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Abstract

Background: Large language models (LLMs) have received much attention and show their potential in digital health, while their
application in mental health is subject to ongoing debate. This systematic review aims to summarize and characterize the use of
LLMs in mental health by investigating the strengths and limitations of the latest work in LLMs and discusses the challenges and
opportunities for early screening, digital interventions, and other clinical applications in mental health.

Objective: This systematic review aims to summarize how LLMs are used in mental health. We focus on the models, data
sources, methodologies, and main outcomes in existing work, in order to assess the applicability of LLMs to early screening,
digital interventions, and other clinical applications.

Methods: Adhering to the PRISMA guidelines, this review searched three open-access databases: PubMed, DBLP Computer
Science Bibliography (DBLP), and IEEE Xplore (IEEE). Keywords used were: (mental health OR mental illness OR mental
disorder OR psychology OR depression OR anxiety) AND (large language models OR LLMs OR GPT OR ChatGPT OR BERT
OR Transformer OR LaMDA OR PaLM OR Claude). We included articles published between January 1, 2017, and September
1, 2023, and excluded non-English articles.

Results: In total, 32 articles were evaluated, including mental health analysis using social media datasets (n=13), LLMs usage
for mental health chatbots (n=10), and other applications of LLMs in mental health (n=9). LLMs exhibit substantial effectiveness
in classifying and detecting mental health issues and offer more efficient and personalized healthcare to improve
telepsychological services. However, assessments also indicate that the current risks associated with the clinical use might
surpass their benefits. These risks include inconsistencies in generated text, the production of hallucinatory content, and the
absence of a comprehensive ethical framework.

Conclusions: This systematic review examines the clinical applications of LLMs in mental health, highlighting their potential
and their inherent risks. The study identifies significant concerns, including inherent biases in training data, ethical dilemmas,
challenges in interpreting the 'black box' nature of LLMs, and concerns about the accuracy and reliability of the content they
produce. Consequently, LLMs should not be considered substitutes for professional mental health services. Despite these
challenges, the rapid advancement of LLMs may highlight their potential as new clinical tools, emphasizing the need for
continued research and development in this field.
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Abstract

Background  
Large l anguagem odels( LLMs)h aver eceivedm ucha ttentiona nds howt heir
potential i nd igitalh ealth,w hilet heira pplicationi nm entalh ealthi ss ubject
t o  o n g o i n g  d e b a t e .  T h i s  s y s t e m a t i c  r e v i e w  a i m s  t o  s u m m a r i z e  a n d
characterize the use of LLMs in mental health by investigating the strengths
and l imitations of  the latest  work in  LLMs and discusses the challenges and
o p p o r t u n i t i e s  f o r  e a r l y  s c r e e n i n g ,  d i g i t a l  i n t e r v e n t i o n s ,  a n d  o t h e r  c l i n i c a l
applications in mental health. 

Objective:
T h i s  s y s t e m a t i c  r e v i e w  a i m s  t o  s u m m a r i z e  h o w  L L M s  a r e  u s e d  i n  m e n t a l
h e a l t h .  W e  f o c u s  o n  t h e  m o d e l s ,  d a t a  s o u r c e s ,  m e t h o d o l o g i e s ,  a n d  m a i n
o u t c o m e s  i n  e x i s t i n g  w o r k ,  i n  o r d e r  t o  a s s e s s  t h e  a p p l i c a b i l i t y  o f  L L M s  t o
early screening, digital interventions, and other clinical applications.
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Methods:
Adhering  to  the  PRISMA  guidelines,  this  review  searched  three  open-access  databases:
PubMed, DBLP Computer Science Bibliography (DBLP), and IEEE Xplore (IEEE). Keywords used
were: (mental health OR mental illness OR mental disorder OR psychology OR depression OR
anxiety) AND (large language models OR LLMs OR GPT OR ChatGPT OR BERT OR Transformer
OR LaMDA OR PaLM OR Claude). We included articles published between January 1, 2017, and
September 1, 2023, and excluded non-English articles. 

Results:
In  total,  32  articles  were  evaluated,  including  mental  health  analysis  using  social  media
datasets (n=13), LLMs usage for mental health chatbots (n=10), and other applications of LLMs
in  mental  health  (n=9).  LLMs  exhibit  substantial  effectiveness  in  classifying  and  detecting
mental  health  issues  and  offer  more  efficient  and  personalized  healthcare  to  improve
telepsychological services. However, assessments also indicate that the current risks associated
with  the  clinical  use  might  surpass  their  benefits.  These  risks  include  inconsistencies  in
generated text, the production of hallucinatory content, and the absence of a comprehensive
ethical framework.

Conclusions:
This systematic review examines the clinical applications of LLMs in mental health, highlighting
their  potential  and their  inherent risks.  The study identifies significant concerns,  including
inherent biases in training data, ethical dilemmas, challenges in interpreting the 'black box'
nature of LLMs, and concerns about the accuracy and reliability of the content they produce.
Consequently,  LLMs  should  not  be  considered  substitutes  for  professional  mental  health
services. Despite these challenges, the rapid advancement of LLMs may highlight their potential
as new clinical tools, emphasizing the need for continued research and development in this
field.

Keywords
Large language models; Mental health; Digital healthcare; ChatGPT; BERT
__________________________________________________________________________________________

1. Introduction and Background

1.1Mental Health

Mental health, a critical component of overall well-being, is at the forefront of global health
challenges  1. In 2019, an estimated 970 million individuals worldwide suffered from mental
illness, accounting for 12.5% of the global population 2. Anxiety and depression are among the
most  prevalent  psychological  conditions,  affecting  301  million  and  280  million  individuals
respectively 2. However, they often go undetected or untreated, and the resources allocated to
the diagnosis and treatment of mental illness are far less than the negative impact it has on
society  3. Focusing specifically on the UK, the scale of the mental health crisis is significant.
Figures show that one in six individuals in England reported experiencing a common mental
health problem in a given week  4.  The COVID-19 pandemic has further intensified existing
mental health challenges globally. Specifically, the World Health Organization (WHO) reported a
26% rise in anxiety disorders and a 28% increase in major depression disorders within just
one year of the pandemic 5. This escalating crisis underscores the urgent need for innovative
approaches to mental health. The negative effects of poor mental health are far-reaching, with
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over 90% of people who die by suicide annually being diagnosed with a mental illness 6. These
statistics point to the need to raise awareness of mental health in society and to take proactive
early intervention and preventive measures.

Mental  illness  treatment  encompasses  a  range  of  modalities  including  medication,
psychotherapy, support groups, hospitalization, and complementary & alternative medicine 7.
However,  societal  stigma  attached  to  mental  illnesses  often  deters  people  from  seeking
appropriate care  8. Many individuals with mental illness are afraid to discuss their condition
with others or seek help from a professional psychologist  9. The COVID-19 crisis and global
pandemics have highlighted the importance of digital tools such as telemedicine and apps to
deliver care in times of need  10, accelerating a paradigm shift in healthcare. In this evolving
landscape, LLMs offer new possibilities for mental health care delivery and support.

Recent  technological  advancements  have  revealed  some  unique  advantages  of  LLMs  in  the
mental health area. These models, capable of processing and generating text similar to human
communication,  offer a non-judgmental space for individuals to share concerns and receive
support 11. LLMs also contribute to psychoeducation, enhance therapeutic methods, and may
provide timely interventions, particularly when traditional mental health resources are limited
or unavailable 12. Recent data indicates that 23% of people with mental illness report having
to wait more than 12 weeks to begin treatment, and 43% of adults with mental illness report
that  the  long wait  for  treatment  has  exacerbated  their  conditions  13.  In  this  landscape  of
limited healthcare availability, LLMs present a feasible solution for providing timely access to
mental health services.  For instance,  a range of mental health chatbots,  developed by using
language  models,  have  been  gaining  recognition,  such  as  Woebot  14 and  Wysa  15.  Both
chatbots follow the principles of Cognitive Behavioural Therapy. These platforms are designed
to provide users with self-help tools to help them cope with mental health issues such as stress,
anxiety, and depression 16.

Meanwhile,  the  application  of  LLMs  in  the  mental  health  sector  presents  several  risks,
especially  concerning  vulnerable  groups.  Challenges  such  as  inconsistencies  in  the  content
generated and the production of 'hallucinatory' content which may mislead or harm users 17.
Given these concerns, a thorough and rigorous assessment of LLMs' responsible and effective
use in healthcare is essential. The following section will further examine the workings of LLMs,
and their potential  mental health applications,  and critically evaluate the opportunities and
challenges they introduce.

1.2Large Language Models

LLMs represent  significant  advancements  in  machine learning (ML),  characterized  by their
ability  to  understand and generate  human-like  text  with  high accuracy.  Distinguished from
traditional language models by their scale, LLMs often contain billions of parameters 18. This
breakthrough is largely due to the Transformer architecture, a deep neural network structure
that employs a 'self-attention' mechanism, developed by Vaswani et al. in 2017. This allows
LLMs to process information in parallel rather than sequentially, greatly enhancing speed and
contextual  understanding  19.  Notable  examples  of  such  state-of-the-art  LLMs  include
Generative Pre-trained Transformers (GPT), and Bidirectional Encoder Representations from
Transformers (BERT), among others (Fig.1). 
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Fig1. Comparative analysis of large language models by parameter size and developer entity. The bar chart
represents the number of parameters in billions for various language models by date of publication, with the
oldest models at the top. The legend is color-coded by the development entity. Data was summarized with the
latest models up to September 2023, with data for parameters and developers from GPT to LLaMA adapted from
the work of  Thirunavukarasu AJ et al 20.

LLMs are designed to learn the fundamental statistical patterns of language 21. Initially, these
models are the basis for fine-tuning task-specific models rather than training those models
from scratch. This fine-tuning process involves adjusting a pre-trained model to a specific task
by further training it on a smaller, task-specific dataset  22. However, with the advent of even
larger and more complex models, this fine-tuning step is often unnecessary for a wide range of
tasks.  These advanced LLMs are capable  of  understanding and executing tasks specified in
natural language prompts. A 'prompt' is a natural language text that describes a task that the AI
should  perform  23.  While  highly  effective,  one  must  be  cautious  of  'hallucinations'  –  a
phenomenon where these models confidently generate incorrect or irrelevant outputs 24. This
can be particularly challenging in scenarios requiring high accuracy, such as healthcare and
medical applications 25-262728.

The  existing  literature  includes  a  review  of  the  application  of  ML  and  natural  learning
processing (NLP) in mental health 29, as well as an analysis of LLMs in medicine  20. Studies
have demonstrated NLP's efficacy in performing statistical tasks, such as text categorization
and sentiment analysis  29. Despite these findings, a systematic review of the use of state-of-
the-art LLMs specifically for mental health has yet to be conducted. Furthermore, there is a lack
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of in-depth discussion on the ethical challenges unique to the application of LLMs in various
mental health contexts. This study aims to fill these gaps by providing a comprehensive review
of the application of LLMs in mental health, examining the relevant ethical considerations, and
assessing their ability as tools for early screening of mental health conditions and support in
therapeutic interventions. 

2. Methods

This  systematic  review followed  the Preferred  Reporting  Items  for  Systematic  Review  and
Meta-analysis (PRISMA)  guidelines 30. The protocol was registered on PROSPERO under the
ID: CRD42024508617.

2.1Inclusion and Exclusion Criteria
Three major databases were investigated in this systematic review: PubMed, DBLP, and IEEE.
These  databases  were  chosen  because  of  their  open  search  capabilities.  The  criteria  for
selecting  articles  were  as  follows:  We  limited  our  search  to  English-language  publications,
focusing on articles published between January 1, 2017, and September 1, 2023. The search
was  conducted  from July  1  to  September  1,  2023,  primarily  targeting  the  titles,  abstracts,
models used, data sources, methodology, and main outcomes of the articles. This timeframe
was chosen considering the significant developments in  the field of LLMs in 2017,  marked
notably  by  the  introduction  of  the  Transformer  architecture,  which  has  greatly  influenced
academic and public interest in this area.  

In this review, the original research articles and available full-text papers have been carefully
selected  aiming  to  focus  on  the  application  of  LLMs  in  mental  health.  Due  to  the  limited
literature specifically addressing the mental health applications of LLMs, we included review
articles  to  ensure  a  comprehensive  perspective.  Our  selection  criteria  focused  on  direct
applications, expert evaluations, and ethical considerations related to the use of LLMs in mental
health contexts, with the goal of providing a thorough analysis of this rapidly developing field.

2.2Search Strategies
The  mental  health-related  terms  were  combined  with  LLM  descriptors  using  Boolean
operators. The search query was: ((mental health OR mental illness OR mental disorder OR
psychology  OR  depression OR  anxiety)  AND  (large  language  models  OR  LLMs  OR  GPT OR
ChatGPT  OR  Bert  OR  Transformer  OR  LaMDA OR  PaLM OR  Claude)).  For  the  articles  that
matched our search criteria, a meticulous and iterative assessment has been conducted by two
independent reviewers (ZG, KL) to ensure each article fell within the scope of LLMs in mental
health (Multimedia Appendix 1). This involved the removal of duplicates followed by a detailed
manual evaluation of each article to confirm adherence to our predefined inclusion criteria,
ensuring a comprehensive and focused review.

2.3 Information Extraction 

We examined the application scenarios, model architecture, data sources, methodologies used,
and main outcomes from selected studies on LLMs in mental health. Firstly, we categorized
each study to clarify their primary goals and applications, providing an overview of how LLMs
are being utilized in the mental health field.  This categorization helps in understanding the
diverse ways in which these models are applied. Following that the main model architecture of
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LLMs used was summarized. Secondly, we conducted a thorough examination of data sources.
Our analysis covered both public and private datasets used in these studies. Noted that some
review  articles  lacked  detail  on  dataset  content,  we  focused  on  providing  comprehensive
information on public datasets,  including their  origins and sample sizes.  After that,  various
methods employed across  different  scenarios  are  investigated.  They include data collection
strategies  and  analytical  methodologies.  We  examined  their  comparative  structures  and
statistical techniques to provide a clear understanding of how these methods are applied in
practice. Finally, the main outcome of each study was addressed. We documented significant
results, aligning them with relevant performance metrics and evaluation criteria, and providing
quantitative data where applicable to underscore these findings. This allowed us to highlight
the efficacy and impact of LLMs in mental health, providing quantitative data where applicable
to underscore these findings.

3. Results

3.1Strategy and Screening Process

The PRISMA diagram of the systematic screening process can be seen in Figure. 2. Our initial
search across three academic databases:  PubMed, DBLP, and IEEE yielded 205 papers: 107
from PubMed, 17 from DBLP, and 81 from IEEE. After duplication, 199 unique papers were
retained.  Subsequent  screening  is  based  on  predefined  inclusion  and  exclusion  criteria,
narrowing down the selection to 32 papers included in this review. The reasons for the full-text
exclusion of 56 papers can be found in Multimedia Appendix 2.

Fig 2. PRISMA flow of selection process.

Papers were classified into three main categories: mental health analysis using social media
(n=13), LLMs in mental health chatbots (n=10), and the other applications of LLMs in mental
health (n=9). Figure 3 highlights the significant increase in related publications over the last
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two years, indicating the emerging nature of LLMs in mental health. 

 
Fig 3. Number of articles after keyword search grouped by the year of publication and application field. 
The black line indicates the total number of articles in each year.
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Table 1. Summary of the 13 selected articles from the literature on LLMs in mental health  analysis

using social media datasets.

Ref. Cases Models Data Sources Methodology Used Main Outcomes

(Baird et al., 2022)

31

Analysis  of

telehealth

topics  using

LLMs

BERT Twitter (10,689

tweets)

Data from Twitter at the intersection of

telehealth  and  mental  health  was

processed  with  BERT,  optimized  for

both pre and during-pandemic periods,

followed  by  human  evaluation  and

refinement.

A  fourfold  increase  in  tweets

about telehealth for mental health

or  substance  abuse  during  the

pandemic  was  revealed,  with  a

notable  shift  towards  mental

health topics in discussions about

funding and support.

(Senn et al., 2022)

32

Depression

classification

by  using

LLMs

RoBERTa 33;

DistilBERT 34;

their ensemble

combinations

Distress Analysis

Interview Corpus -

Wizard of Oz 35

The  paper  compared  three  BERT

variants  (BERT,  RoBERTa,  and

DistilBERT)  and  four  ensembles  of

BERT  variants  for  depression

classification  using  transcripts  of  12

clinical interview questions.

Ensemble  models  of  BERT

variants  outperformed  individual

BERT  models  in  depression

classification,  with  the  ensemble

models  Ens 2 and Ens achieving

the highest mean F1 score of 0.62.

(Xu  et  al.,  2023)

36

Mental  health

prediction  by

using LLMs

Alpaca; Alpaca-

LoRA; FLAN-

T5; GPT-3.5/4.

Dreaddit dataset

(posts from Reddit

in domains: abuse,

social, anxiety,

PTSD, and

financial)

This  paper  evaluated  several  LLMs

using various setups such as zero-shot

prompting,  few-shot  prompting,  and

instruction  fine-tuning  for  mental

health prediction tasks based on online

text data.

Instruction  fine-tuning

significantly  enhanced  LLM

performance  for  all  tasks,  with

Mental-Alpaca  and  Mental-

FLAN-T5  models  surpassing

GPT-3.5  and  GPT-4  designs;

ethical  concerns  and  limitations

were highlighted.

(Lamichhane et al.,

2023) 37

Mental  health

classification

by  using

LLMs

ChatGPT 3.5-

turbo

Stress Detection

Dataset 38;

Depression

Detection Dataset

39; Suicidality

Detection 40

ChatGPT  was  employed  to  perform

mental  health  classification,

specifically stress detection, depression

detection,  and  suicidality  detection

using  labeled  datasets  from  social

media posts.

ChatGPT  showed  potential  for

mental  health  classifications,

achieving F1 scores of 0.73, 0.86,

and  0.37  for  stress  detection,

depression  detection,  and

suicidality  detection  respectively,

outperforming a baseline model.

(Hassan  et  al.,

2023) 41

Evaluation  of

ChatGPT  in

mental health 

ChatGPT;

GPT-3

11 benchmark

datasets, including

T-SID 42 and

CAMS 43

The paper employed various prompting

strategies for ChatGPT, enhanced with

chain-of-thought  and  emotional  cues,

coupled  with  human  evaluations  on

explanation quality.

ChatGPT  had  shown  promise  in

mental  health  care  with  certain

limitations,  benefited  from

emotional  cue  prompts,  and

surpassed  GPT-3  in  explanation

quality.

(Vajre et al., 2021)

44

Mental  health

classification

by  using

LLMs

PsychBERT Twitter hashtags

and Subreddit (6

domains: anxiety,

mental health,

suicide, etc)

The paper developed a taxonomy based

on  HiTOP,  implemented  a  two-stage

framework  for  mental  health  text

identification  and  behavior  detection,

and  incorporated  interpretability

The  introduced  framework,

including the PsychBERT model,

surpassed  existing  methods  in

mental  health  behavior  detection

from social  media,  proving  both
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components. effective and interpretable.

(El-Ramly  et  al.,

2021) 45

Mental  health

prediction  by

using LLMs

ARABERT;

MARBERT 46

CairoDep v1.0

(7,000 depressed

and non-depressed

posts in Arabic)

BERT models, specifically ARABERT

and  MARBERT,  were  trained  and

tested.  Data  collection  encompassed

crowdsourcing,  Arabic  forums,  and

translated  English  datasets,  using

Python.

Both ARABERT and MARBERT

models  achieved  high  accuracy,

precision,  recall,  and  F1-score

values  in  detecting  depression,

surpassing  traditional  lexicon-

based and ML approaches.

(Bajaj et al., 2021)

47

Mental  health

classification

by  using

LLMs

Transformer-

based

classification

models

Subreddits (50,242

samples)

A framework  consisting  of  four  parts

was proposed to  analyze  Reddit  users

potentially  affected  by  the  pandemic.

Transformer-based  classification

models  were  applied  to  this  data,

focusing  particularly  on  the  March-

May period.

6.4%  of  the  user  base  was

mentally  healthy  before  the

pandemic.  An  observable

relationship  was  found  between

the  onset  of  depression  and

COVID-19,  with  a  significant

number  of  users  starting  to  post

about  their  struggles  during  the

initial stages of the pandemic.

(Vishwakarma  et

al., 2021) 48

Speech

emotion

recognition  by

using LLMs

BERT;

Multilayer

perceptron;

Convolutional

neural network

(CNN);

Generative

adversarial

networks

(GANs)

ISEAR 49;

Emotion dataset

50; RAVDESS 51;

TESSl 52;

Emo-DB 53

The  paper  developed  a  personalized

multi-modal  architecture  integrating

text,  speech,  and  facial  expressions,

using GANs for human-like interaction

and lip-synced post-emotion analysis.

The multi-modal system surpassed

existing  single-mode  emotion

detection  models  in  predicting

cumulative  emotional  status  and

offering  timely  support  through

enhanced  human-like  GAN-

generated responses.

(William  et  al.,

2022) 54

Mental  health

prediction  by

using LLMs

BERT Reddit's

"rsuicidewatch"

and

"rcasualconversati

on" sub-forum

(3,412 data);

Twitter (from 1st

Jan 2015 to 20th

Sep 2020)

Using BERT combined with extractive

summarization, data was pre-processed

and  benchmarked  against  other  text

classification techniques for depression

detection,  considering  metrics  like

accuracy and F1-score.

Using  BERT  with  extractive

summarization  enhanced

depression  detection  on  social

media, outperforming base BERT

and  BiLSTM  models,  though

XLNet  remained  superior  in

detection effectiveness.

(Kaseb  et  al.,

2022) 55

Mental  health

prediction  by

using LLMs

Transformer-

based pre-trained

language models

Twitter (1,200

non-depressed

tweets and 800

depressed tweets)

56;

Kaggle (1,350k

Various  pre-trained  language  models,

including  BERT  and  RoBERTa  33,

were trained on a depression detection

dataset, with RoBERTa then applied to

pseudo-label  datasets  related  to

COVID-19  and  vaccinations  for

The RoBERTa model achieved a

78.85%  F1-score  and  revealed,

through  pseudo-labeling,  an

increase  in  depression  levels  on

tweets  during  the  pandemic,

highlighting  the  impact  of

9
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tweets) 57;

Kaggle (3,000k

tweets) 58

depression insights. COVID-19 and vaccinations.

(Zeberga  et  al.,

2022) 59

Mental  health

prediction  by

using LLMs

BERT;

Bi-LSTM

Reddit (95,000

posts);

Twitter (100,000

tweets)

A framework was designed integrating

BERT,  Bi-LSTM,  word2vec,  and

knowledge  distillation  for  depression

and  anxiety  detection  from  social

media.

The developed model successfully

detected  depression  and  anxiety-

related posts with a 98% accuracy

rate.

(Heinz  et  al.,

2023) 60

Evaluation  of

AI  models  in

mental  health

assessment

GPT-3 59 distinct clinical

vignettes

The  paper  employed  a  generative  AI

model, tested it with clinical vignettes,

and utilized balanced accuracy (BAC),

generalized  linear  mixed-effects

models,  and  odds  ratios  (ORs)  to

analyze  domain  knowledge  and

demographic bias.

The AI  model  displayed variable

diagnostic performance with high

BAC  for  certain  psychiatric

disorders and low BAC for others,

underscoring the need for caution

and  further  development  before

deployment  in  critical  healthcare

settings.

Table 2. Summary of the 10 selected articles from the literature on LLMs in mental health chatbot.

Ref. Cases Models Data Sources Methodology Used Main Outcomes

(Wei  et  al.,  2023)

61

Designed

mental  chatbot

using LLMs to

investigate  the

design  factors

of prompts

GPT-3 User Self-Reported

(48 participants)

Using  an  online  study  with  48

participants,  four  chatbot  prompt

designs  were  assessed  for  dialogue

flow  and  user  perception. to  correct

these harmful behaviors in AI chatbots.

Chatbots  captured  79%  of  desired

information,  with  prompt  design

significantly  affecting  conversation

quality and data collection.

(Lin  et  al.,  2023)

62

Designed

models  using

LLMs to

correct

harmful

behaviors  in

AI chatbots

GPT-3.5 Conservations

between chatbots and

a hypothetical user

The  SafeguardGPT  framework  was

introduced,  incorporating  four  AI

agents,  and  its  effectiveness  was

demonstrated via a social conversation

simulation.

SafeguardGPT effectively detected and

corrected  harmful  chatbot  behaviors,

but  challenges  in  evaluation  and

alignment with human values persisted.

(Kumar  et  al.,

2022) 63

Designed

mental  chatbot

for  managing

mood  using

LLMs 

GPT-3 Survey responses

from Amazon

Mechanical Turk

(945 participants)

The  paper  centered  on  the  GPT-3

chatbot's  prompt  design  dimensions,

specifically  identity,  intent,  and

behavior, and applied both quantitative

and  qualitative  analyses  of  user

interactions and perceptions.

Users found the chatbot was helpful in

many  scenarios,  but  raised  concerns

about repetitiveness and privacy, with

certain  prompt  designs  showing

promise  around  problem-solving  and

cognitive behavioral therapy.

(Lai  et  al.,  2023)

64

Designed

mental  chatbot

PanGu;

WenZhong

PsyQA dataset (5000

samples) 65

The paper introduced the creation and

assessment  of  the  Psy-LLM

The  Psy-LLM  framework  effectively

generated  coherent  and  relevant

10
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in

psychological

consultation

settings  using

LLMs

Model framework.  It  merged  pre-trained

LLMs with expert inputs and articles,

analyzed  data  via  word  and  sentence

metrics, and measured outcomes using

both  intrinsic  metrics  and  human

feedback  on  effectiveness  and

applicability.

answers  to  psychological  questions,

held  the  potential  to  enhance  mental

health support using AI, and improved

overall societal well-being.

(Crasto  et  al.,

2021) 66

Designed

mental  chatbot

with LLMs for

student  mental

health  support

on  an  online

platform

DialoGPT Counselchat

(includes tags of

illness);

question answers

from 100 college

students

Recognized  mental  health

questionnaires  (Patient  Health

Questionnaire-9  &  WHO-5)  were

completed.  The  DialoGPT  fine-tuned

with Counselchat data, was employed

for  chatbot  interaction.  Micro-

interventions were suggested based on

identified issues, and a student survey

was administered.

The  DialoGPT  model,  demonstrating

higher perplexity and preferred by 63%

of  college  participants  for  its  human-

like  and  empathetic  responses,  was

chosen as the most suitable system for

addressing  student  mental  health

issues.

(Chen et al., 2023)

67 

Designed

mental  health

chatbots  using

LLMs  and

assessed  their

viability  in

psychiatric

outpatient

scenarios

ChatGPT Human evaluation

results (14 patients

and 11 psychiatrists)

Using  a  human-centered  design,  the

paper collaborated with psychiatrists to

harness  ChatGPT  for  simulating

psychiatrist-patient  interactions,

influenced  by  real-world  scenarios,

and  evaluated  through  interactions

with professionals and patients.

The paper revealed a ChatGPT-backed

evaluation  framework  that  validated

the  effectiveness  of  chatbots  in

psychiatric  contexts  based  on

evaluations with real psychiatrists and

patients.

(Cabrera  et  al.,

2023) 68

A  review  of

the  mental

chatbot  for

bioethical

dilemmas 

ChatGPT

4.0

33 scientific

abstracts; 

13 media

Scientific  literature  and  media  news

were  systematically  reviewed  using

predefined  criteria  on  the  Web  of

Science  and  Microsoft  Bing  search

engines,  focusing  on  the  relationship

between chatbots and mental health.

Bioethical dilemmas about chatbots in

mental  health  were  systematically

identified and classified into four major

areas,  with  a  call  for  tailored

development and ethical regulation.

(Fournier-Tombs

et al., 2023) 69

A  review  of

mental

chatbots  to

inform  safe

and

appropriate

future

developments

in  the  use  of

chatbots  in

GPT-3 Literature,  policies,

and

recommendations

from  the  European

Union, UNESCO and

WHO

The  paper  employed  a  conceptual

analysis  of  conversational  chatbots  in

medicine,  likely  informed  by  a

literature  review,  focusing  on  their

ethical  implications,  and  proposed  an

integrated  framework  connecting  AI

and medical ethics.

A  framework  was  proposed  to

understand  the  impacts  of

conversational chatbots on patients and

the  broader  medical  community,  with

an emphasis on aligning AI ethics with

traditional medical ethics,  in hopes of

guiding  future  development  and

regulations  in  a  safe  and  relevant

manner.
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healthcare

(Jo et al., 2023) 70 Designed

mental  health

chatbot  using

LLMs  to

provide

support  for

socially

isolated

individuals  in

public  health

interventions

HyperCLO

VA

34 audio-recorded

interviews;

observational notes;

codebook (10 parent

and 24 child codes)

Focus  group  workshop  sessions  with

14 CareCall users were observed, and

interviews  with  20  people  spanning

three  stakeholder  groups  (CareCall

users,  teleoperators,  and  developers)

were  conducted,  to  understand  the

benefits,  challenges,  and  perspectives

of using LLM-based chatbots in public

health.

Insights  into  the  holistic  support

provided  by  CareCall  to  mitigate

loneliness,  offload  public  health

workloads, and challenges LLM-driven

chatbots  pose  for  public  and personal

health  were  highlighted,  and

considerations  for  the  design  and

deployment of such chatbots in public

health interventions were addressed.

(Webster  et  al.,

2023) 71

A  review  of

mental

chatbot:

examining  the

capabilities,

concerns,  and

ethical

considerations

ChatGPT;

Bard; 

Med-PaLM

MultiMedQA;

HealthSearchQA

Database;

PaLM Training

Corpu;

research papers

The paper investigated the capabilities,

limitations,  and  potential  risks  of  AI

chatbots  like  Med-PaLM  in  the

medical  field  by  exploring  their

training,  accuracy  in  medical  exams,

representation of  doubt,  and potential

for misdiagnosis.

Concerns  were  raised  about  the

potential  inaccuracy  of  AI  chatbot

diagnoses  and  the  importance  of

medical governance, informed consent,

and  the  collaboration  of  AI  scientists

with clinicians. OpenAI, the maker of

ChatGPT,  warned  against  using  their

model for critical medical decisions.

Table 3. Summary of the 9 selected articles from the literature on other applications of LLMs in

mental health.

Ref. Cases Model Data Sources Methodology Used Main Outcomes

(Salah et al.,

2023) 72

Evaluation  of

ChatGPT  in

mental health

ChatGPT Literature review;

research papers;

online textual data

The  study  offered  a  thorough

overview of ChatGPT's application in

social psychology research, discussed

ethical,  theoretical,  and

methodological  challenges,  and

underscored  the  importance  of  a

theoretical  framework  that  integrates

Generative  AI  with  current  social

psychology theories.

The  study  found  that  ChatGPT  could

transform  social  psychology  research

through data  analysis  and modeling  of

social interactions, but researchers must

address associated challenges and follow

guidelines  for  ethical  and  responsible

use,  including  bias  management,  data

validation,  and  adherence  to  privacy

standards.

(Farhat et al.,

2023) 73

Evaluation  of

ChatGPT  in

mental health

ChatGPT Responses

generated by

ChatGPT

The  study  evaluated  ChatGPT's

effectiveness in mental health support

by analyzing its responses and cross-

questioning,  particularly  focusing  on

issues  related  to  anxiety  and

depression  and  its  suggestions

regarding medications.

ChatGPT  displayed  significant

inconsistencies and low reliability when

providing  mental  health  support  for

anxiety and depression, underlining the

necessity  of  validation  by  medical

professionals and cautious use in mental

health contexts.

(Woodnutt et al., Evaluation  of ChatGPT Responses The study input basic text commands The study found that OpenAI's ChatGPT
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2023) 74 ChatGPT  in

mental health

generated by

ChatGPT

into  ChatGPT  regarding  a  fictitious

person  with  self-harming  tendencies,

and  the  output  was  assessed  for

quality,  accuracy,  errors,  ethical

concerns,  and  potential  harms  using

the  authors'  clinical  expertise  and

current care guidelines.

generated outputs with significant errors

and ethical  issues,  presenting a  risk of

potential harm if used in mental health

care  without  expert  oversight;  AI's  use

could  decrease  the  quality  of  care

provided by nurses and affect aspects of

recovery  tied  to  personal  relationships

and social interactions.

(Elyoseph et al.,

2023) 75

Evaluation  of

ChatGPT  in

mental health

ChatGPT Responses

generated by

ChatGPT

The  Levels  of  Emotional  Awareness

Scale  (LEAS)  was  used  to  measure

ChatGPT's emotional awareness (EA)

by analyzing its  responses to  twenty

scenarios. This performance was then

compared  with  two  evaluations

conducted  on  ChatGPT  in  January

and  February  2023  using  different

versions of the model.

ChatGPT  showcased  a  superior

performance  on  the  LEAS  scales

compared to the general population. The

AI's scores were particularly high in the

second  evaluation,  indicating  potential

improvement over time, which suggests

its capability to generate appropriate EA

responses  and  its  utility  in  clinical

applications.

(Bhattacharyya et

al., 2023) 76

Evaluation  of

ChatGPT  in

mental health

ChatGPT N/A The  paper  focused  on  ChatGPT's

application  in  mental  health,  its

ethical  considerations,  its  interaction

dynamics, and its synergy with other

digital health tools.

ChatGPT  was  highlighted  for  its

potential in mental health,  its ability to

work alongside other tools, and the need

for  ethical  caution  due  to  potential

inaccuracies.

(Qiu et al., 2023)

77

Solutions  to

mental  health

data problems

SMILE ESCon 78;

AugESC 79;

PsyQA 65

Utilizing  the  SMILE  approach,  the

paper expanded single-turn dialogues

into  multi-turn  ones  using  ChatGPT

and  validated  this  through  an

exploratory  study  and  contrastive

analysis.

The  SMILE  method  effectively

produced a comprehensive, real-life-like

multi-turn  mental  health  support

conversation  dataset,  with  utterance

lengths  aligning  with  genuine

counseling sessions.

(Perlis et al.,

2023) 80

Evaluation  of

ChatGPT  in

mental health

ChatGP;

GPT-4

10 antidepressant

prescribing

vignettes

ChatGPT-4  was  given  10

antidepressant prescribing vignettes in

a  randomized  order,  results  were

regenerated five times for consistency,

and  model  outcomes  were  then

juxtaposed  with  expert  clinician

consensus.

GPT-4  included  at  least  one  optimal

medication choice  in  76% of  vignettes

but  also  presented  less  optimal  or

contraindicated choices in 48% of them.

(Elyoseph et al.,

2023) 81

Evaluation  of

ChatGPT  in

mental health

ChatGPT A hypothetical

text vignette

ChatGPT's evaluations of the vignette

were  contrasted  with  mental  health

professional norms reported by Levi-

Belz and Gamliel using two-sample t-

tests.

ChatGPT  consistently  underestimated

the risk of suicide attempts compared to

mental  health  professionals,  suggesting

it may not provide accurate suicide risk

assessments.

(Egli et al., 2023) Evaluation  of ChatGP; N/A A descriptive analysis of how chatbot The  paper  delved  into  the  potential
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82 ChatGPT  in

mental health

GPT-4 technologies, like ChatGPT and GPT-

4, operate and explores their potential

applications,  strengths,  and

weaknesses in clinical microbiology.

applications  of  LLMs  in  clinical

microbiology,  focusing  on  their

functionalities, quality-control measures,

and  potential  biases  in  their  training

data.
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3.2 Mental Health Analysis Using Social Media Datasets

Early intervention and screening are crucial in mitigating the global burden
o f  m e n t a l  h e a l t h  i s s u e s  8 3.  W e  e x a m i n e d  L L M s '  p e r f o r m a n c e  i n  p r e d i c t i n g
mental h ealthc onditionsa ndc ategorizingm entalh ealthi ssuest hrought ext
a n a l y s i s .  F o r  i n s t a n c e ,  b y  i n t e g r a t i n g  e x t r a c t i v e  s u m m a r i z a t i o n  B E R T  c a n
i m p r o v e  d e p r e s s i o n  d e t e c t i o n  o n  s o c i a l  m e d i a  p l a t f o r m s  l i k e  R e d d i t  a n d
T w i t t e r  b y  o u t p e r f o r m i n g  t h e  b a s e  B E R T  m o d e l  5 4.  A R A B E R T  ( F 1 - S c o r e :
96.92%) and MARBERT (F1-Score: 96.07%) also excelled in Arabic contexts,
s u r p a s s i n g  t r a d i t i o n a l  M L  t e c h n i q u e s  i n  d e t e c t i n g  d e p r e s s i o n  4 5.
A d d i t i o n a l l y ,  t h e  R o B E R T a  m o d e l ,  a  f i n e - t u n e d  t r a n s f o r m e r - b a s e d  m o d e l ,
e f f e c t i v e l y  t r a c k e d  t h e  r i s e  i n  d e p r e s s i o n  l e v e l s  o n  T w i t t e r  d u r i n g  t h e
C O V I D - 1 9  p a n d e m i c ,  o u t p e r f o r m i n g  L S T M  ( F 1 - S c o r e :  7 8 . 8 5 %  v s .  7 1 . 2 1 % )
5 5.  M e n t a l - A l p a c a  a n d  M e n t a l - F L A N - T 5 ,  i m p r o v e d  L L M s '  p e r f o r m a n c e  w i t h
f e w e r  p r o m p t s  f o r  m e n t a l  h e a l t h  t a s k s ,  m e a n w h i l e  h i g h l i g h t i n g  l i m i t a t i o n s
such as racial and gender bias issues 36.

C h a t G P T  c a n  a l s o  d e t e c t  m e n t a l  h e a l t h  i s s u e s  t h a t  n o t a b l y  s u r p a s s e d
baseline m odelst hrought exta nalysis,w ithF 1s coreso f0 .73,0 .86,a nd0 .37
in s tressd etection,d epressiond etection,a nds uicided etection,r espectively
3 7.  M o r e o v e r ,  H a s s a n  e t  a l . ' s  r e s e a r c h  o n  C h a t G P T  s h o w e d  i t s  s t r o n g
c o n t e x t u a l  l e a r n i n g  c a p a b i l i t i e s  i n  m e n t a l  h e a l t h  a n a l y s i s  b u t  a l s o  r e v e a l e d
s h o r t c o m i n g s  i n  c o m p a r i s o n  t o  a d v a n c e d  t a s k - s p e c i f i c  m e t h o d s  4 1.  L L M s ,
p a r t i c u l a r l y  B E R T ,  h a v e  b e e n  i n s t r u m e n t a l  i n  a n a l y z i n g  c o m p l e x  m e n t a l
h e a l t h  t e x t  d i a l o g u e s .  A  s t u d y  a n a l y z i n g  T w i t t e r  d a t a  i n d i c a t e d  a  f o u r f o l d
increase in telemedicine discussions related to mental health and substance
abuse d uringt hep andemic,h ighlightinga ni ncreasedn eedf ori nterventions
3 1.  E n s e m b l e  m o d e l s  c o m b i n i n g  v a r i o u s  B E R T  v a r i a n t s ,  s u c h  a s  B E R T ,
RoBERTa, a ndD istilBERT,d emonstratede nhancedp erformancei nc lassifying
d e p r e s s i o n  3 2.  C o n t i n u o u s  a d v a n c e m e n t s  a r e  n o t a b l e  i n  t h i s  a r e a .  F o r
instance, P sychBERTh ase stablishedb enchmarksi nd etectingm entalh ealth
b e h a v i o r s  o n  s o c i a l  m e d i a ,  p r o v i d i n g  h i g h  i n t e r p r e t a b i l i t y  f o r  b o t h  b i n a r y
and multi-class classification 44.

3.3 LLMs in mental health chatbot

The use of a mental health chatbot employing LLMs shows promise for early
intervention i nm entali llnesses71. T heser emotei nterventiont oolsn oto nly
c a n  e n c o u r a g e  p e o p l e  w h o  w e r e  r e l u c t a n t  t o  s e e k  h e a l t h - r e l a t e d  a d v i c e
62 t om akei nteractions,b utt heyc ana lsoh elps upporto verburdenedh ealth

15
https://preprints.jmir.org/preprint/57400 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Guo et al

systems 69.  Multiple studies  have shown that LLMs are effective in  creating
c h a t b o t s  f o r  m e n t a l  h e a l t h  u s e .  C r a s t o  e t  a l .  o b s e r v e d  t h a t  6 3  o u t  o f  1 0 0
c o l l e g e  s t u d e n t s  s u r v e y e d  s h o w e d  a  p r e f e r e n c e  f o r  r e s p o n s e s  f r o m
DialoGPT,  a  variant of  the  GPT architecture ,  over  those from LSTM and RNN
m o d e l s  6 6.  T h e  p a r t i c i p a n t s  n o t e d  t h a t  D i a l o G P T - g e n e r a t e d  r e s p o n s e s
a p p e a r e d  m o r e  h u m a n - l i k e  a n d  r e s o n a n t .  H o w e v e r ,  i t  w a s  n o t e d  t h a t  t h e
response q ualityf romG PTm odelsw asv ariable.W eie ta l.i dentifiedt hatt he
f o r m a t  a n d  p e r s o n a l i t y  m o d i f i e r s  i n  p r o m p t  d e s i g n  s i g n i f i c a n t l y  i n f l u e n c e
t h e  c h a t b o t s '  c a p a b i l i t y  i n  s l o t  f i l l i n g  a n d  c o n v e r s a t i o n a l  s t y l e s
6 1.  T h i s  f i n d i n g  wa s  f u r t h e r  s u p p o r t e d  by  Ku m a r  e t  a l .’ s  re s e a rc h  w i t h  9 4 5
p a r t i c i p a n t s ,  w h i c h  r e v e a l e d  t h a t  p r o m p t  d e s i g n  m a r k e d l y  a f f e c t s
p e r c e p t i o n s  o f  c h a t b o t  r i s k ,  t r u s t w o r t h i n e s s ,  e x p e r t i s e ,  a n d  w i l l i n g n e s s  t o
interact 63.

T h e  C O V I D - 1 9  p a n d e m i c  h a s  s i g n i f i c a n t l y  i n c r e a s e d  t h e  d e m a n d  f o r
p s y c h o l o g i c a l  c o u n s e l i n g .  T h e  P s y - L L M  f r a m e w o r k  b y  L a i  e t  a l . ,  w h i c h
i n t e g r a t e s  p r e - t r a i n e d  L L M s  w i t h  p r o f e s s i o n a l  Q & A  f r o m  p s y c h o l o g i s t s  a n d
p s y c h o l o g i c a l  a r t i c l e s ,  h a s  b e e n  e v a l u a t e d  f o r  i t s  a b i l i t y  t o  g e n e r a t e
c o h e r e n t ,  r e l e v a n t  r e s p o n s e s  t o  p s y c h o l o g i c a l  i n q u i r i e s  6 4.  T h e  c r i t e r i a  f o r
these evaluations included usefulness,  fluency,  relevance, and logic,  proving
the Psy-LLM to be an effective front-end tool for healthcare professionals to
e n h a n c e  h e a l t h c a r e  e f f i c i e n c y  6 4.  H o w e v e r ,  t h e  d e p l o y m e n t  o f  t h i s  s i n g l e
c a s e  d o e s  n o t  a l l e v i a t e  t h e  s a f e t y  c o n c e r n s  o f  L L M s  i n  m e n t a l  h e a l t h .
Webster h ighlightedt hel imitationso fm edicalL LMsl ikeM ed-PaLMi nd irect
p a t i e n t  c a r e  d u e  t o  l i m i t e d  h e a l t h c a r e  d a t a  d e s p i t e  h i g h  s c o r e s  i n  m e d i c a l
e x a m i n a t i o n s  7 1.  C o n s e q u e n t l y ,  e s t a b l i s h i n g  a  m e d i c a l  g o v e r n a n c e
framework focused on informed consent is crucial. 

To a ddresse thicalc hallenges,C abrerae ta l.e xploredb ioethicald ilemmasi n
c h a t b o t  u s e  i n  m e n t a l  h e a l t h ,  i n c l u d i n g  i s s u e s  o f  p r i v a c y ,  t r a n s p a r e n c y ,
a c c o u n t a b i l i t y ,  c o n f l i c t s  o f  i n t e r e s t ,  c u l t u r a l  s e n s i t i v i t y ,  a n d  b i a s e s ,  e t c
6 8.  F o u r n i e r - T o m b s  e t  a l .  e m p h a s i z e d  t h e  e x p a n d e d  r o l e  o f  v i r t u a l  c a r e
during and following the COVID-19 pandemic for a  range of health services,
i n c l u d i n g  p r o v i d i n g  C O V I D - 1 9  i n f o r m a t i o n ,  p e r s o n a l i z e d  h e a l t h  a d v i c e ,  a n d
prescription a ssistance69. H owever,t hisp henomenone xacerbatedt hei ssue
of b oundariesb etweenA Ia pplicationsa ndt het raditionalr oleo fh ealthcare
p r o f e s s i o n a l s .  T o  m i t i g a t e  t h e s e  c o n c e r n s ,  i n c l u d i n g  b i a s e s  r e l a t e d  t o
g e n d e r ,  r a c e ,  a n d  d a t a  f r o m  v u l n e r a b l e  p o p u l a t i o n s ,  a n  e t h i c a l  f r a m e w o r k
wa s  d i s c u s s e d  t o  g u i d e  c h a t b o t  d e p l oy m e n t  b a s e d  o n  t h e  c o re  p r i n c i p l e s  o f
medical e thics,i ncludingb eneficence,n onmaleficence,a utonomy,a ndj ustice
69.

16
https://preprints.jmir.org/preprint/57400 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Guo et al

3.4 Exploring other applications of LLMs in mental health

C h a t G P T  h a s  g a i n e d  a t t e n t i o n  f o r  i t s  a d v a n c e d  l a n g u a g e  g e n e r a t i o n
c a p a b i l i t i e s ,  a t t r a c t i n g  t h e  i n t e r e s t  o f  m a n y  r e s e a r c h e r s  a n d  p r a c t i t i o n e r s
8 2 d u e  t o  i t s  u n p a r a l l e l e d  a b i l i t y  t o  g e n e r a t e  h u m a n - l i k e  t e x t  a n d  a n a l y z e
l a r g e  a m o u n t s  o f  t e x t u a l  d a t a  7 2.  C h a t G P T  h a s  b e e n  u s e d  t o  a d d r e s s  t h e
s c a r c i t y  o f  c o m p r e h e n s i v e  d a t a  o n  p r o b l e m s  i n  m e n t a l  h e a l t h .  T h e  S M I L E
a p p r o a c h  u s e s  C h a t G P T  t o  e x p a n d  s i n g l e  r o u n d s  o f  d i a l o g u e  i n t o  m o r e
ex t e n s ive ,  m u l t i - t u r n  c o nve r s a t i o n s  a n d  e n a b l e s  t h e  c re a t i o n  o f  l a r g e - s c a l e ,
d i v e r s e ,  a n d  c l o s e - t o - r e a l - l i f e  m e n t a l  h e a l t h  s u p p o r t  c o n v e r s a t i o n  c o r p o r a
7 7.  H o w e v e r,  t h i s  a p p r o a c h  h a s  n o t  b e e n  t h o r o u g h l y  a n d  r e l i a b l y  e v a l u a t e d
y e t ,  a n d  t h e  v i r t u a l  d i a l o g u e  s y s t e m  e x h i b i t s  f r e q u e n t  a n t h r o p o m o r p h i c
behavior 77.  In the context of  social  psychology,  ChatGPT has demonstrated
p o t e n t i a l  i n  a n a l y z i n g  c o m p l e x  h u m a n  b e h a v i o r s  a n d  s i m u l a t i n g  s o c i a l
i n t e ra c t i o n s ,  a s  d i s c u s s e d  by  S a l a h  e t  a l .  T h e s e  i nve s t i g a t i o n s  i n t o  C h a t G P T
have shown mixed results. Elyoseph et al.  highlighted ChatGPT’s proficiency
i n  E A ,  n o t i n g  t h a t  C h a t G P T ' s  p e r f o r m a n c e  i n  g e n e r a t i n g  a p p r o p r i a t e  E A
r e s p o n s e s  w a s  i m p r e s s i v e ,  a c h i e v i n g  n e a r l y  t h e  h i g h e s t  p o s s i b l e  s c o r e  ( 9 8
out of 100) on a subsequent assessment using the LEAS 75.

D e s p i t e  t h i s ,  t h e  m o d e l  d e m o n s t r a t e d  l i m i t a t i o n s  i n  a c c u r a t e l y  e v a l u a t i n g
s u i c i d e  r i s k ,  f a l l i n g  s h o r t  o f  t h e  a s s e s s m e n t s  m a d e  b y  m e n t a l  h e a l t h
professionals 81. I np sychopharmacology,w hileC hatGPTc orrectlyi dentified
at l easto neo ft heo ptimalm edicationsi n7 6%o fc ases,i ta lsor ecommended
contraindicated drugs in  48% of  v igne ttes  80,  g iving  the caveat  that  i t  does
not operate independently in medication management .  Furthermore,  Farhat
e t  a l .  o b s e r v e d  i n c o n s i s t e n c i e s  i n  C h a t G P T ' s  m e n t a l  h e a l t h  s u p p o r t ,  w i t h
v a r y i n g  p r o m p t s  l e a d i n g  t o  d i f f e r e n t  o u t p u t s  7 3.  S i m i l a r l y,  Wo o d n u t t  e t  a l .
h i g h l i g h t e d  e t h i c a l  c o n c e r n s  re ga rd i n g  t h e  u s e  o f  C h a t G P T  i n  m e n t a l  h e a l t h
c a r e  s t r a t e g i e s ,  p a r t i c u l a r l y  p o i n t i n g  o u t  p o t e n t i a l  i n a c c u r a c i e s  a n d  e t h i c a l
d i l e m m a s  i n  h a n d l i n g  s e n s i t i v e  t o p i c s  7 4.  T h e s e  f i n d i n g s  u n d e r s c o r e  t h e
v i t a l  i mp or t a nc e  o f  me t i cu l o u s  s u pe r v i s i o n  by  h e a l t h ca re  p ro fe s s i on a l s  a n d
i n s t i t u t i o n s  i n  t h e  a p p l i c a t i o n  o f  L L M s  l i k e  C h a t G P T  w i t h i n  h e a l t h c a r e
environments.

3.5 Strengths and limitations of using LLMs in mental health

B a s e d  o n  t h e  w o r k s  o f  l i t e r a t u r e  t h e  s t r e n g t h s  a n d  w e a k n e s s e s  o f  a p p l y i n g
the LLMs in mental health are summarized in Table 4. 
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LLMs h aved emonstratedt heirp otentialt oc lassifya ndp redictm entalh ealth
p r o b l e m s  t h r o u g h  t e x t u a l  a n a l y s i s  3 2,3 7,3 9,4 4,4 5,4 7,5 5,5 9.   L L M s  h a v e
s h o w n  t h e  p o t e n t i a l  f o r  t h e  e a r l y  d e t e c t i o n  o f  m e n t a l  i l l n e s s  u s i n g  s o c i a l
m e d i a  3 7,  t h e r e b y  p o s s i b l y  e n h a n c i n g  t r e a t m e n t  o u t c o m e s  a n d  a l l e v i a t i n g
h e a l t h c a r e  b u r d e n s .  I n  t h e  c o n t e x t  o f  t h e  g l o b a l  m e n t a l  h e a l t h  c r i s i s ,  L L M s
p r e s e n t  a  p r o m i s i n g  d i g i t a l  i n t e r v e n t i o n  s t r a t e g y  t h a t  c o u l d  m i t i g a t e  t h e
e f f e c t s  o f  t h e  c u r r e n t  s h o r t a g e  o f  h e a l t h c a r e  r e s o u r c e s ,  p a r t i c u l a r l y  d u r i n g
c r i s e s  s u c h  a s  C O V I D - 1 9  6 4.  T h e  L L M  i s  a d e p t  a t  p r e d i c t i n g  t h e  e m o t i o n a l
trends of  crowds from social  media texts,  which can be used to increase the
s o c i a l  awa re n e s s  o f  s p e c i f i c  g rou ps  a t  p a r t i c u l a r  t i m e s  a n d  e n c ou ra g e  e a r ly
i n t e r v e n t i o n  i n  a r e a s  w i t h  l i m i t e d  m e d i c a l  r e s o u r c e s .  A d d i t i o n a l l y ,  L L M s
excel i nu seri nteraction,o fferinga nonymitya ndr educings tigma,w hichm ay
encoura ge more  p e opl e  suf fer ing  from me nta l  i l lne ss  to  act ive ly  pa rt i c i pate
in their treatment 66.  The ability of  LLMs to personalize interactions caters
to the diverse interests of different user groups thus enhancing engagement
70. Meanwhile, it is  crucial to recognize that mental health chatbots are not
s u b s t i t u t e s  f o r  p r o f e s s i o n a l  p s y c h o l o g i c a l  s e r v i c e s .  D e s p i t e  r e s e a r c h
revealing t hep otentialo fL LM,i th asn oty etb eenr ecognizedf orc linicalu se
d u e  t o  t e c h n o l o g i c a l  r i s k s  a n d  e t h i c a l  i s s u e s  t h a t  r e m a i n  t o  b e  t h o r o u g h l y
addressed.

T h e  a p p l i c a t i o n  o f  L L M s  i n  m e n t a l  h e a l t h ,  p a r t i c u l a r l y  t h o s e  f i n e - t u n e d  f o r
s p e c i f i c  i n s t r u c t i o n s  l i k e  C h a t G P T ,  r e v e a l s  n o t a b l e  l i m i t a t i o n s .  T h e
e f f e c t i v e n e s s  o f  i n s t r u c t i o n  f i n e - t u n e d  L L M s  h e a v i l y  d e p e n d s  o n  t h e
specificity of user-generated prompts. In these models, inadequate prompts
c a n  d i s r u p t  d i a l o g u e  f l o w  a n d  r e d u c e  c o n v e r s a t i o n  e f f e c t i v e n e s s
68, leading to inconsistent dialogue quality due to users'  unfamiliarity with
pro mpt  e n g in e e r i n g . D ev i a t i o n s  in  t ra i ni n g  d a t a  for  L L M s  in ev i t a b ly  l e a d  to
i s s u e s  l i k e  h a l l u c i n a t i o n s  a n d  i n s t a b i l i t y ,  w h i c h  a r e  c h a l l e n g i n g  t o  r e c t i f y
7 6.  A n o t h e r  c r i t i c a l  c o n c e r n  i s  t h e  ' b l a c k  b ox '  n a t u re  o f  L L M s ,  w h i c h  ra i s e s
i n t e r p r e t a b i l i t y  i s s u e s ,  p a r t i c u l a r l y  i n  c l i n i c a l  a n d  m e n t a l  h e a l t h  s e t t i n g s
7 3.  T h i s  l a c k  o f  i n t e r p r e t a b i l i t y  c o m p l i c a t e s  t h e  a p p l i c a t i o n  o f  L L M s  i n
m e n t a l  h e a l t h ,  w h e r e  t r u s t w o r t h i n e s s  a n d  c l a r i t y  a r e  i m p o r t a n t .  W h e n  w e
talk about neural networks as black boxes, we know what they were trained
with, how they were trained, what the weights are, etc. However,  with many
n e w  L L M s  l i k e  G P T  3 . 5 / 4 ,  r e s e a r c h e r s  a n d  p r a c t i t i o n e r s  o f t e n  a c c e s s  t h e
m o d e l s  v i a  w e b  i n t e r f a c e s  o r  A P I s  w i t h o u t  c o m p l e t e  k n o w l e d g e  o f  t h e
training data,  methods,  and model updates. This situation not only presents
t h e  t r a d i t i o n a l  c h a l l e n g e s  a s s o c i a t e d  w i t h  n e u r a l  n e t w o r k s  b u t  a l s o  h a s  a l l
these additional problems that come from the "hidden" model. 
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E t h i c a l  c o n c e r n  i s  a n o t h e r  s i g n i f i c a n t  c h a l l e n g e  a s s o c i a t e d  w i t h  a p p l y i n g
L L M s  i n  m e n t a l  h e a l t h .  D e b a t e s  a r e  e m e r g i n g  a r o u n d  i s s u e s  l i k e  d i g i t a l
p e r s o n h o o d ,  i n f o r m e d  c o n s e n t ,  t h e  r i s k  o f  m a n i p u l a t i o n ,  a n d  t h e
a p p r o p r i a t e n e s s  o f  A I  i n  m i m i c k i n g  h u m a n  i n t e r a c t i o n s  8 1.  A d d i t i o n a l l y ,
h u m a n  r i g h t s  r i s k s  s u c h  a s  d i s c r i m i n a t i o n  a r e  p i v o t a l  c o n c e r n s .  T h e r e  i s  a
p o s s i b i l i t y  t h a t  L L M s  c o u l d  g e n e r a t e  i n c o n s i s t e n t  r e c o m m e n d a t i o n s  o r
d i s p l a y  i n c r e a s e d  e r r o r  r a t e s  i n f l u e n c e d  b y  p a t i e n t  d e m o g r a p h i c s  s u c h  a s
g e n d e r ,  e t h n i c i t y ,  r a c e ,  a n d  r e l i g i o n ,  t h e r e b y  p e r p e t u a t i n g  h a r m f u l
s t e r e o t y p e s  o r  b i a s e d  p e r s p e c t i v e s  6 9.  A c c o m p a n y i n g  t h e s e  i s s u e s  a r e
w o r r i e s  a b o u t  d a t a  s e c u r i t y  a n d  v i o l a t i o n s  o f  u s e r  p r i v a c y  a n d  a u t o n o m y
62. T herefore,t herei sa n eedt os trengthent her egulationa ndr eviewo ft he
LLM as an adjunctive tool in the mental health field, which is a key focus for
future exploration and action.
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Table 4: Summary of main strengths, limitations, and suggestions of LLMs in mental health from

the selected articles.

CATEGORY STRENGTH LIMITATION SUGGESTION

MENTAL

HEALTH

ANALYSIS

 LLMs have shown great potential in

mental  health  categorization  tasks

and  mental  health  analysis,

especially  in  stress  and  depression

detection 37,41,47,48.

 LLMs can show better performance

and  accuracy  by  integrating  with

other models 32,36,44,55,59.

 LLM can  measure  emerging  trends

related to mental health at scale. This

can  inform  public  health  strategies

and resource allocation 47.

 LLMs  display  diminished  efficacy  in

non-English settings and struggle with

identifying  complex  psychological

conditions 37,47,60.

 Assessment  relies  heavily  on  dataset

annotations, and there are limitations to

the  use  of  sentiment  and  emotion

lexicons due to annotation bias, limited

vocabulary, and the evolving nature of

online language 37,60.

 Most of the studies used limited prompt

settings and relied on the first response

of the LLMs as a prediction. Different

prompts  or  variations  may  produce

more optimized or varied results 37.

 Pay more attention to social media

in  other  countries  where  other

languages are  dominant  and build

databases  specifically  for

depression  screening  and  training

of LLMs 31.

 The  current  dataset  for  stress  and

depression  testing  can  be  re-

annotated  by  multiple

psychologists to minimize bias 37.

 Future experiments should broaden

datasets,  models,  and  prompt

designs,  and  refine  evaluations  to

improve  categorization  accuracy

through varied prompt settings and

response  analysis  across  iterations

36,37.

MENTAL

HEALTH

CHATBOT

 The  LLMs  show  potential  as  a

mental  health  intervention  tool  and

the ability  to generate coherent and

relevant  answers  to  psychological

questions 64.

 LLMs-driven  mental  chatbots  can

reduce  the  burden  of  healthcare  to

some extent, and the online dialogue

approach  offers  the  possibility  of

telemedicine 70.

 LLMs-driven  mental  chatbots  can

help  users  reduce  loneliness  and

emotional  burden  and  reduce  the

stigma associated with mental health

as well as prejudice 62,70.

 Over-reliance on prompts results in the

quality and relevance of the generated

response  being  directly  related  to  the

accuracy of the input prompts, leading

to inaccurate responses if the prompts

are inadequate 68.

 Inappropriate  responses  persist  in  the

public  health  context,  in  part  because

LLMs  rely  on  inherently  biased

training data 62,70.

 LLM-driven  chatbot  output  is

influenced  by  user  biases  and

conversational styles, which can impact

its  message  slot-filling  performance

61,68.

 Refine  prompts  by  integrating

sample  dialogues  for  incremental

learning  to  sharpen  questioning

abilities  and broaden the scope of

prompt dimensions 61,62.

 Customising LLMs-driven chatbots

to target specific groups of people

and expanding the dataset used to

train  LLMs through  a  wide  range

of  sources  representing  more

diverse  demographics,

perspectives, and scenarios 70.

 Advanced  techniques  like  multi-

agent  reinforcement  learning

enable chatbots to adapt slot-filling

strategies  to  conversation  context,

moving beyond static training data

62.

 The  LLMs  (ChatGPT)  outperform

humans  in  the  assessment  of  EA,

recognizing and describing emotions

 LLMs  may  generate  'hallucinatory'

content, presenting inconsistencies and

difficulties in grasping the nuances of

 Detailed documentation of training

datasets,  shared  model

architectures,  and  third-party
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OTHER

APPLICATION

S OF LLMS IN

MENTAL

HEALTH

in specific scenarios 70.

 The LLMs can be invoked to build a

corpus  of  mental  health  support

dialogues  using  its  inclusive

linguistic scalability from single-turn

to multi-turn 77.

 LLMs improve the accuracy of data

analysis  and  the  fluency  of

interactions 72.

social language 73,7680.

 LLMs  that  mimic  human

communication  prompt  critical  ethical

discussions on digital identity, consent,

manipulation  risks,  and  the  potential

for  deceptive  simulations  when  users

are unaware, they're engaging with AI

73,82.

 LLMs are  not  yet  precise  enough for

standalone  clinical  application  in

mental  health  diagnostics  and therapy

and lack interpretability 76.

audits;  outlining  logical

relationships  and  facts  with

knowledge graphs 84.

 Rigorous  risk  assessments  and

enhanced transparency are essential

for  user  interactions  with  AI;

moreover, establishing channels for

user  feedback  on  AI  and

developing  stringent  ethical  codes

and  industry  standards  is

imperative

22,36,62,70,73,74,76,81.

 To build and refine a large database

of  LLMs  specifically  for  mental

health  training  77, to  improve the

performance of  LLMs in empathy

74,  psychopharmacology  80,  etc.,

and  to  develop  their  potential  as

supportive tools 73.
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4. Discussion

4.1Principal findings

In the context of the wider prominence of LLMs in the literature 72,76,82, our research
supports the assertion that interest in LLMs is growing in the field of mental health.
Figure 3 shows the increasing trends in mental health studies using LLMs, while we note
that our search for 2023 ended on 1st September so it only includes part of the year’s
data. Key areas of interest identified by our work are mental health chatbots and the use
of  LLMs  on  social  media  datasets  for  primary  mental  health  screenings.  This  likely
reflects  the  promise  of  these  two  contexts  of  use  as  opportunities  for  LLM-driven
strategies that can be scaled at a low cost to improve mental healthcare provision. This
may be particularly relevant in scenarios where the existing capacity to provide care is
limited. We also note that none of the existing work discovered classes as the strong
standard of clinical evaluation evidence required to support live clinical use.

4.2 Limitations of the Selected Articles 

Beyond  a  lack  of  high-quality  clinical  evidence,  much  of  the  work  discovered  falls
outside the peer-reviewed literature. As detailed in Tables 1, 2, and 3 listing the relevant
articles,  11 of the 32 articles were from arXiv without peer review.  These include 4
articles  on  mental  health  analysis  using  social  media  datasets,  6  on  mental  health
chatbots, and 1 on other applications of LLMs in mental health. Articles from arXiv were
marked in  the  tables.  The  scarcity  of  peer-reviewed  literature  in  the  public  domain
presents a significant challenge for new researchers in the field. 

Throughout the literature review, several further research limitations were identified. A
key concern is the age bias in social media data used for depression and mental health
screening. Users of social media skew towards younger demographics, leading to the
underrepresentation  of  older  age  groups.  This  skew  is  further  compounded  by  the
frequent absence of crucial metadata such as age and gender, adding to the problem of
representation in datasets 47. Language barriers also shape the current development of
the field. While tools like ChatGPT show proficiency in English, their accuracy in other
languages can still  be lacking  76. The resultant focus on English-centric social media
platforms  can overlook  insights  from  non-English-speaking  regions. Future  research
could gain from incorporating data from platforms prevalent in these areas to provide a
more holistic view 31. Another limitation is the diversity of LLMs used was low. Most
articles in our review focused on variants of BERT and ChatGPT. Therefore, this review
provides  only  a  limited  picture  of  the  variability  we  might  expect  in  applicability
between different LLMs. Another limitation is the rapid evolution of LLMs. For example,
studies using GPT-3.5-turbo do not incorporate advancements in subsequent models
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like  GPT-4,  making  it  hard  to  just  find  the  applicability  to  subsequent  models  37.
Additionally,  the  common  practice  of  binary  analysis  in  these  studies  risks
oversimplifying  complex  psychological  conditions by categorizing  social  media  posts
merely  as  'depressed'  or  'non-depressed'  55.  In  the  case  of  complex  mental  health
conditions,  assessment  is  often  more  subjective,  relying  on  expert  judgment  or
assessment of people’s behavior (rather than just text or voice fragments).

4.3 Opportunities and Future Work

Implementing  technologies  involving  LLMs  within  the  healthcare  provision  of  real
patients  demands  thorough  and  multi-faceted  evaluations.  It  is  imperative  for  both
industry  and  researchers  to  not  let  rollout  exceed  proportional  requirements  for
evidence  on  safety  and  efficacy.  At  the  level  of  the  service  provider,  this  includes
providing explicit warnings to the public to discourage mistaking LLM functionality for
clinical reliability. For example, the latest version of ChatGPT-4 introduces the ability to
process and interpret image inputs within conversational contexts, leading OpenAI to
issue  an  official  warning  that  ChatGPT-4  is  not  approved  for  analyzing  specialized
medical images, such as CT scans 85.

A key challenge to address in LLM research is the tendency to produce incoherent text
or hallucinations.  This is a reasonable cause of concern in considering LLM’s role in
future mental  healthcare Future efforts  could focus on training LLMs specifically for
mental health applications, using datasets with expert labeling to reduce bias and create
specialized mental health lexicons. The creation of specialized datasets could leverage
the customizable nature of LLMs, fostering the development of models that cater to the
distinct  needs  of  varied  demographic  groups.  For  example,  in  contrast  to  models
designed  for  healthcare  professionals  to  assist  in  tasks  like  data  documentation,
symptom analysis, medication management, and postoperative care, LLMs for patient
interaction might be trained with an emphasis on empathy and comfortable dialogue.

Data  privacy  is  another  significant  area  of  concern.  Many  LLMs,  like  ChatGPT  and
Claude, involve sending data to third-party servers opening up the risk of data leakage.
One potential solution lies in locally hosting open-source models or deploying LLMs in
private clouds, enabling enhanced control over data storage and access 86.

The lack of interpretability of LLM decision-making is another important area for new
work  on  healthcare  applications. Future  research  should  examine  the  models'
architecture,  training,  and  inferential  processes  for  clearer  understanding. Detailed
documentation  of  training  datasets,  sharing  of  model  architectures,  and  third-party
audits  would  ideally  form  part  of  this  undertaking. Investigating  techniques  like
attention  mechanisms  and  modular  architectures  could  illuminate  aspects  of  neural
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network processing. The implementation of knowledge graphs might help in outlining
logical relationships and facts 84.

Another area for research is reducing LLMs' dependence on user inputs, by optimizing
prompt  design. Future  developers  can  explore  advanced  reinforcement  learning
approaches,  such  as  multi-agent  reinforcement  learning,  which  enhance  LLMs'
capabilities  to  learn  from  interactions  and  advance  their  understanding  of  natural
language  62. In  the  realm  of  mental  health,  LLMs'  abilities  for  sentiment  analysis,
personalized  responses,  and  empathy  are  especially  important.  Using  randomized
factorial  experiments could deepen understanding of prompt design  63. Additionally,
expanding  the  scope  of  experimental  testing  in  prompt  engineering,  including  the
strategic use of minimal learning with psychologically validated dialogue examples, can
refine  the  models'  questioning  acumen. Further  exploration  is  required  to  see  how
various  parameters  influence  prompt  effectiveness,  alongside  experimental
investigations into zero-shot, one-shot, and few-shot prompting 41. These investigations
are expected to reveal how different prompt designs might impact LLM output in terms
of accuracy, reliability, and ultimately applicability.

Prior  to  deployment  in  the  mental  health  sector,  it  is  also  imperative  for  medical
professionals to rigorously evaluate these models to prevent any intervention that might
cause harm. Developing ethical guidelines is a priority for future research. In clinical
settings,  combining  LLMs  with  physician  oversight  could  enhance  effectiveness. For
example,  while  ChatGPT  has  demonstrated  initial  competence  in  recommending
medication, it is not appropriate to be used independent of clinician scrutiny. However, if
viewed instead as a decision-making aid, it could save the physician's time and increase
efficiency. Future  evaluation  schemes  might  include  combined  impact  and  expert
assessments  to  investigate  criteria such as reliability,  security,  fairness,  resistance to
misuse, interpretability, adherence to social norms, robustness, performance, linguistic
accuracy, and cognitive competence  87. These measures are fundamental for creating
ethical frameworks suitable for mental health care.

4.4Conclusion
This review thoroughly examines LLMs in mental  health,  covering social  media data
analysis, chatbots, and their evaluation and solutions. Despite their potential, challenges
like training data bias, model accuracy, and ethical concerns persist. As data quality and
ethical guidelines improve, LLMs are expected to become more integral and important
as they provide an alternative solution to mental health, this global healthcare issue.
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5. Multimedia Appendix 1

Supplementary material 1: Risk of bias assessment

Study Selection

Bias

Performance

Bias

Detection

Bias

Attrition

Bias

Reporting

Bias

Overall

Risk of

Bias

1 Leveraging  Large  Language  Models  to

Power Chatbots for Collecting User Self-

Reported Data

Low Low Low Low Low Low

2 LLM-Empowered  Chatbots  for

Psychiatrist  and  Patient  Simulation:

Application and Evaluation 

Low Low Low Low Low Low

3 Ethical  Dilemmas,  Mental  Health,

Artificial  Intelligence,  and  LLM-Based

Chatbots

Low Low Low Low Low Low

4 A  Medical  Ethics  Framework  for

Conversational Artificial Intelligence

Moderate Low Low Low Low Low

5 Understanding  the  Benefits  and

Challenges of Deploying Conversational

AI Leveraging Large Language Models

for Public Health Intervention

Moderate Low Low Low Low Low

6 Towards  Healthy  AI:  Large  Language

Models Need Therapists Too

Low Low Low Low Low Low

7 Exploring  The  Design  of  Prompts  for

Applying  GPT-3  Based  Chatbots:  A

Mental  Wellbeing  Case  Study  on

Mechanical Turk

Low Low Low Low Low Low

8 Psy-LLM:  Scaling  Up  Global  Mental

Health Psychological  Services with AI-

Based Large Language Models

Low Low Low Low Low Low
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9 Carebot: A Mental Health Chatbot Moderate Low Low Low Low Low

1

0

1. May The Force of  Text Data Analysis

Be with You: Unleashing the  Power of

Generative  AI  for  Social  Psychology

Research

Unclear Unclear Unclear Low Low Low

11 Chatgpt  as  a  Complementary  Mental

Health Resource: A Boon or A Bane

Unclear Unclear Unclear Low Low Low

1

2

Testing Domain Knowledge and Risk of

Bias of A Large-Scale General Artificial

Intelligence Model in Mental Health

Moderate Low Low Low Low Low

1

3

Could  Artificial  Intelligence  Write

Mental Health Nursing Care Plans?

Moderate Low Low Low Low Low

1

4

ChatGPT  Outperforms  Humans  in

Emotional Awareness Evaluations

Low Low Low Low Low Low

1

5

ChatGPT  and  Its  Application  in  The

Field of Mental Health

Moderate Low Low Low Low Low

1

6

SMILE:  Single-Turn  to  Multi-Turn

Inclusive  Language  Expansion  Via

ChatGPT for Mental Health Support

Moderate Low Low Low Low Low

1

7

Research Letter: Application of GPT-4 to

Select  Next-Step  Antidepressant

Treatment in Major Depression

Moderate Low Low Low Low Low

1

8

Beyond Human Expertise: The Promise

and Limitations of ChatGPT in Suicide

Risk Assessment

Low Low Low Low Low Low

1

9

ChatGPT,  GPT-4,  and  Other  Large

Language  Models  –  The  Next

Revolution for Clinical Microbiology?

Unclear Unclear Unclear Low Low Low

2

0

Medical AI Chatbots: Are They Safe to

Talk to Patients?

Unclear Unclear Unclear Low Low Low

2

1

Consumer Perceptions of Telehealth for

Mental  Health  or  Substance  Abuse:  A

Twitter-Based Topic Modeling Analysis

Moderate Low Low Low Low Low

2

2

Ensembles  of  BERT  for  Depression

Classification

Moderate Low Low Low Low Low

2

3

Mental-LLM:  Leveraging  Large

Language  Models  for  Mental  Health

Prediction Via Online Text Data

Moderate Low Low Low Low Low

2 Evaluation of  ChatGPT for  NLP-Based Moderate Low Low Low Low Low
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4 Mental Health Applications

2

5

Towards  Interpretable  Mental  Health

Analysis with ChatGPT

Moderate Low Low Low Low Low

2

6

Psychbert:  A  Mental  Health  Language

Model  for  Social  Media  Mental  Health

Behavioral Analysis

Low Low Low Low Low Low

2

7

Cairodep:  Detecting  Depression  in

Arabic Posts Using BERT Transformers  

Low Low Low Low Low Low

2

8

Mental Health Analysis During COVID-

19: A Comparison Before and During the

Pandemic

Moderate Low Low Low Low Low

2

9

An Emotionally  Aware  Friend:  Moving

Towards Artificial General Intelligence

Low Low Low Low Low Low

3

0

Leveraging  BERT  With  Extractive

Summarization for Depression Detection

on Social Media

Moderate Low Low Low Low Low

3

1

Analysis on Tweets Towards COVID-19

Pandemic: An Application of Text-Based

Depression Detection

Moderate Low Low Low Low Low

3

2

A  Novel  Text  Mining  Approach  for

Mental  Health  Prediction  Using  Bi-

LSTM and BERT Model

Low Low Low Low Low Low

Table S1: Risk of bias assessment

6. Multimedia Appendix 2

Supplementary material 2: List of studies excluded at full-text screening stage

Title Year Author Exclusion reason

1 Global  Mental  Health  Services  and  the  Impact  of  Artificial

Intelligence-Powered Large Language Models

2023 Alastair  C.  van

Heerden

Review  paper,  too

short

2 Safety  Profile  of  Methylphenidate  Under  Long-Term Treatment  in

Adult ADHD Patients - Results of the COMPAS Study

2020 Bernhard Kis Not about LLMs

3 Mental Health and Discrimination among Migrants from Africa: An

Italian Cross-Sectional Study

2022 Gianluca Voglino Not about LLMs

4 Chat-GPT: Opportunities and Challenges in Child Mental Healthcare 2023 Nazish Imran Review  article,  too

short

5 The  Emergent  Role  of  Artificial  Intelligence,  Natural  Learning

Processing,  and  Large  Language  Models  in  Higher  Education  and

Research

2023 Tariq Alqahtani Not  about  mental

health

6 Mental  Health  and  Adherence  to  Mediterranean  Diet  among

University Students: An Italian Cross-Sectional Study

2021 Giuseppina Lo Moro Not  about  mental

health
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7 Exploring Cyberaggression and Mental Health Consequences among

Adults: An Italian Nationwide Cross-Sectional Study

2023 Giuseppina Lo Moro Not  about  mental

health

8 Can  Natural  Language  Processing  Models  Extract  and  Classify

Instances of Interpersonal Violence in Mental Healthcare Electronic

Records: An Applied Evaluative Study

2022 Riley Botelle Not about LLMs 

9 Effects  of  Covid-19  Lockdown  on  Mental  Health  and  Sleep

Disturbances in Italy

2020 Maria  Rosaria

Gualano

Not about LLMs

1

0

The Culture of Health in Early Care and Education: Workers’ Wages,

Health, And Job Characteristics

2019 Jennifer J. Otten Not about LLMs

11 ChatGPT  on  ECT:  Can  Large  Language  Models  Support

Psychoeducation?

2023 Robert M Lundin Review  article,  too

short

1

2

Effectiveness of Guided and Unguided Online Alcohol Help: A Real-

Life Study

2022 Ans Vangrunderbeek Not about LLMs

1

3

Listening  to  Mental  Health  Crisis  Needs  at  Scale:  Using  Natural

Language Processing to  Understand and Evaluate  a Mental  Health

Crisis Text Messaging Service

2021 Zhaolu Liu Not about LLMs

1

4

Emotional Eating and Depression During the Pandemic: QuarantEat,

an Italian Nationwide Survey

2022 Giuseppina  Lo  Moro

M.D.

Not about LLMs

1

5

Technology Enhanced Health and Social Care for Vulnerable People

During the COVID-19 Outbreak

2021 Evangelia  D

Romanopoulou

Not about LLMs

1

6

A CNN-Transformer Hybrid Approach for Decoding Visual Neural

Activity into Text

2022 Jiang Zhang Not  about  mental

health

1

7

Multimodal  Automatic  Coding  of  Client  Behavior  in  Motivational

Interviewing

2020 Leili Tavabi Not about LLMs

1

8

The  Effectiveness  of  Psychological  Interventions  Alone,  or  in

Combination with Phosphodiesterase-5 Inhibitors, for the Treatment

of Erectile Dysfunction: A Systematic Review

2021 Sandrine Atallah Not about LLMs

1

9

Treatment of Pain in Cancer: Towards Personalised Medicine 2018 Marieke H J van den

Beuken-van

Everdingen

Not about LLMs

2

0

Automatic  Depression  Severity  Assessment  with  Deep  Learning

Using Parameter-Efficient Tuning

2023 Clinton Lau Not about LLMs

2

1

Enabling Early Health Care Intervention by Detecting Depression in

Users of Web-Based Forums using Language Models: Longitudinal

Analysis and Evaluation

2022 David Owen Duplicate

2

2

Authentic Engagement: A Conceptual Model for Welcoming Diverse

and  Challenging  Consumer  and  Survivor  Views  in  Mental  Health

Research, Policy, and Practice

2019 Indigo Daya BBus Not about LLMs

2

3

The Impact of COVID-19 on Mental Health in Medical Students: A

Cross-Sectional Survey Study in Italy

2022 Sara Carletto Not about LLMs

2 How do you feel? Using natural language processing to automatically 2021 Michael J. Tanana Not about LLMs
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4 rate emotion in psychotherapy

2

5

Depression  Risk  Prediction  for  Chinese  Microblogs  via  Deep-

Learning Methods: Content Analysis

2020 Xiaofeng Wang Duplicate

2

6

Depression,  Suicidal  Ideation  and  Perceived  Stress  in  Italian

Humanities Students: A Cross-Sectional Study

2020 Fabrizio Bert Not about LLMs

2

7

Transfer  Learning  for  Risk  Classification  of  Social  Media  Posts:

Model Evaluation Study

2019 Derek Howard Duplicate

2

8

AI Assisted Attention Mechanism for Hybrid Neural Model to Assess

Online Attitudes About COVID-19

2022 Harnain Kour Not  about  mental

health

2

9

Behavioural,  Emotional  and  Rhythm-Related  Disturbances  in

Toddlers:  Preliminary Findings from a Community-Based Study in

Kerala, India

2021 Preeti Jacob Not about LLMs

3

0

MMASleepNet:  A  Multimodal  Attention  Network  Based  on

Electrophysiological Signals for Automatic Sleep Staging

2022 Yubo Zheng Not about LLMs

3

1

Development  of  Internet  Suicide  Message  Identification  and  the

Monitoring-Tracking-Rescuing Model in Taiwan

2023 En-Liang Wu Not about LLMs

3

2

LGCCT: A Light Gated and Crossed Complementation Transformer

for Multimodal Speech Emotion Recognition

2022 Feng Liu Not  about  mental

health

3

3

Nursing  Education  in  the  Age  of  Artificial  Intelligence  Powered

Chatbots (AI-Chatbots): Are We Ready Yet?

2023 Wilson Tam Not  about  mental

health

3

4

Neural  Mediation  of  Greed  Personality  Trait  on  Economic  Risk-

Taking

2019 Weiwei Li Not about LLMs

3

5

Data-driven Depression Detection System for Textual Data on Twitter

Using Deep Learning

2022 Mushrifah Hasan Duplicate

3

6

Stress Identification in Online Social Networks 2022 Ashok Kumar Duplicate

3

7

Stress  Detection  from  Social  Media  Articles:  New  Dataset

Benchmark and Analytical Study

2022 Aryan Rastogi Duplicate

3

8

A Radical Approach to Depression Detection 2022 Xue Lei Not about LLMs

3

9

Doing Well-Being: Self-Reported Activities Are Related to Subjective

Well-Being

2022 August Håkan Nilsson Not about LLMs

4

0

Increased Online  Aggression  During COVID-19 Lockdowns:  Two-

Stage  Study  of  Deep  Text  Mining  and  Difference-in-Differences

Analysis

2022 Jerome Tze-Hou Hsu Duplicate

4

1

Surveilling COVID-19 Emotional Contagion on Twitter by Sentiment

Analysis

2020 Cristina Crocamo Duplicate

4

2

Efficacy  Of  A Group  Psychoeducation  Treatment  in  Binge  Eating

Disorder: An Open-Label Study

2022 Silvia Liquori Not about LLMs

4

3

Network  Sentiment  Analysis  of  College  Students  in  Different

Epidemic Stages Based on Text Clustering

2022 Zhenghuai Song Duplicate
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4

4

Rvm-Gsm: Classification of Oct Images of Genitourinary Syndrome

of  Menopause  Based  on  Integrated  Model  of  Local-Global

Information Pattern

2023 Kaiwen Song Not  about  mental

health

4

5

Monitoring The Impact of Covid-19 Pandemic on Mental Health: A

Public Health Challenge? Reflection On Italian Data

2021 Maria  Rosaria

Gualano

Review  article,  too

short

4

6

Analysis  of  sentiment  changes  in  online  messages  of  depression

patients  before  and  during  the  COVID-19  epidemic  based  on

BERT+BiLSTM

2022 Chaohui Guo Duplicate

4

7

Effectiveness  of  A Brief  Dialectical  Behavior  Therapy  Intensive-

Outpatient Community Health Program

2022 Craig A Warlick Not  about  mental

health

4

8

The Auto Segmentation for  Cardiac  Structures  Using a Dual-Input

Deep Learning Network Based on Vision Saliency and Transformer

2022 Jing Wang Not  about  mental

health

4

9

Exploring  the  Possible  Health  Consequences  of  Job  Insecurity:  A

Pilot Study Among Young Workers

202 Fabrizio Bert Not about LLMs

5

0

Sentiment Analysis of Insomnia-Related Tweets via A Combination

of  Transformers  Using  Dempster-Shafer  Theory:  Pre-  and  Peri-

COVID-19 Pandemic Retrospective Study

2022 Arash Maghsoudi Duplicate

5

1

Opioid  Death  Projections  with  Ai-Based  Forecasts  Using  Social

Media Language

2023 Matthew Matero Not  about  mental

health

5

2

Predicting  Generalized  Anxiety  Disorder  from  Impromptu  Speech

Transcripts  Using  Context-Aware  Transformer-Based  Neural

Networks: Model Evaluation Study

2023 Bazen Gashaw Teferra Duplicate

5

3

Multimodal  Treatment  Efficacy  Differs  in  Dependence  of  Core

Symptom Profiles in Adult Attention-Deficit/Hyperactivity Disorder:

An Analysis of the Randomized Controlled Compas Trial

2022 Benjamin

Selaskowski

Not about LLMs

5

4

Examining  the  Psychometric  Properties  of  the  Integrative  Hope

Scale's  English  Translation  in  A  Mixed-Diagnostic  Community

Health Sample

2022 Craig A Warlick Not about LLMs

5

5

Social  Media  for  Psychological  Support  of  Patients  with  Chronic

Non-Infectious Diseases: A Systematic Review

2023 Fabrizio Bert Not about LLMs

5

6

Systematic  Review  and  Meta-Analysis  of  the  Effects  of  Group

Painting Therapy on the Negative Emotions of Depressed Adolescent

Patients

2021 Zhaoxia Yuan Not about LLMs

Table S2: Studies excluded after full text screening. LLMs=large language models

7. Multimedia Appendix 3

Supplementary material 3: PRISMA Checklist

Section and 

Topic 

Item

#
Checklist item 

Location where 

item is reported 

TITLE 
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Section and 

Topic 

Item

#
Checklist item 

Location where 

item is reported 

Title 1 Identify the report as a systematic review. Title Page- Pg 1

ABSTRACT 

Abstract 2 See the PRISMA 2020 for Abstracts checklist. Abstract- Pg 1-2

INTRODUCTION 

Rationale 3 Describe the rationale for the review in the context of existing knowledge. Introduction- Pg 

2-5

Objectives 4 Provide an explicit statement of the objective(s) or question(s) the review addresses. Introduction- Pg 5

METHODS 

Eligibility 

criteria 

5 Specify the inclusion and exclusion criteria for the review and how studies were grouped for the 

syntheses.

Methods- Pg 5

Information 

sources 

6 Specify all databases, registers, websites, organisations, reference lists and other sources searched 

or consulted to identify studies. Specify the date when each source was last searched or consulted.

Methods- Pg 6

Search 

strategy

7 Present the full search strategies for all databases, registers and websites, including any filters and 

limits used.

Methods- Pg 5

Selection 

process

8 Specify the methods used to decide whether a study met the inclusion criteria of the review, 

including how many reviewers screened each record and each report retrieved, whether they 

worked independently, and if applicable, details of automation tools used in the process.

Methods- Pg 5

Data 

collection 

process 

9 Specify the methods used to collect data from reports, including how many reviewers collected data

from each report, whether they worked independently, any processes for obtaining or confirming 

data from study investigators, and if applicable, details of automation tools used in the process.

Methods- Pg 5-6

Data items 10a List and define all outcomes for which data were sought. Specify whether all results that were 

compatible with each outcome domain in each study were sought (e.g. for all measures, time points,

analyses), and if not, the methods used to decide which results to collect.

Methods- Pg 5-6

10b List and define all other variables for which data were sought (e.g. participant and intervention 

characteristics, funding sources). Describe any assumptions made about any missing or unclear 

information.

Methods- Pg 6

Study risk of 

bias 

assessment

11 Specify the methods used to assess risk of bias in the included studies, including details of the 

tool(s) used, how many reviewers assessed each study and whether they worked independently, and

if applicable, details of automation tools used in the process.

Methods- Pg 5-6; 

Multimedia 

Appendix 1

Effect 

measures 

12 Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the 

synthesis or presentation of results.

Methods- Pg 6

Synthesis 

methods

13a Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating

the study intervention characteristics and comparing against the planned groups for each synthesis 

(item #5)).

Methods- Pg 5-6

13b Describe any methods required to prepare the data for presentation or synthesis, such as handling of Methods- Pg 5-6
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Section and 

Topic 

Item

#
Checklist item 

Location where 

item is reported 

missing summary statistics, or data conversions.

13c Describe any methods used to tabulate or visually display results of individual studies and 

syntheses.

Methods- Pg 5-6

13d Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-

analysis was performed, describe the model(s), method(s) to identify the presence and extent of 

statistical heterogeneity, and software package(s) used.

Methods- Pg 5-6

13e Describe any methods used to explore possible causes of heterogeneity among study results (e.g. 

subgroup analysis, meta-regression).

Methods- Pg 5-6

13f Describe any sensitivity analyses conducted to assess robustness of the synthesized results.

Reporting 

bias 

assessment

14 Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from 

reporting biases).

Methods- Pg 5-6

Certainty 

assessment

15 Describe any methods used to assess certainty (or confidence) in the body of evidence for an 

outcome.

Methods- Pg 5-6

RESULTS 

Study 

selection 

16a Describe the results of the search and selection process, from the number of records identified in the

search to the number of studies included in the review, ideally using a flow diagram.

Results- Pg 6

16b Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain 

why they were excluded.

Results- Pg 6; 

Multimedia 

Appendix 2

Study 

characteristic

s 

17 Cite each included study and present its characteristics. Results- Pg 9-12 

(Table1-3)

Risk of bias 

in studies 

18 Present assessments of risk of bias for each included study. Multimedia 

Appendix 1

Results of 

individual 

studies 

19 For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) 

and (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using 

structured tables or plots.

Results- Pg 9-12 

(Table1-3)

Results of 

syntheses

20a For each synthesis, briefly summarise the characteristics and risk of bias among contributing 

studies.

Results – Pg 9-12,

15-16

20b Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the

summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical 

heterogeneity. If comparing groups, describe the direction of the effect.

Results - Pg 13-16

20c Present results of all investigations of possible causes of heterogeneity among study results. Results - Pg 13-16

20d Present results of all sensitivity analyses conducted to assess the robustness of the synthesized 
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Section and 

Topic 

Item

#
Checklist item 

Location where 

item is reported 

results.

Reporting 

biases

21 Present assessments of risk of bias due to missing results (arising from reporting biases) for each 

synthesis assessed.

Methods - Pg 15-

16; Multimedia 

Appendix 1

Certainty of 

evidence 

22 Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed. Results - Pg 9-16

DISCUSSION 

Discussion 23a Provide a general interpretation of the results in the context of other evidence. Discussion- Pg 

17-20

23b Discuss any limitations of the evidence included in the review. Methods- Pg 15-

16; Discussion- 

Pg 17

23c Discuss any limitations of the review processes used. Discussion- Pg 

18-19

23d Discuss implications of the results for practice, policy, and future research. Discussion- Pg 

19-20

OTHER INFORMATION

Registration 

and protocol

24a Provide registration information for the review, including register name and registration number, or

state that the review was not registered.

Methods- Pg 5

24b Indicate where the review protocol can be accessed, or state that a protocol was not prepared. Methods- Pg 5

24c Describe and explain any amendments to information provided at registration or in the protocol. Methods- Pg 5

Support 25 Describe sources of financial or non-financial support for the review, and the role of the funders or 

sponsors in the review.

Acknowledgment-

Pg 21

Competing 

interests

26 Declare any competing interests of review authors. Conflicts of 

Interest- Pg 21

Availability 

of data, code 

and other 

materials

27 Report which of the following are publicly available and where they can be found: template data 

collection forms; data extracted from included studies; data used for all analyses; analytic code; any

other materials used in the review.

Data sharing 

statement- Pg 21

Table S3: PRISMA Checklist 
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