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Abstract

Background: Recent advancements in large language models (LLMsS) present promising opportunities for improving the
management of chronic health conditions and mental health challenges. However, their integration into healthcare remains
complex, especially with rapid developments like ChatGPT since 2022. These developments highlight the need for collaboration
between healthcare professionals (HCPs) and LLM-powered agents to ensure safe and effective adoption.

Objective: This scoping review aims to assess and synthesize how LLM agents are integrated into healthcare to support chronic
disease and mental health management while guiding informed adoption.

M ethods: We conducted a scoping review following Arksey and O'Malley's framework. We searched PubMed/MEDLINE,
Embase, ACM Digital Library, and Web of Science for English-language articles published between 1st Jan 2020 to 17th April
2024 that examined the use of LLM-powered agents as assistive tools in managing chronic conditions and mental health. After
screening for inclusion, we performed data extraction and summarized the findings.

Results: We tota included 14 studies. Among those six used pretrained models without any modification, while eight studies
fine-tuned or augmented the models to improve performance. LLM-powered agents made contributions across various medical
decision-making scenarios by assisting with health data interpretation, automating clinical assessment and monitoring, and
providing clinical decision references. Three key aspects of LLM evauation emerged: model performance, comparative
evaluation, and human evaluation.

Conclusions: Responsible integration of LLM-powered agents requires caution due to early-stage challenges like data
limitations and Al hallucinations. Sustainable adoption will benefit from practical insights into user interactions and real-world
implementation. Future studies should establish performance benchmarks, focus on user experience, improve LLM functionality,
and set protocols for long-term evaluation, addressing stability and reliability to ensure lasting benefits in patient care.
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Leveraging large language model (LLM)-powered agents when
addressing problems in mental health and chronic conditions: a
scoping review

Abstract

Background: Recent advancements in large language models (LLMs) present promising
opportunities for improving the management of chronic health conditions and mental health
challenges. However, their integration into healthcare remains complex, especially with rapid
developments like ChatGPT since 2022. These developments highlight the need for collaboration
between healthcare professionals (HCPs) and LLM-powered agents to ensure safe and effective
adoption.

Objective: This scoping review aims to assess and synthesize how LLM agents are integrated into
healthcare to support chronic disease and mental health management while guiding informed
adoption.

Methods: We conducted a scoping review following Arksey and O'Malley's framework. We
searched PubMed/MEDLINE, Embase, ACM Digital Library, and Web of Science for English-
language articles published between 1st Jan 2020 to 17th April 2024 that examined the use of LLM-
powered agents as assistive tools in managing chronic conditions and mental health. After screening
for inclusion, we performed data extraction and summarized the findings.

Results: We total included 14 studies. Among those six used pretrained models without any
modification, while eight studies fine-tuned or augmented the models to improve performance.
LLM-powered agents made contributions across various medical decision-making scenarios by
assisting with health data interpretation, automating clinical assessment and monitoring, and
providing clinical decision references. Three key aspects of LLM evaluation emerged: model
performance, comparative evaluation, and human evaluation.

Conclusions: Responsible integration of LLM-powered agents requires caution due to early-stage
challenges like data limitations and AI hallucinations. Sustainable adoption will benefit from
practical insights into user interactions and real-world implementation. Future studies should
establish performance benchmarks, focus on user experience, improve LLM functionality, and set
protocols for long-term evaluation, addressing stability and reliability to ensure lasting benefits in
patient care.

Keywords: large language models; LLM; chronic disease; mental health; ChatGPT; scoping; review;
NLP; chronic conditions; Natural Language Processing

Introduction

Recent advancements in large language models (LLMs) have provided substantial benefits for tasks
requiring sophisticated text processing and generation capabilities. These advancements offer
promising opportunities for healthcare across various domains, including research, education, and
patient care [1], particularly in addressing complex areas such as chronic health conditions and
mental health challenges [2-4].

Chronic conditions, which include four main types, cardiovascular diseases, cancer, diabetes, and
chronic respiratory diseases, demand long-term management that can span years or even decades.
These conditions account for nearly 70% of deaths worldwide and an increasing burden of morbidity
that reduces productivity, increases medical spending, and shortens lives [5-7]. Unlike acute
conditions, chronic illnesses necessitate lifelong treatment, placing substantial demands on
healthcare resources. The economic impact is significant, with chronic diseases consuming up to 7%
of a nation’s GDP due to their negative effects on economic activities and the associated rise in
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public health and social welfare expenditures [8 9]. The main cost drivers in healthcare systems
include increased service utilization, medication expenses, and the need to adapt health services [8].
Artificial Intelligence (AI) has shown promise in reducing such costs associated with chronic care
[10]. Within AI, Natural Language Processing (NLP) stands out as particularly beneficial. NLP has
proven valuable in various aspects of chronic disease management such as diagnosis [11],
interpretation of clinical narratives [12], and patient self-management [13]. Chronic health conditions
often intersect with mental health challenges, with individuals suffering from chronic diseases being
two to three times more likely to experience concurrent mental health issues compared to the general
population [14]. When mental health issues persist, they can also be classified as chronic conditions,
requiring attentive, responsive care with a focus on increasing awareness and encouraging proactive
help-seeking. NLP methods offer valuable insights in addressing mental health including extracting
symptoms, classifying severity of illness, comparing therapy effectiveness, providing
psychopathological clues, and challenging the current nosography [15].

LLM-powered agents, as a specialized development within NLP, have the potential to become
crucial partners in healthcare delivery, enhancing efficiency and reducing long-term costs [16].
However, responsibly integrating these technologies poses significant challenges, particularly in light
of developments like ChatGPT, which has spurred rapid progress since 2022. The increasing
capabilities of LLM-powered agents introduce new complexities and concerns, especially when
tasked with interpreting vast amounts of clinical data to provide patient-specific insights [1 3]. These
models are not yet ready to serve as standalone decision-making tools due to issues such as Al
hallucinations, ethical concerns, and the need for greater accountability [17-21]. This underscores the
necessity for collaboration between healthcare professionals (HCPs) and these agents, emphasizing
the need to involve professional expertise in navigating these advancements. Studies have
demonstrated the potential of such partnerships in adapting clinical guidelines [22], medical decision
making [23], and patient education [24]. However, these collaboration modes are diverse and
dynamic, constrained by existing healthcare paradigms. Given the rigid nature of these paradigms,
further exploration of collaboration modes and recommendations for improvement could facilitate
more effective partnerships in the future, particularly in managing chronic diseases and mental health
care. Our focus is on ensuring sustainable and responsible deployment to maximize the benefits of
LLM-powered agents in clinical practice. This review aims to explore existing collaborations
between LLM-powered agents and stakeholders in the healthcare environment for managing chronic
conditions and mental health care. Our research question is: "How LLM-powered agents are
employed as assistive tools in to enhance the management of mental health and chronic condition
challenges?" We examined the research studies for the training and model refinement strategies
utilized in developing these models and their practical applications in clinical practice, and evaluated
their performance, along with the methods used to assess their performance in studies where they
have been employed as assistive tools.

Methods

This scoping review was conducted following the Arksey and O'Malley framework [25] and
recommendations for clarification of the Arksey and O'Malley framework proposed by Levac et al
[26]. It is reported according to the PRISMA Extension for Scoping Reviews (PRISMA-ScR)
checklist (Multimedia Appendix 1). The protocol was registered at Open Science Framework
(Multimedia Appendix 2). The search terms remained unchanged as they were in the registered
protocol.

Search strategy

A literature search was performed using PubMed/MEDLINE, Embase, ACM digital library, and Web
of Science databases. We consulted a medical librarian to develop the literature search strategy. The
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search was conducted using two keyword groups: "mental health" "chronic disease" and "LLM".
Multimedia Appendix 3 contains the full search strategy for four databases.

Study screening

Studies were screened according to a three-step process that encompassed i) managing search results
and removing duplicates using Mendeley and Rayyan; ii) title and abstract screening; and iii) full-
text screening. This scoping review focused on English-language studies published between 1st Jan
2020 to 17th April 2024 that evaluated the use of LLM-powered agents as assistive tools in
managing chronic diseases and mental health conditions. Two reviewers (QA, PY) independently
conducted the title and abstract screening to assess the initial pool of identified citations for
eligibility. This was followed by an independent full-text screening by the same reviewers (QA, PY)
to confirm study inclusion. Any conflicts arising during either the title/abstract or full-text screening
stages were resolved through discussion between the reviewers. Additionally, two reviewers (QA,
PY) independently screened titles and abstracts from relevant grey literature, which was identified
through a manual search. The screening process is visualized in the PRISMA flow diagram in Fig. 1.
The specific inclusion and exclusion criteria applied during the screening process are detailed in
Table 1.

Table 1. Inclusion and exclusion criteria.

Inclusion criteria

1 | Articles evaluated the LLMs in treating chronic conditions or mental health
problems in English.

Original peer-reviewed articles published as a journal article

4 | The use of LLM in addressing chronic conditions or mental health problems is the
primary subject of this study. (Mental health problems examined do not need to be
chronic)

5 | HCPs remain in control of the care process, with LLM-powered agents serving in
an assistive role explicitly mentioned in the report. Articles attempting to replace
HCPs with ChatGPT are excluded.

Exclusion criteria

1 | Review articles, protocols, and letters to editors are excluded.

2 | Interventions aimed at detecting, diagnosing, or preventing chronic diseases or
mental health problems are excluded.

Articles without evaluation reports are excluded.

4 | Articles that focus on mental health issues or chronic diseases but also include
other conditions with comparable symptoms are excluded.

5 | Articles not specific to chronic conditions are excluded (e.g., only cardiovascular
without mentioning if it is chronic).

6 | Qualitative studies that investigate broad perspectives on LLMs are excluded
(only studies on specific LLMs are included).

N

W
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Figure 1. PRISMA Flow Diagram for the scoping review process.
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Data extraction

Data extraction was carried out independently by the primary author (Q.A.), who documented the
information in a Microsoft Excel spreadsheet. The extracted data encompassed various aspects: study
characteristics, strategies for LLM training and refinement, the application of LLMs in clinical
settings, their performance across different use cases, and the evaluation methods used to assess their
effectiveness. The extraction table was subsequently validated by the co-author (P.Y.) to ensure
accuracy. In addition to the tabulated data, a narrative summary was provided. This summary
connects the findings to the overall objectives and the research question of the review and offers
insights into how these results can inform the future integration of LLM-powered agents in the
management of mental health and chronic conditions.

Results

14 studies were finally included from 1296 retrieved citations from four databases (Figurel).

Study characteristics

All 14 studies included were published between 2023 and 2024. The characteristics of these studies
(year, country, focused conditions, primary user of the agent, study aim and study design) are
detailed in Table 2. Four were conducted in Europe, six in the United States, and four in Asia. Of
these, two studies focused on mental health problems [27 28] , while the remaining 12 articles
addressed various chronic conditions [29-40]. Among the mental health studies, one used LLMs to
assist in assessing depression severity [27], and the other supported psychotherapists in daily
consultations [28]. The chronic condition studies predominantly concentrated on cancer patients,
covering a range of types such as lung cancer [29-31], head and neck cancer [32], prostate cancer [30
33 34], breast cancer [29 30 35], gynecological cancer [29], colorectal cancer [29] and thyroid cancer
[36 37]. Other chronic conditions examined included diabetes [38], stroke [39], and hematologic
malignancies [40]. Most studies employed a methodological, observational, or experimental study
design, primarily dealing with quantitative data [27 29-32 34-40], with one being a qualitative
analysis [28]. The primary objectives of the included studies were to evaluate the feasibility of using
specific LLM-powered agents in distinct scenarios [27 28 30 32 34-36 38-40], compare different
interaction patterns of LLM agent use [33], or assess the performance of various LLM-powered
agents across specific contexts [27 29 31 37].

Table 2. Studies evaluating LLMs for addressing chronic conditions and mental health issues

Year, Chronic Primary user of | Study aim Study design
Country, condition or | the agent
Author mental health
issues
2023, Consecutive Nuclear To investigate the | An observational
Korea, Son | cancer medicine feasibility of | diagnostic
[30] specialists developing a deep | accuracy study
learning model for
detecting bone
metastasis in bone
scans using
ChatGPT.
2024, Stroke Stroke specialists | To  develop an | An algorithm
China, Gu automatic, development and
[39] quantitative  stroke | validation study
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JMIR Preprints

severity —assessment
framework through
automating the entire
National Institutes of
Health Stroke Scale
(NIHSS) scoring
process on Chinese
clinical  electronic
health records
(EHRs).

(methodological
study)

2023,
Germany,
Fink [31]

Lung cancer

Lung
radiologists

cancer

To compare the
performance of the
ChatGPT and GPT-4
in data mining and
labeling  oncologic
phenotypes from
free-text CT reports
on lung cancer by
using  user-defined
prompts.

A retrospective
comparative
performance
evaluation study
(methodological
study)

2024,
Belgium.
Lechien
[32]

Head and
neck cancer

Head and neck

cancer
oncologists

To evaluate the
ChatGPT-4

performance in
oncological ~ board

decisions.

A prospective
observational
study

2023,
USA, Wu
[33]

Prostate
cancer

Prostate radiation

oncologists

To explore using
GPT-4 for radiation
toxicity —monitoring
in prostate cancer
treatments using two
different methods: a
summarization
method and a
chatbot
interface.

A prospective
observational
study

2024,
USA,
Pakhomov
[40]

Hematologic
malignancies

Patients
hematologic
malignancies

with

and
the
Neural
Assistant
system,

To introduce
evaluate
Automated
Nursing
(ANNA)
which is designed
for intensive
monitoring of
cognitive symptoms
associated with
neurotoxicity
following
immunotherapy  of
hematologic

A pilot study and
a prospective
observational
study
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malignancies.

2023,
Romania,
Albajy
[38]

Diabetes

Diabetes
specialists

To develop
predictive models for
High-Density
Lipoprotein levels in
diabetic patients
using various
regression
techniques utilizing
multiple regression
techniques with the
assistance of
ChatGPT’s Code
Interpreter plugin.

A prospective
observational
study design
combined with
machine learning
analysis

2023,
Singapore,
Tan [29]

Cancer

Cancer
specialists,
particularly
oncologists or
radiologists

To evaluate LLMs'
ability to accurately
infer cancer disease
response from free-
text radiology
reports.

A retrospective
observational
study

2023,
USA,
Gebrael
[34]

Metastatic
prostate
cancer

Emergency room
HCPs

To investigate the
effectiveness of
ChatGPT, an
advanced artificial
intelligence system,
in assisting health
providers with
decision-making for
patients  presenting
with metastatic
prostate cancer in the
emergency room.

A retrospective
observational
study

2023,
USA, Lian
[36]

Thyroid
cancer

Thyroid
specialists

cancer

To create a
preliminary NLP
pipeline for
extracting health-
related quality of life
(HRQOL)
trajectories
patient
utilizing
for
augmentation.

from
language,
ChatGPT
data

A
methodological
study

2023,
Korea,
Choi [35]

Breast cancer

Breast
specialists

cancer

To evaluate the time
and cost of
developing prompts
using LLM, tailored
to extract clinical
factors in  breast

A retrospective
observational
study
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cancer patients and
their accuracy.

2023, Thyroid Thyroid To improve the | A
USA, cancer specialists extraction of thyroid | methodological
Pathak nodule study
[37] characteristics from
ultrasound  reports
using LLMs.
2023, Depression Psychologists To tackle the issue of | An experimental
USA, Lau working with | data  scarcity  in | study
[27] depression depression
assessment by

employing LLMs for
data augmentation.

2024, Psychological | Patients with | To evaluate the role | A qualitative
Austria, issues psychological and effectiveness of | analysis
Raile [28] issues ChatGPT as a

supplementary

resource for mental

health support.

LLM training and model refinement

Table 3 provides detailed descriptions of the adaptation of LLMs in the included studies. All included
studies adapted LLMs with ChatGPT being the most frequently utilized. Most studies did not
provide explicit reasons for their choices of the initial LLM, although one study justified their choice
influenced by similar usage in other research [28]. Six studies directly used the pretrained models
without modification, whereas eight studies fine-tuned the pretrained LLMs or conducted data
augmentation for training data to improve the model performance. Among included architectures, the
GPT architecture was the most commonly chosen for those model refinement.

The datasets used for fine-tuning were diverse and tailored to the specific needs of each study. These
included electronic health records (EHRs) [38 39], free-text radiology reports [29 31 35 37], and
patient interview data [27 36]. Some studies also incorporated data augmentation techniques to
enrich their training datasets. For instance, Tan et al. used sentence permutation to create synthetic
radiology reports, thereby expanding the training data and increasing the sample size, which led to
improved accuracy [29]. They also demonstrated that the ADAPET method, a prompt-based fine-
tuning approach using the GatorTron model, effectively reduced the required number of training
reports [29]. Similarly, Lian utilized GPT-2 for synthetic data generation alongside a BERT-based
model, yielding promising results in predicting health-related quality of life (HRQOL) [36]. Lau et
al., introduced an ultra-lightweight alternative to traditional fine-tuning known as prefix-tuning [27].
Prefix-tuning decouples the number of tuning parameters from the model architecture, allowing for
flexible adjustments to the model’s learning capacity [27]. The prefix-tuned model outperformed all
previously published methods [27].

The outputs generated by these LLM-powered agents to assist in decision-making were diverse, with
the goal of streamlining workflows and enhancing patient care. The outputs included advanced deep
learning models for medical image analysis and other clinical data analysis [30] [38], automated
assessments of patients’ cognitive function and condition severity [27 36 39 40], extraction of
clinical information [31] [32] [35] [37], data augmentation and prompting [29], triage suggestions
[34], narratives for psychological consultation [28], and summaries based on patient-reported
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outcomes [33].
Despite these promising advancements in different contexts, several limitations were identified in the
adaptation of LLM agents across the studies. One notable limitation was the small size of training
datasets, which potentially impacted the performance and accuracy of the models [39]. Additionally,
authors claimed that the reliance on closed-source, commercial LLMs posed challenges regarding
transparency and adaptability [33]. Al hallucination was mentioned as well when models like
ChatGPT produce outputs that seems plausible but were factually incorrect or irrelevant to the input
context [34] [40]. Stability concerns were also observed with ChatGPT-4 over time [32], and some
studies reported issues with response latency, affecting the practical deployment of these models in
real-time clinical environments [40].

Table 3. Adaptation details of LLMs.

Anetd

Year, Platform Model Was the LLM | Outputs
Country, refined, If so,
Author what
data/method
used for
refinement
2023, ChatGPT 3.5 GPT-3.5 No Deep learning model for
Korea, Son medical image analyiss
[30]
2024, LLM-based CliRoberta | Trained using | Severity  scores  for
China, Gu | CNER domain- stroke
[39] (Clinical adaptive
Named Entity transfer
Recognition) learning  on
system Chinese
clinical EHRs
data.
2023, ChatGPT GPT-3.5 /| Task-specific | Extraction of oncologic
Germany, GPT-4 training or | information
Fink [31] instruction for
the LLMs
2024, Chat GPT GPT-4 No Extraction of oncologic
Belgium. information
Lechien
[32]
2023, Chat GPT GPT-4 No Patient summary
USA, Wu
[33]
2024, Automated LLaMA 2, | No Automated assessments
USA, Neural Vicuna, of  their cognitive
Pakhomov | Nursing Blenderbot function
[40] Assistant
(ANNA)
2023, ChatGPT GPT-3.5 No Predictive models for
Romania, data analysis
Albajy
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[38]
2023, Al system for | GatorTron | Cancer Data augmentation and
Singapore, | cancer disease radiology prompting
Tan [29] response reports for
assessment data
augmentation
2023, ChatGPT GPT-4 No Suggestions for triage
USA,
Gebrael
[34]
2023, The NLP | BERT Interviews of | Quality of life
USA, Lian | pipeline built 100  patients
[36] using BERT undergoing
and surgical
supplemented intervention
with GPT-2 for  low-risk
thyroid cancer,
paired  with
HRQOL
assessments
completed
during the
same visits.
2023, GPT for | GPT-3.5 /| GPT for | Extraction of clinical
Korea, Sheets and | GPT-4 Sheets and | information
Choi [35] | Docs Docs
extension extension
plugin plugin to train
the LLM.
2023, Hugging GatorTron | Fine-tuning Extraction of clinical
USA, Face's the model on | information
Pathak Transformers annotated
[37] library ultrasound
reports to
optimize  its
performance
for this
specific task.
2023, Deep learning | BERT /| The Distress | Severity = scores  for
USA, Lau | framework RoBERTa | Analysis depression
[27] (not specified) Interview
Corpus -
Wizard of Oz
(DAIC-WOZ).
2024, ChatGPT GPT-4 No Narratives for
Austria, psychological
Raile [28] consultation
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LLMs in supporting clinical practice

LLMs in supporting clinical practice LLM-powered agents made contributions across various
medical decision-making scenarios by assisting with health data interpretation, automating clinical
assessment and monitoring, and supplying clinical decision support references.

By assisting in the interpretation of complex scientific data and improving predictive accuracy, LLM
agents reduce the programming and data analysis burden on HCPs. They supported HCPs by
developing advanced models, such as those used in medical image analysis and factor analysis [30
38]. Interestingly, in one study focused on constructing medical image analysis models using LLM
agents, a strategy emerged with the utilization of heatmaps generated by GPTs as well [30]. The class
activation map algorithm produced visual representations that highlighted key areas of interest
during bone scan evaluations for metastasis, thus improving user interaction and interpretation [30].
However, challenges remain when LLM assisting with health data interpretation, including
occasional inaccuracies in ChatGPT’s responses and difficulties in ensuring error-free code [30].
During clinical visits, LLM agents have strengthened the process of clinical assessment and
symptom monitoring. They facilitated triage decisions and improved accuracy in emergency rooms
by analyzing patient outcomes and resource allocation [34], and automated symptom assessment and
monitoring [27 33 36 39 40]. Protocol-based assessments assisted by LLMs showed promise in
evaluating quality of life (QoL) depression severity and stroke severity, summarizing patient
symptoms, and detecting neurotoxic effects of medications early. Notably, a novel approach for
assessing depression severity has emerged, utilizing both pretrained large language models and
parameter-efficient tuning techniques to overcome challenges related to data scarcity [27].

In addition, LLMs have provided valuable clinical decision support references by streamlining data
processing and refining treatment recommendations [28 29 31 32 35 37]. They aided in suggesting
additional examinations, management, and therapeutic approaches [32], providing automated second
opinions on disease progression from radiology reports [29], data mining and labeling oncologic
phenotypes from free-text lung cancer CT reports [31], and extracting thyroid nodule characteristics
from ultrasound reports to balance the daily practice report quality [37]. They were proved efficiently
extract clinical features, covering more critical aspects than traditional manual methods or standard
language models [31 35 37]. ChatGPT has also been beneficial in psychotherapeutic settings, praised
for its cost-free accessibility, widespread use, interactivity, empathy, and overall contribution to
mental health treatment [28]. Additionally, Choi et al. highlighted effective prompt engineering when
extracting the required information from surgical pathology reports and preoperative ultrasound
reports of breast cancer patients, and stated that understanding LLM features, and avoiding jargon
are crucial for desired outcomes [35].

To operate effectively in various contexts, the types of agents studied encompassed five
conversational agents providing clinical advice and computational support [28 30 32 33 40], two
medical text analysis agents extracting clinical details from narratives [29] [31], two severity
assessment agents enabling automated severity evaluations of conditions [27 39], one code
interpretation agent assisting with data analysis [38], two medical information extraction agents
specifically focused on extracting clinical information from ultrasound reports [35 37], and two
medical classification agents classifying HRQOL trajectories and offering triage suggestions [34 36].
While most studies primarily targeted HCPs as the primary users of LLM agents, patients were
included as the main users in two studies [28 40], with no direct interaction between HCPs and
LLMs. One study evaluated the Automated Neural Nursing Assistant (ANNA) system, which
monitored cognitive symptoms related to neurotoxicity following immunotherapy for hematologic
malignancies, allowing patients to interact with the system via phone calls [40]. Another study
highlighted ChatGPT as a valuable adjunct to psychotherapy, offering an easily accessible and
currently free resource for individuals with mental health issues who have not yet sought
professional help [28].
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Evaluation of LLM Agents

Our analysis identified three primary aspects of evaluating LLM agents as assistive tools: model
performance, comparative evaluation, and human evaluation. All the studies we reviewed addressed
at least one of these aspects. However, several challenges emerged during the evaluation process,
including small sample sizes [28 29 31-33 36 39] and incomplete health data for evaluation [33].

Model Performance

A majority of studies focused on evaluating model’s overall performance, which included metrics
such as accuracy [27-29 31 32 34 35 37 39], sensitivity [31], specificity [31], Area Under the Curve
(AUC) [36], hypothesis testing, stability [32], confabulation rate [31], and latency of system
response [40].

Accuracy was the most frequently evaluated dimension, with generally positive reports. Specific
measurements used included accuracy rate [29], F1 score [37 39], Root Mean Square Error (RMSE)
and Mean Absolute Error (MAE) [27], and accuracy questionnaires completed by HCPs [33] and
Amazon Mechanical Turk workers [40]. Only one article concluded that overall accuracy remained
modest and not yet ready for clinical implementation [36]. F1 scores ranged from 0.8851 to 0.990
[37 39]. Consistency of the outputs reported moderate to high consistency [32]. Despite these
positive results, some stability issues were identified, particularly in providing consistent treatment
recommendations for cancer patients over time [32], generating responses in psychological therapy
[28].

Two studies evaluated the performance of models created by LLM-driven agents, offering indirect
insights into LLM performance [30 38]. These studies showcased how LLMs helped HCPs
overcome computational challenges. One study assessed a deep learning model for diagnosing bone
metastasis using AUC, sensitivity, and specificity, and compared various data augmentation
strategies. The model showed promising results in detecting bone metastases across diverse
malignancies [30]. The other study focused on a model developed by the ChatGPT Code Interpreter
to analyze complex relationships among twelve parameters in Romanian diabetic patients, using
Mean Squared Error (MSE) for predictive accuracy and model comparisons, yielding positive
outcomes [38].

Comparative Evaluation

Many studies directly compared the LLM-powered agents with criteria like expert opinion (ground
truth) and model performance benchmarks set by other studies. Beyond performance comparisons,
the key dimensions included comprehensiveness of results compared to ER physicians for triage
advices [34], cost [35], and time saved for HCPs [33 35 39].

Four studies compared different models in specific scenarios. In extracting thyroid nodule
characteristics, GatorTron was the best-performing model compared with BERT, RoBERTa,
LongFormer, DeBERTa [37]. GPT-4 outperformed ChatGPT in data mining oncologic phenotypes
from free-text CT reports on lung cancer and demonstrated better oncologic reasoning with fewer
confabulations [31]. A prefix-only model outperformed BERT-PT, RoBERTa-PT, and ST-only in
automatic depression assessment [27]. A discriminative Chinese clinical LLM named CliRoberta
outperformed the existing general and medical Chinese LLMs in automatic assessment of stroke
severity [39].

Wu conducted a comparative study of two interaction methods assisted by GPT-4 for symptom
assessment in patients undergoing radiation therapy [33]. The study found that a summarization
method using GPT-4, based on Patient-Reported Outcomes Version of the Common Terminology
Criteria for Adverse Events (PRO-CTCAE) guidelines, was more accurate and preferred over a
custom GPT-4 chatbot for assessing symptoms. Both methods, however, were effective in saving
approximately four minutes of clinical time per patient interaction [33] .
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Human Evaluation

Human evaluation concentrated on assessing interactions and validating outcomes. In one study
involving the use of LLMs for monitoring radiation therapy toxicity, ten radiation oncologists rated
simulated patient responses for both methods—summarization and chatbot—on a scale of 1 to 10 for
accuracy, likelihood of adoption, and estimated time saved, using the Wilcoxon signed-rank test for
comparison [33]. On the other hand, most outcome validation studies employed quantitative
methods; only one qualitative study explored the therapeutic potential of integrating ChatGPT into
psychological treatment through case studies [28]. Among the quantitative studies, five specifically
recruited participants to evaluate agent performance. One study involved 10 Amazon Mechanical
Turk workers who interacted with the ANNA system and subsequently completed a structured survey
[40]. The findings from this study provided insights into user perceptions and interactions with Al-
driven systems in simulated tasks [40]. In a different study, four radiologists evaluated the oncologic
reasoning of the two LLMs, using a free-form explanation of the chosen outcome category rated for
factual correctness and accuracy, based on a five-point Likert scale based on predefined criteria [31].
Additionally, two head and neck surgeons utilized the Artificial Intelligence Performance Instrument
(AIPT)—a validated tool for assessing chatbot performance in medical contexts—to evaluate
ChatGPT-4 [32]. The study revealed that ChatGPT-4 often suggested a greater number of additional
examinations for oncological check-ups compared to practitioners on the oncological board,
highlighting its proactive approach in clinical decision-making [32]. Furthermore, three stroke
specialists and three trained volunteers were recruited as separate comparison groups for stroke
severity assessment. An encouraging finding from this study was that it enabled novice volunteers,
lacking prior clinical knowledge, to quickly learn and perform the labor-intensive and time-
consuming manual assessments of stroke severity [39].

Discussion

Our review identified four critical insights that highlight both the limitations and opportunities of
integrating LLM agents in addressing problems in mental health and chronic conditions. First, the
current reporting on the use of LLM agents as support tools for managing chronic conditions and
mental health issues lacks universally recognized metrics, particularly in the areas of model
selection, refinement, evaluation, and reporting. Additionally, there is a gap in studies assessing the
long-term efficacy of these agents. Second, there is a deficiency in user experience data regarding
user interactions in different platforms and the practical implementation of LLM agents. Third,
LLMs have shown promise in assisting HCPs not only in developing data analysis skills but also in
enhancing user interaction experiences with Al-generated results. These models can provide detailed
explanations when needed, improving both the interpretability and contextual understanding of
complex clinical data. Fourth, the integration of LLM agents into healthcare must carefully consider
challenges such as Al hallucinations, stability issues, and other factors that may compromise the
reliability of their outputs. These concerns indicate that a cautious and prolonged evaluation period is
necessary before these technologies can be widely adopted in clinical practice. This section will
delve deeper into these four insights.

Need for Standardization

Our review highlights the need for standardized report in the use and evaluation of LLM agents.
Specifically, the selection of pre-trained models requires more explicit rationale, given the variety of
LLMs available and the fact that the optimal choice may vary depending on the study context. Many
studies fail to justify their model selection, raising an important question: “How should one choose
the most appropriate model for addressing chronic diseases and mental health challenges?” This
question becomes even more complex for healthcare professionals, who must navigate both clinical
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and technical considerations in their decision-making process. As of June 2023, over 20 LLMs are
available for public use, with OpenAlI's GPT-4, GPT-3.5, Google’s Bard (based on PaLM 2), and
Anthropic’s Claude among the most widely used [41]. In the studies we reviewed, GPT models were
predominantly used for extracting clinical information, while BERT models were often employed for
protocol-based auto-assessment, though the reasons for these choices were not clearly articulated.
Data scarcity continues to pose a significant challenge in utilizing LLMs, potentially affecting the
final model performance. To address this issue, data augmentation strategies are crucial, and their
implementation varies based on the type, volume, and specific requirements of the data. Similar
considerations are applicable when fine-tuning these models. The rationale behind selecting specific
strategies for data augmentation and fine-tuning, as well as the data type and use scenarios were
transparently reported in the included studies, providing a basis for their transferability to other
contexts.

Additionally, while many studies have mentioned the potential of using the LLMs they applied
across different contexts, the transferability and scalability of these applications require more
standardized reporting. For instance, the questionnaires employed in these studies are varied and
inconsistent, frequently self-developed for specific research purposes, which constrains the ability to
comprehend the outcomes effectively. Furthermore, most studies predominantly present short-term
results, highlighting the need for long-term evaluations, especially in light of the stability issues
reported with LLMs. Therefore, there is a need to establish guidelines to evaluate LL.Ms applications
to improve their accuracy and reliability, potentially saving resources before implementation.
Transparency in reporting of the development and evaluation of LLMs is essential for their
integration into healthcare practices in the future.

Enhancing Interaction and implementation with LLMs

The interaction between users and LLMs in healthcare settings requires careful consideration to
ensure successful adoption and user satisfaction [42] [43]. While much of the included research has
focused on model performance, the importance of user acceptance and engagement after
implementation cannot be overstated. Optimizing the interaction experience is essential for
facilitating trust and long-term integration of LLMs into healthcare workflows [44].

Qualitative insights from users regarding Al conversational agents provide invaluable feedback that
can guide the effective implementation of these agents in healthcare settings [45]. This is particularly
critical in emerging fields, where such insights can help reveal new perspectives. However, our
review identified a deficiency in qualitative analysis across most evaluations. Additionally, our
findings highlighted a lack of insights into user interactions, which are crucial for refining LLM
agents to better meet the behavioral needs of HCPs and patients. As in healthcare contexts, the
language used during interactions has been recognized as a key factor influencing user experience
and acceptance [46]. Future research could pay greater attention to the qualitative aspects of
interacting with LLM agents in managing mental health problems and chronic conditions to inform
the interaction design of their integration.
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Additionally, understanding how LLM agents interact with existing healthcare systems in
implementation process is critical for ensuring their successful integration. Like other Al tools
in healthcare, the introduction of LLMs is likely to encounter implementation barriers, such as
limitations in contextual understanding, interpretability issues, biases in training data, ethical
concerns, the potential impact on HCPs, and regulatory challenges [47]. For instance,
Pakhomov et al. highlighted a specific implementation barrier in their development of ANNA,
an LLM-based system for intensive monitoring of cognitive changes in cancer patients [40].
While the system aimed to improve care, it also imposed a burden on patients already
experiencing significant distress and fatigue due to their treatment, raising concerns about the

practicality of such tools in vulnerable populations [40]. But in the included studies we did not
find any studies reviewed provide detailed insights into the specific challenges or facilitators
encountered during the implementation process, as they are mostly exploration studies.

Lowering the bar for modeling

Same as described in elsewhere [48], LLM could potentially enhance model interpretability by
answering individualized questions posed by users. LLMs like ChatGPT, being deep learning
models, operate largely as black boxes, making their internal workings difficult to interpret and
complicating the assessment of fidelity [49]. However, LLMs have shown potential in demystifying
other black-box models for AI models [50]. Our review found that, ChatGPT has shown promise in
bridging gaps in programming and data analysis for HCPs when developing deep learning models for
diagnosing bone metastasis and analyzing intricate relationships among parameters in diabetic
patients [30 38]. We found that LLM agents can help HCPs work across boundaries by lowering the
bar for modeling and reducing tedious tasks. The same function were found in studies of using LLM
in other conditions as well [51], which help with provide human-understandable insights into the
workings of Al models.

Responsible integration of LLMs

Compared to conventional NLP models, the use of LLMs in healthcare has shown promise in
addressing a broader range of daily challenges faced by HCPs [45]. However, the inclusion criteria
for studies might have limited the scope, as only those with explicit assistive roles were considered.
An observation during the screening process is the premature reliance on LLMs for replacing human
decision-making processes, such as answering patient inquiries [52 53]. This reliance raises concerns
about the accuracy of such replacements, particularly in mental health and chronic conditions due to
the lack of validated data in the original databases [54].

Challenges like contextual understanding, interpretability limitations, and biases in training data are
well-documented in the use of LLMs in healthcare [47]. Our findings align with these concerns and
further emphasize the issue of data scarcity, a recurring theme in several of the included studies.
LLMs have been employed to address this challenge by generating synthetic data for data
augmentation. This approach to data augmentation has shown significant potential across various
medical applications, effectively mitigating the impact of limited data on model performance. By
expanding training datasets, LLM-generated data has notably enhanced the accuracy of clinical
predictions and diagnoses, improving the robustness and generalizability of models in data-
constrained environments.

However, a notable risk emerged as six studies utilized LLMs without any modifications,
highlighting the risks of deploying unvalidated Al applications. Inadequate validation can lead to
misinformation and AI hallucinations, a limitation noted in several studies [1]. This underscores the
importance of continuous monitoring and adjustments to ensure that LLM outputs align with clinical
expectations and outcomes. Various mitigation strategies mentioned in the studies include improving
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training datasets, simulating adversarial scenarios, enhancing model transparency and
interpretability, and incorporating human reviewers into the system [34]. The Human-in-the-Loop
(HITL) paradigm offers a collaborative approach where human expertise is integrated with LLM-
powered systems, making humans more effective and efficient [55]. While fine-tuning involves
adjusting a pre-trained model's parameters to specialize it for a specific task, HITL involves ongoing
human involvement in the operation of an Al system, providing guidance, validation, and oversight
to improve its performance and adaptability in real-world scenarios.

Future directions

LLM agents are increasingly being leveraged to enhance the quality, affordability, and productivity
of chronic condition and mental health services. Their potential is particularly evident in areas that
are often overlooked or excluded from routine care, likely due to the limited time and resources
available to HCPs to integrate such services into their daily practice [33 36]. Although the
development and application of LLMs in chronic condition and mental health services are still in the
exploratory phase—evidenced by diverse study designs, evaluation criteria, and a limited number of
articles—the prospects for scaling these tools are promising.

Included studies suggested the potential for expanding LLM applications to other conditions,
locations, and populations. Specifically, one study proposed scaling up automatic stroke assessment
to other domains to reduce physician workload and improve treatment processes [39]. Another
suggested integrating LL.Ms into hospital infrastructures to create scalable mining pipelines for
radiologic data [31]. A study highlighted that a clinical physician with rudimentary programming
skills could develop deep learning models for medical image analysis for diverse purposes [30].
Furthermore, ChatGPT has demonstrated potential in assisting with the interpretation of scientific
data, presenting a valuable resource for researchers with limited computational resources [38].

Limitations

This review is limited by its inclusion of only English-language articles. As LLMs can be tailored to
various languages and cultural contexts, our findings may not be applicable to non-English speaking
contexts. We also excluded studies that did not explicitly consider the use of LLMs as assistive tools
in clinical decision-making, which may have led to the omission of relevant insights and significant
applications in this area. Given that the development and application of LLMs in healthcare are still
in an exploratory phase, the findings may reflect preliminary and evolving practices. As the field
advances, new research may offer different perspectives and more robust evidence. There was
notable inconsistency in evaluation standards, dimensions, and methods across the studies reviewed,
which makes it challenging to compare findings directly and may affect the overall reliability of the
conclusions.

Conclusions

LLM-powered agents hold substantial potential to transform the management of chronic diseases and
mental health issues by enhancing health data interpretation, automating clinical assessments, and
providing valuable decision-making support. However, the integration of these advanced tools into
healthcare systems requires a cautious and responsible approach, given the field’s early-stage
development and existing challenges such as data limitations and Al hallucinations. A sustainable,
long-term adoption will rely on incorporating detailed insights from user interactions and practical
implementation experiences.

Future reviews should aim to statistically synthesize findings from various scenarios to establish
performance benchmarks for LLMs in managing chronic conditions and mental health issues.
Moreover, forthcoming research should take into account the exploration of user interactions, strive
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to enhance LLM performance, establish standardized protocols for long-term evaluations, and
address existing limitations related to stability and reliability.
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