhibit superior performance in computational efficiency, large-scale data
analyses, interaction, and external validity and applicability.” Furthermore, LLMs can be fine-tuned
to cater to specific domains, including mental health, thereby empowering them to engage in natural
language interactions and accomplish mental health-related tasks. LLMs would help address
insufficient mental healthcare system capacity, and provide efficient or personalized treatments.
Therefore, the application of LL.Ms within mental health is expanding across diverse domains."*"°
Researchers have explored the applications of LLMs in mental health in various areas, encompassing
screening or detecting mental disorders,'”" supporting the clinical treatments and interventions,***
and assisting in mental health education.'” *> ** ?* Nonetheless, no comprehensive review has yet
synthesized these applications, assessed the performance of LLMs, or elucidated their advantages
within the mental health domain. Therefore, we conducted this scoping review to address four
questions. Firstly, we identified the challenges in mental health and compared the processes adopted
by humans, Non-Transformer models, and LLMs. Secondly, we summarized the main areas of
LLMs’ applications and presented specific processes of these applications. Thirdly, we examined
comparative performance studies between LLMs and humans, as well as among different LLMs.
Finally, we presented the fine-tuning of LLMs for mental health, which could be directly employed
by researchers and psychiatrists. This review aims to furnish a foundational understanding of LLM
applications in mental health and offer a road map for future research and clinical practice.

Methods
Protocol registration

We drafted the study protocol based on the relevant items from the scoping review extension of the
PRISMA guideline (PRISMA-ScR) (Supplementary Table S1). The final protocol was registered
prospectively in the Open Science Framework (https: //osf.io/cxvwy).

Search strategy and selection criteria

A scoping review is a preliminary systematic review that aims to map the existing evidence on a
specific topic or field of research.25 It provides a broad overview of the literature by identifying the
nature and extent of existing research, including types of studies, variables, and gaps in the evidence
base.26 This approach is particularly useful when the body of evidence is large or diverse, or when
there is a need to understand the scope of a research area before conducting a more focused
systematic review.

This scoping review followed the five-stage framework: (i) identifying the research question; (ii)
identifying relevant studies; (iii) study selection; (iv) charting the data; (v) collating, summarizing,
and reporting the results. The search terms for mental health include: “psychiatr*”, “mental”,
“psycholog*”, “depress*”, v«

13

anxiety”, “posttraumatic stress disorder”, “PTSD”, "bipolar disorder",
“schizophrenia”, “obsessive-compulsive disorder”, “personality disorder”, and “insomnia”. The

https://preprints.jmir.org/preprint/69284 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jneta

keywords and search terms for LLMs in mental health include: “large language model”, “language
*model”, “pretrained model”, “language processing”, “OpenAl language model”, “generative Al”,
“generative artificial intelligence”, “Al Chatbot”, “embedding”, “BERT”, “GPT”.

We searched five English-language databases (Web of Science, PubMed, Cochrane Library, and
IEEE Xplore) and three Chinese-language databases (Weipu, CNKI, and Wanfang) for peer-reviewed
articles published between January 1, 2019 and August 31, 2024. We only included papers in
Chinese published in high-quality journals (i.e., Chinese Core Journals). To find other possibly
relevant studies and reports that were missed by the automated searches, the reference lists of the
included articles and reports were examined.

All studies meeting the following criteria were included in the current review: (i) studies focused on
the applications of LLMs in mental health fields; (ii) the LLMs included but not limited to GPT-3/4,
ChatGPT, PaLM, LLaMA, and the improved and fine-tuned LLMs; (iii) published in peer-reviewed
journals. The general exclusion criteria were: (i) Not focused on mental health or mental disorders;
(ii) Not a peer-reviewed research article or review.

The first round of screening was based on titles, keywords, and abstracts. The second round of
review was based on the full text of potentially eligible papers and involved the peer-reviewed
articles that met the inclusion and exclusion criteria. Six independent researchers (LJY, LP, WBS,
YYXY, ZHL, and NCH) conducted both screening and full-text review. Disagreements were
discussed with third reviewers (JY and WYY) until a consensus was reached. The search terms for
English-language and Chinese-language databases are shown in the Supplementary Tables S2 and
S3.

Data extraction, categorization, and labeling

The excluded studies and the final data-collection form used for peer-reviewed articles are shown in
Supplementary Table S4 and Table 1. Six researchers (LJY, LP, WBS, YYXY, ZHL, and NCH)
independently extracted and double-checked the data items from each included study. The
information of each study included category, region, application task, mental condition, data source,
sample information, and applied models (Table 1).

At least one reviewer categorized each study manually, by examining the title and abstract to assign
categories. The methods and results sections were examined for categories when the studies’
categories could not be divided. For this scoping review, we developed a categorization framework
based on the applications of LLMs in mental health: (i) the screening or detection of mental
disorders; (ii) supporting the clinical treatments and interventions; (iii) assisting in mental health
counseling and education.

Statistical Analysis

Descriptive statistics were used to summarize the distribution of studies across different application
areas. For each application task, we calculated frequencies and percentages. For the performance
comparisons between humans and LLMs, and between various LLMs, we collected the metrics
results and plotted them. Calculations and data-charting were performed using R software version
4-4-2 and Canva software.

Results

The initial search was 3,432 records, of which 430 duplicates were removed. Of the remaining 3,002
records, 2736 records were removed due to the irrelevant contents. After the full-text screening, 95
articles fulfilled the inclusion criteria (Fig. 1). Table 1 demonstrates the basic information of each
study, including category, region, application task, mental condition, data source, sample
information, and applied models.
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Comparisons between LLMs, non-transformer models, and humans

The current challenges in mental health fields include difficulty in efficient mental disorders
detection from large-scale data, effective treatment or intervention for large populations, private and
low-cost healthcare, demand for professional psychiatrists, and so on. Compared with non-
transformer models and humans, LLMs present superior capabilities in efficient parallel computing,
textual generation, and fine-tuned tasks. Therefore, they could be applied in mental disorders
detection or prediction, clinical treatment assistance, preliminarily medical care, and educational
materials generation based on the datasets from social media platforms, electronic medical records
(EMR), and counseling records. (Fig. 2).

Categorization of studies based on mental health applications

We categorized studies in terms of the applications of LLMs in the mental health field. These
applications could be divided into three categories: the screening or detection of mental disorders (n
= 67), supporting the clinical treatments and intervention (n = 31), and assisting in mental health
counseling and education (n = 11) (Supplementary Tables S5). Each study was categorized with 1 or
more applications, thus the percentages sum to more than 100%. Most studies applied LLMs for
depression detection and classification (34-7%), supporting clinical treatments and interventions
(14-7%), and suicide risk prediction (12:6%) (Supplementary Tables S5). These studies used data
from social media platforms like Reddit, Twitter, Facebook, and Weibo, or clinical datasets (Distress
Analysis Interview Corpus-Wizard of Oz (DAIC-WOZ), Extended DAIC (E-DAIC)), as well as
semi-structured interviews from hospitals. When evaluating the performance of these LLMs, most
studies measured the performance of LLMs with various metrics, such as F1 score (56-3%),
precision (35-4%), accuracy (46-9%), recall (33-3%).

The number of studies mapped by countries is presented in Fig. 3a. The number of included studies
increased year on year, and this trend is shown in Fig.3b. The first application area, mainly focused
on depression detection and classification, suicide risk prediction, other mental disorders, and
sentiment analysis (Fig. 3c). These studies applied basic LLMs or fine-tuned LLMs to detect or
predict depression, suicide risk and other mental disorders (such as anxiety, obsessive-compulsive
disorder (OCD), post-traumatic stress disorder (PTSD)). The detailed process for these applications
of LLMs is presented in Fig. 3c.

In the second application area, most studies explored the capability of LLMs in supporting clinical
treatments and interventions, developing conversational virtual humans, and augmenting unbalanced
clinical data. These studies applied LLMs to provide treatment advice, assist diagnostic services, and
assess prognosis through a question-answering approach. The performance of LLMs was evaluated
by professional clinicians and compared with the related performance of humans. Three studies also
applied LLMs to develop conversational virtual humans to elicit emotion. Furthermore, to address
the imbalance of clinical data and enhance diagnosis and treatment, LLMs could augment clinical
data and targeted dialogues in safe and stable ways.

Moreover, LL.Ms have been applied in mental health counseling by developing conversational agents
or chatbots,”*° and educational resource supplements. *"** These results showed that the introduction
of any interaction (video or chatbot) improved intent to practice and overall experience compared to
the baseline.®® Furthermore, LLMs showed the potential to generate educational materials for
training.

Performance comparisons between LLMs and humans, and between
various LLMs

Several studies compared the performance between humans and LLMs, the total metrics results of
performance were displayed in Supplementary Table S6. Fig. 4 (part a) presents the results of three
studies on OCD identification, chatbot efficiency, and treatment support. According to these results,
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most LLMs showed efficient and promising performance for mental health tasks. Several LLMs such
as ChatGPT-4, Claude, and Bard aligned closely with mental health professionals' perspectives.'” >
23, 24

Fig. 4 (parts b and c) shows the comparisons of model performance between different LLMs in
mental disorder diagnosis, clinical treatment assistance, and depression detection and classification.
These results found that the latest LLMs (e.g., ChatGPT) perform better than traditional and previous
models. The total results were collected in Supplementary Table S7.

Existing fine-tuned LLMs for mental health

Table 2 provides the fine-tuned LLMs for mental health, including availability, base models, the
number of parameters, training strategy, and published year. These fine-tuned LLMs could be applied
specifically for mental health tasks.

Common advantages and disadvantages

Fig. 5 summarizes the common advantages and disadvantages of LLMs in mental health. These
LLMs could be divided into BERT series, GPT series, LLaMA series, and others. The common
strengths of BERT series models are helpful for fine-tuning specific mental health issues. However,
the BERT series models require large computational resources. The ChatGPT series models can
conduct multi-round dialog, even based on small-sample learning. Nevertheless, the accuracy of
ChatGPT models should be improved. Furthermore, GPT-4 could receive multimodal data and show
more powerful performance in comprehension and generation. As for the LLAMA series models,
they are open source for the public, and beneficial for interactive applications, although their
complex task performance is inferior to large-scale proprietary models.

Discussion

With the rapid development of LLMs, their extensive natural language generation capabilities enable
them to be widely applied in mental health. To our knowledge, this is the first scoping review to
explore the applications of LLMs, summarize the process of these applications, and discover the
comparative studies between humans and LLMs in mental health. We compared the processes and
advantages between LLMs, non-transformer models, and humans. The superior performance of
LLMs explains the increasing number of LLMs’ applications in the mental health arena. Following a
systematic categorization of existing studies based on their areas of application, we further delved
into comparative performance studies between LLMs and human counterparts. Concluding our
review, we synthesized the fine-tuning practices of LLMs for mental health, offering insights that are
readily applicable to future researchers and psychiatrists.

Compared to non-transformer models and humans, LLMs demonstrate superior capabilities in
information acquisition, analysis, and the generation of professional responses, particularly when
addressing complex reasoning problems. These enhanced capabilities position LL.Ms as potent tools
for the detection and prediction of mental disorders through the analysis of extensive datasets,
including social media content,34-36 electronic health records,21, 37 and counseling notes.38, 39
Their application in treatment and intervention is especially noteworthy. LLMs could conceivably
quickly assimilate patient clinical records, summarize treatment sessions, and support diagnoses for
mental disorders. This potential not only streamlines the workflow for patients and mental health
care systems but also saves considerable time and resources. Based on the information interaction
and generation ability, LLMs can be instrumental in the development of chatbots designed for initial
medical consultation and emotional support. Such applications are helpful in offering discreet and
affordable healthcare solutions to individuals who, due to stigma or financial constraints, are
reluctant to seek assistance for mental health issues.

https://preprints.jmir.org/preprint/69284 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jneta

In this scoping review, most studies applied LLMs in detecting depression and suicidal risk.40-50
These studies have demonstrated the potential of LLMs like MentalL.LaMA,34 PsychBERT,51
RoBERTa,52 and ChatGPT-4,53 in detecting and identifying mental disorders from social media
platforms and clinical datasets. These models have been trained to recognize depression and
recommend evidence-based treatments, with some, like ChatGPT-4 and Claude, closely aligning
with the perspectives of mental health professionals.20 Furthermore, the integration of linguistic
features and the appending of mental disorders’ background information have been shown to enhance
classification performance and calibration of these LLMs.17, 23, 54, 55 LLMs perform comparably
to experienced clinicians in identifying suicide ideation (SI) risk, with the addition of suicide attempt
history enhancing sensitivity. ChatGPT-4 has demonstrated superior performance over ChatGPT-3.5
in recognizing SI, despite a tendency to underestimate resilience.56 Other studies showed that the
usage of LLMs produced effective strategies for predicting suicidal risk with sparsely labeled
data.23, 54 This efficiency in labeling and analysis of large datasets is a significant advancement
over previous methods, which were often hindered by the requirement of manual annotation and
consequently limited by small sample sizes or finite datasets.

Due to their efficient ability to acquire information and generate human-like language, LLMs can
help clinicians deliver preliminary and timely care,14 provide treatment guidelines, augment
unbalanced clinical datasets,28-30, 57 and assist in the training of professionals. LLMs have shown
potential in assisting with Cognitive Behavioral Therapy (CBT) tasks, such as reframing unhelpful
thoughts and identifying cognitive biases.53 Mental disorders’ knowledge-enhanced pre-training
schemes for LLMs, aim to reduce regional disparities in healthcare and deliver tailored diagnostic
and therapeutic services.20-22 Furthermore, In the diagnosis of PTSD 15, LLM-augmented datasets
have shown improved performance over original datasets, with both zero-shot and few-shot
approaches outperforming the original dataset, highlighting the effectiveness of LLMs in enhancing
diagnostic accuracy with minimal additional data. According to the results of performance
comparisons, LLMs present similar performance as professionals and may even surpass
physicians.22 These results demonstrate the potential of LLMs in clinical assistance and support.
However, when exploring the quality of LLMs’ query responses and educational health materials,
several studies suggested that GPT-4 is currently unreliable enough for direct-consumer queries
although it has good face validity.32 Therefore, the outputs by LLMs for educational health require
cautious human editing and oversight. These findings underscore the growing importance of LLMs
in mental health research and practice, offering new avenues for early detection, risk assessment, and
intervention strategies. As these models continue to evolve, their role in mental health support is
likely to expand, with a focus on enhancing accuracy, sensitivity, and ethical considerations in
clinical implementation.

In the future, the application trend of LLMs in mental health is expected to continue to rise, and the
aspects of their application will be broader. Initial, most studies based on the LLMs with textual data,
multimodal data such as pictures, videos, and sounds also could be integrated with multimodal
LLMs. Various data types might further improve the performance of mental disorders detection and
identification. Several studies have explored multimodal LLMs in mental health research.58, 59
Moreover, existing studies mainly focus on depression and suicidality; more mental disorders should
be investigated with LLMs, especially for rare mental disorders such as borderline personality
disorder and bipolar disorder. The applications of LLMs in treatments, interventions, and preliminary
care would be beneficial for these patients. Furthermore, although several studies have developed the
chatbot for early mental disorders detection or intervention, more exploration should be conducted to
improve the accuracy and robustness of LLMs. In addition, it is important to provide open-resource
and fine-tuned LLMs for mental health, especially for low- and middle-income countries.

Although LLMs show great performance in various applications in mental health, several areas of
LLMs should be improved. First, there is a need for more high-quality, diverse, and representative
datasets to train LLMs for mental health applications, ensuring that the models can understand and
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respond to a wide range of mental health-related queries and scenarios. Second, while LLMs can
generate coherent and contextually appropriate responses, they still lag behind human performance
in terms of empathy and emotional intelligence, which are crucial in mental health support. Third,
LLMs need to improve their ability to reason and understand the context and nuances of mental
health dialogues, which often require a deep understanding of human emotions and psychological
states. Finally, it is important to establish standards for privacy, safety, and ethical considerations
when LLMs process sensitive personal and health information. Several studies underscore the risk of
sensitive data exposure and emphasize the prevention of harmful content generation.60, 61 Future
advancements depend on collaborative efforts to refine technology, develop standardized
evaluations, and ensure ethical applications, aiming to realize LLMs’ full potential in supporting
mental health care.

Although this is the first scoping review of the applications of LLMs in mental health, several
limitations should be considered. First, there is an absence of assessment of the risk of bias due to the
unique nature of these included studies. Moreover, we cannot perform a meta-analysis due to the
diversity of methods and tasks in the included studies. Second, with the rapid development of LLM:s,
the results of comparative studies would be cautious. The performance of these LLMs may have
significantly improved. Third, the pre-print studies (e.g., from arXiv and medRxiv platforms) were
not included in this review due to the lack of peer review, though they were published recently.
Finally, we searched for studies in English and Chinese, studies in other languages were not included
in this review, which might cause some bias.
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Fig. 1: PRISMA flowchart of studies identified for inclusion in the scoping review about applications

of LLMs in mental health.
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Fig. 2: The current challenges of mental health fields, comparisons between LLMs and non-

transformer models, and LLMs.

Challenges in Mental Health

Lack of effective treatment or o IZ)T::; z;z:l:\z;er:?:r

i i ions @LLZ
| intervention for large populations ik

=1

."® Lack of efficient detection
from large-scale data

Insufficient professional
psychiatrists in low-
income countries

4 4 4

4

Applications of LLMs

& - Menta_l <li|sorf1ers det-eclhon ’ CI|n|ca'l trleatr"nent asgstance =0 chatbot development Educatpnal matgr@ls
& suicidal risk prediction gy & preliminarily medical care  , =, generation for training
XY Process Comparisons
Inputs S Outputs
@ @ @ Pre-Training Fine-Tuning
. - [ ] = [ b
. O
r i 1 o
Tokenlization -, Py — o
| | L g o
Social S - ' Largi;z::m Sm:!rl:::bd Detections and
media classifications
platforms « Parallel processing massive data « Capture important information « Strong generalization ability of mental
« High computational efficiency « Processing information efficiently ~ « Fine-tune for mental health disorders
Non-Transformer models
2 ‘|j feel anxious [ Hidden Layer | \‘9
B m \
Electronic é ! (l) EE i Medical advi
Madical éaﬁ— &]H " edica a'vm(le
records T 1 I and emotiona
(EMR) ® ® O support
« Word-by-word processing « Limited in processing large textual data « Less adaptable and flexible
. Low computational efficiency . Poor long-context understanding « Poor generalization ability
»
(‘ a8 ’
- 7
=G °g° 0
t'. Educational
Counseling " @ materials
records TR T ini
for training
Information acceptance Cognitive processing Decision-making Behavior
ke
Comparisons
LLMs Non-Transformer Models Humans

« Low computational efficiency
« Poor long-textual understanding
- Poor generalization ability

« Trained from massive data
« High computational efficiency
« Capture important information efficiently

« Show creativity and emotional intelligence
« Limited memory and processing speed
. Susceptible to fatigue, error,

and bias

. Strong generalization ability

- Unstable outputs - Require significant training and experience

https://preprints.jmir.org/preprint/69284

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Jneta

Fig. 3: Trend and applications of LLMs in mental health.
a) Number of studies mapped by countries; b) The trend of included studies published per year; c)
The framework of three application categories of LLMs.
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Table 1. The basic information of included studies (n = 95).
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g Basic information Data information Models
g Study Region Application Mental condition Data source Sample information Models
24 Singapore Analysis Depression, PTSD Reddit, SMS, Twitter, MHI dataset 105,000 data samples MentaLLaMA
51 United States Detection Depression, anxiety, SI, etc. Reddit & Twitter Conversations PsychBERT
35 United States Detection Depression Twitter Twitter users with depression/2,575 Tweets BERT, RoBERTa, & XL Net
62 Germany Detection Depression E-DAIC 275 participants DepRoBERTa
20 Israel Prognosis Depression Case vignettes, Previous studies 1,074 experts GPT-3.5, GPT-4, Claude & Bard
63 United States Detection Depression DAIC-WOZ, Extended-DAIC & Simulated data DAIC-WOZ, Extended-DAIC/122 with depression BERT, GPT-3.5 & GPT-4
46 China Detection Depression & Suicide Dialogues from real-life scenarios Depression (64) & Anxiety (75) GPT-3.5
50 Malaysia Detection Depression Interviews, Facebook, Reddit & Twitter 53 participants/11 with depression GPT-3 (ADA model)
A4 China Prediction Depression Weibo With depression labels/13,993 microblogs BERT, RoBERTa & XLNET
49 United States Detection Depression Twitter (sentiment dataset) 632,000 tweets RoBERTa, DeBERTa, DistilBERT &
48 China Detection Depression DAIC-WOZ 189 participants BERT
g a5 Canada Detection Depression DTR dataset Tweets: 42,691, 6,077 (DTR) Mental-BERT
?] 66 United Kingdom Detection Depression RSDD, RSDD-Time Posts (9,210 depressed users) ALBERT,BioBERT,Longformer,MentalB
%a A7 Switzerland Classification Depression DAIC-WOZ Respondents with depression labels BERT, RoBERTa, DistilBERT
% 26 India Detection Depression Twitter 189 interviews BERT with multimodal frameworks
E 45 Malaysia Detection Depression Scraped and Survey PHQ-9 250 users BERT
E 68 Netherlands Detection Depression Clinical data (16,159 patients) Survey PHQ-9, Scraped DistilBERT
% 69 Greece Detection Stress & Depression Dreaddit dataset 16,159 patients M-BERT,M-MentalBERT
= 24 United States Prediction Stress & Depression Dreaddit, CSSRS-Suicide, etc. 3,553 posts Mental-Alpaca , Mental-FLAN-T5
: 70 United States Responses PPD ACOG, PPD 14 questions GPT-4, LaMDA
g4 7 Israel Evaluations Depression Clinical Vignettes 14 questions GPT-3.5, GPT-4
5 72 United States Screening Depression DAIC-WOZ Diagnosed with depression/8 vignettes AudiBERT (I, II, I1T)
73 Canada Assessment Depression DAIC-WOZ 15 thematic datasets Prefix-tuned RoOBERTa
74 India Detection Depression Reddit (mental health corpus, depression) 189 subjects RoBERTa
43 United Arab Detection Depression E-DAIC 7,650 unique entries BERT-based custom classifier
75 Iran Prediction Depression Autodep dataset (Twitter) 219 samples & 20 real participants DBUFS2E, BBU, MBBU & DRB
76 United States Classification Depression GLOBEM dataset Collection of passive sensing/Tweets & bio- GPT-3.5, GPT-4 & PaLM2
42 China Detection Depression DAIC-WOZ Respondents with depression labels BERT
77 Russia Detection Depression DAIC-WOZ Respondents with depression labels BERT, MentalBERT, MentalRoBERTa,
78 China Diagnosis Depression Labeled text data NR DepGPT
47 United States Detection Depression DAIC, E-DAIC, EATD Non-depression and depression/DAIC, E-DAIC, BERT, RoBERTa
a4 Canada Prediction Depression, ADHD, anxiety Reddit 2,514 users’ posts/167,444 clinical posts, 2,987,780 BERT, ROBERTA, Open Al GPT, GPT 2
79 South Korea Detection Depression Mind station app data 428 diaries GPT-3.5, GPT-4
17 United States Prediction SI Brightside Telehealth platform 460 (ST at intake, ST later, without ST) GPT-4
hitps:77preprints.| mir.org/preprint69284
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34 Singapore Analysis Depression, PTSD Reddit, SMS, Twitter, MHI dataset 105,000 data samples MentaLLaMA
24 United States Prediction Stress, depression Dreaddit, CSSRS-Suicide, etc. 3,553 posts Mental-Alpaca , Mental-FLAN-T5
a0 Canada Detection SI UMD dataset , LLM Svnthetic datasets Over 100,000 posts & comments BERT
54 Canada Classification Suicide Reachout.com Forum Posts, UMD Reddit dataset Posts in /r/SuicideWatch on Reddit/1,588 labeled GPT-1
Y 55 Israel Assessment Suicide Professional Mental Health Assessments 4 vignettes GPT-3.5, GPT-4
g 51 United States Detection Depression. anxiety Reddit & Twitter 148.700 Conversations PsychBERT
“ 23 Austria Detection Suicide Twitter 3,202 English tweets BERT, XLNet
81 Brazil Detection Suicidal ideation Twitter suicide-related text/5,699 tweets Boamente
8 China Classification Suicide Microblog User data (ZouFan comments) 4,500 pieces knowledge-perception BERT model
a3 United States Detection Suicide Reddit (SuicideWatch section) 11 depressive & 42 /non-depressive/2.9 million posts BERT
40 Morocco Detection Suicide Reddit Suicide & non-suicide content/232,074 posts GPT, BERT
60 United States Diagnosis 0OCD Clinical Vignettes OCD vignettes GPT-4, Gemini Pro & Llama 3
34 Singapore Analysis Depression, PTSD Reddit, SMS, Twitter, MHI dataset 105,000 data samples MentalL.L.aMA
51 United States Detection Depression, anxiety Reddit & Twitter 148,700 conversations PsychBERT
69 Greece Detection Stress & Depression Dreaddit dataset 16,159 patients M-BERT,M-MentalBERT
24 United States Prediction Stress, depression Dreaddit, CSSRS-Suicide, etc. 3,553 posts Mental-Alpaca , Mental-FLAN-T5
84 Israel Diagnosis BPD & SPD Emotional scenarios (20 cases) 20 scenarios GPT-3.5
a5 United States Rating Emotion Psychotherapy transcripts, Interrater dataset 97,497 ratings BERT
86 China Extraction Psvchiatric disorder Clinical notes (12,006 records) Human/12,006 anonymous clinical notes BERT
g 87 China Screening SCZ, BPD, MDD, DD EHRs 500 EHRs BERT, ROBERTa, DistilBERT &
§1 88 Iran Diagnosis Depression, OCD GAD, DSMS-5 based case scenarios 13 case scenarios GPT-3.5, GPT-4, AYA & Nemotron-3-8B
3 89 United States Text analysis Sentiment Tweets, News Annotated by human/47,925 tweets & news headlines GPT3.5 Turbo, GPT4 & GPT4 Turbo
; 0 United States Sentiment Sentiment Multiple sources tokens OPT, GPT-3.5, BERT
g 91 United States Classification Emotion and sentiment Social media 417,423 & 1,176,509 samples EmoBERTTiny
g @ United States Emotion Depression SCPQ (Stress & Coping Process Questionnaire) 100 non-student adults Text-davinci-003, GPT-3.5, GPT-4
93 India Identification Emotion GoEmotions dataset, Twitter dataset 27 different emotion categories/Comments & tweets mobileBERT
59 Iran Diagnosis Mental health disease Clinical Cases selected by a medical expert/20 cases GPT-3.5, GPT-4, Nemotron & Avya
94 Israel Emotion Emotion RMET and LEAS 36 photos & 20 questions GPT-4, Bard
95 United States Classification Psychotherapy Smart home images 7 different environents/10,767 images GPT-4
41 India Detection Stress, depression suicide Reddit, Twitter Stress, Depression, Suicide GPT-2, GPT-Neo-125M
52 India Detection Stress, anxiety Reddit 3,553 labeled posts RoBERTa, XL Net
96 Canada Screening GAD Prolific platform data 2,000 participants Longformer
61 China Prediction Mental disorder Kaggle 16,950 categories/41,851 reviews Mental BERT
27 United States Screening General mental health issues EHRSs. Clinical notes 2.476.628 patients/290.482.002 clinical notes GatorTron
53 United Kingdom Therapy Anxiety Therapist-written Thoughts 20 tasks at each of 3 stages GPT-4, Bard
97 United Kingdom Questionnaires Depression, anxiety & C19PRC study data 2,058 adults Sentence-BERT
98 Australia Diagnosis Various psychiatric Clinical case vignettes 100 cases GPT-3.5
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99 China Diagnosis Depression MedDialog, Metal Real, etc. NR LLaMA, ChatGLM & Alpaca
100 United States Analysis Psychoactive experiences Erowid, PDSP-Ki dataset 11,816 testimonials BERTowid, BERTiment & CCA
15 Canada Diagnosis PTSD E-DAIC dataset, ChatGPT-generated Transcripts severe depression & PTSD/219 participants GPT-3.5-turbo
20 Israel Assessment Depression Case vignettes, Previous Studies 1,074 experts GPT-3.5, GPT-4, Claude & Bard
21 United States Disorder Bipolar depression EHR-based generated data 50 sets of clinical vignettes GPT-4
:.E 38 China Counseling Stress, LGBTQ issues, etc. Consultation Websites, Weibo, Zhihu 31 unique questions ChatGLM, ERNIE Bota & Qianwen
E 18 South Korea Therapy ADHD, dementia USPTO Patent data 8,656 patients & 205 DTx patents BERTopic, PatentSBERTa
g 101 India Prediction Stress, anxiety Survey dataset 41,000 entries Gemini
3 39 United States Counseling NR Mental CLOUDS dataset 11,543 utterances BART, T5, GPT Series, Phi-2,
c 16 United States Detection CB-PTSD Participant narratives 1,295 narratives GPT-3.5-turbo
E 102 Spain Emotion General emotional states Virtual human conversations 64 participants GPT-3
= 57 United States Evaluation Depression & Suicide Human made 25 conversational agents GPT-3.5
3 20 Israel Assessment Depression Case vignettes, Previous Studies 2 vignettes differed in gender GPT-3.5, GPT-4, Claude & Bard
E 43 United Arab Detection Depression E-DAIC dataset 219 samples & 20 real participants/219 E-DAIC BERT-based custom classifier
2 22 China Chatbots Autistic DXY platform (medical consultation data) 100 consultation samples GPT-4, ERNIE Bot
103 Germany Therapy ADHD NR NR GPT3.5, GPT-4 Turbo, & Claude-3 Opus
104 Poland Sentiment Mental health CORTEX and Polish Common Crawl Sentences & web pages GPT-3.5
105 United States Detection Loneliness & suicide Survey data 1,006 users of Replika Replika
1068 Canada Augmentation PTSD E-DAIC dataset, generated data 219 interview records CALLM, GPT-4, DistilBERT, BERT
15 Canada Diagnosis PTSD E-DAIC dataset, ChatGPT-generated Transcripts Severe depression & PTSD/Augmented data GPT-3.5
.5 Q9 China Diagnosis Depression MedDialog, Metal Real Datasets, etc. NR LLaMA-7B, ChatGLM-6B, Alpaca
:g 20 Canada Detection SI UMD dataset, LLM Synthetic datasets Over 100,000 posts & comments BERT
a 107 China Augmentation Mental health ChatGPT-generated narratives 3017 instances; 80/20 train-test split BERT, BLOOM-560M, BLOOMZ-3B,
3 108 Turkey Generation Various disorders DAIC-WOZ, ChatGPT-dataset, Bard-dataset Real patients & synthetic patients GPT-3.5, Bard
8 109 China Generation Psychiatry DSM-5 diagnostic criteria 2000 records Mistral7B-DSM-5 model
16 United States Detection CB-PTSD Participant narratives 1,295 Narratives GPT-3.5-turbo
(V) Germany Detection Depression E-DAIC dataset 275 participants DepRoBERTa
o Canada Chatbot General mental well-being Prompts made by author With mindfulness experience/NR GPT-3 based chatbots
E 27 Philippines Chatbot Not suitable Well-being conversations, PERMA Lexica, etc. 24,850 conversations VHope
=R India Chatbot Depression, anxiety Reddit Questions related to the illness/NR CareBot
84 a0 Poland Chatbot General mental health Empathetic Dialogues, DailyDialog datasets DailyDialog dataset/NR BERT
5 29 United States Chatbot General mental health Reddit 120 posts (2,917 user comments) Replika
5 110 United States Generation Depression Psychiatric questions 4 Questions GPT-3.5, GPT4
a 58 United States Healthcare General mental wellbeing NR NR GPT-40
111 United Kingdom Measurement General mental health Qwell platform Therapy transcripts 254 conversations RoBERTa, CTM
2 105 United States Detection Loneliness & suicide Survey data 1,006 users of Replika Replika
ky) Australia Education Substance use Mental health portals "Cracks in the Ice" website GPT-4
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| *| 31 | United States Education ADHD, ED Interview data With signs of a disorder/102 students GPT-3
Notes: *: Assisting in mental health education; NR: Not reported; DAIC: Distress Analysis Interview Corpus; E-DAIC: Extended Distress Analysis Interview Corpus; PPD: postpartum depression; BPD: Borderline personality

disorder; SPD: Schizoid personality disorder; OCD: Obsessive-compulsive disorder; BPD: Borderline personality disorder; GAD: Generalized anxiety disorder; MDD: Major depressive disorder; SCZ: Schizophrenia; CB-
PTSD: Childbirth related Post-traumatic stress disorder; DTR: Depressive Tweets Repository; ADHD: Attention deficit hyperactivity disorder; ACOG: The American College of Obstetricians and Gynecologists; SI: Suicidal
ideation; EHRs: Electronic Health Records; CALLM: Clinical interview data Augmentation via Large Language Models; CTM: Contextualized Topic Model; EATD: Emotional Audio-Textual Depression Corpus; CORTEX:

CORpus of Translated Emotional teXts.
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Table 2. Fine-tuned LLMs for mental health.

Jneta

Availability Base model Models Parameters Training strategy Year
MBBU Unreported Fine-tuning 2024
BioBERT Unreported Unreported 2023
BERT MentalRoBERTa Unreported Unreported 2023
Domain adaptation
PsychBERT Unreported 2021
(DAPT)
Yes
MentaLLaMA 7B - 13B IFT 2024
LLaMA
ChatCounselor 7B IFT 2023
Mental-FLAN-T5 7B - 1700B IFT 2024
FLAN-T5
Mental-LLM 7B/11B IFT 2023
LLM-Counselors Unreported TFP 2024
GPT
ChatCBPTSD Unreported TFP 2023
Alpaca Mental-Alpaca 7B - 1700B IFT 2024
CALLM Unreported IFT 2024
EmoBERTTiny 4.4 M IFT 2024
BERT M-MentalBERT Unreported IFT 2024
Not specified Boamente Unreported IFT 2022
AudiBERT (I, II, III) Unreported IFT 2021
Psy-LLM Unreported TFP 2023
GPT
CareBot Unreported IFT 2021
Notes: MBBU: mental-bert-base-uncased; IFT: Instruction Fine-Tuning; TFP: tuning-free promptin
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