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Abstract

Background: With the expanding need for advance care planning (ACP), innovative educational strategies for training health
care providers are increasingly required. Large language model (LLM)-based ACP chatbots offer a novel and potentially
effective solution to enhance health care providers’ competence in navigating complex ACP conversations.

Objective: This study aimed to develop a Chinese-context ACP corpus to support an LLM-based chatbot and evaluate the
feasibility and performance of a multi-agent system for simulating complex ACP discussions as a training tool for health care
providers.

Methods: This study involved dataset construction and model adaptation and evaluation. We constructed 3 structured datasets
using synthetic dialogue data generated through prompts derived from ACP-related scientific literature and policy documents.
Both open-source (Zhongjing) and closed-source LLMs (GPT-40-mini) were chosen as baseline models. The Zhongjing
model was adapted through fine-tuning, whereas GPT-40-mini was adapted using both fine-tuning and prompt engineering.
Model performance was assessed through automatic and human evaluations following the QUEST (Quality of information,
Understanding and reasoning, Expression style and persona, Safety and harm, and Trust and confidence) framework. Statistical
comparisons between baseline and adapted models were performed using repeated-measures ANOVA.

Results: Three separate datasets for the assistant, vignette, and evaluator agents were created, which collectively formed
a multi-agent artificial intelligence system for Chinese ACP training. The assistant dataset included 4364 dialogues, the
vignette dataset comprised 671 clinical scenarios, and the evaluator dataset contained 671 records. Both automatic and human
evaluations confirmed that the adapted models significantly outperformed baseline models on most aspects of Chinese ACP
conversations and summarization (n2p=0.12—0.99; P values ranged from .03 to <.001).

Conclusions: This study demonstrates the adequate technical feasibility of the multi-agent LLM-based system for ACP
training among health care providers in the Chinese context. Despite its potential as a supportive educational tool, further
validation in real-world training contexts is required to establish its effectiveness in enhancing health care providers’ ACP
competencies.
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Introduction

Background

Advance care planning (ACP) is a critical process that
empowers individuals to articulate their values, life goals,
and preferences regarding future health care decisions
[1]. Effective ACP often involves complex and sensitive
conversations among health care providers, patients, and their
families [2]. Numerous systematic reviews have consis-
tently shown that ACP offers various advantages for health
care systems, patients, families, and health care providers,
including improved patient satisfaction, reduced decision-
making burden on families, and better alignment between
patient wishes and the care provided [3-5].

Despite these documented benefits, ACP discussions are
often fraught with challenges, especially for health care
providers, who serve as initiators and facilitators of ACP.
Health care providers must navigate complex, emotionally
charged, and sometimes culturally sensitive conversations
with patients and their families [6]. These discussions
often involve confronting difficult topics such as progno-
sis, end-of-life decisions, and personal values, which can
evoke strong emotional responses and lead to communication
breakdowns [7]. Furthermore, variations in cultural norms,
family dynamics, and individual beliefs can complicate the
process, making it difficult for health care providers to foster
an open, respectful, and effective dialogue [8]. Although ACP
training opportunities are available for health care providers
[9,10], offline training requires substantial resources and time
commitment from both instructors and trainees, making it
challenging amid busy clinical schedules [11]. Moreover,
participants’ feedback has highlighted a desire for more
practical training formats incorporating experiential learning
approaches [12]. In contrast, online trainings often lack
interactivity, limiting engagement, intellectual stimulation,
and opportunities for confrontational learning experiences
[11]. In light of these challenges, there is a growing need
to explore innovative training methods that can better equip
health care providers to conduct ACP discussions with skill
and confidence.

Recent advances in artificial intelligence (AI) have created
new opportunities to enhance ACP training. One of the most
promising developments is the application of large language
models (LLMs) in health care education [13-15]. LLMs,
such as OpenAl’s generative pretrained transformer—based
systems, can generate coherent, contextually appropriate
responses to complex prompts. However, the current research
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landscape on LLMs in the ACP domain has primarily focused
on their role in assisting with clinical record extraction—
identifying, extracting, and analyzing relevant information
from medical documents and patient records [16,17]. While
this is a valuable application, it does not fully leverage
LLMs’ capability to generate humanlike language. LLMs
can give health care providers an opportunity to rehearse
difficult discussions, receive instant feedback, and refine
their approaches based on simulated patient responses. This
iterative learning process will be a vital complement to
previous ACP training methods, which may not offer the
same level of repeatable and personalized engagement. To
date, there is a notable gap in the literature regarding the
development of LLM-based tools for simulating nuanced
ACP conversations.

Objectives

This study aimed to address this gap by introducing an
innovative LLM-based ACP chatbot designed to improve
health care providers’ competence and uptake for complex
ACP discussions. This study had 2 objectives. First, it
described the development of an ACP corpus to adapt LLMs,
focusing on creating high-quality, contextually appropriate
datasets of interactive ACP. Second, it evaluated the chatbot’s
performance in a Chinese context, comparing it to existing
baseline models and various adaptation approaches.

Methods

Overview

The LLM-based ACP chatbot was implemented as a multi-
agent system composed of 3 specialized agents [18] (Fig-
ure 1), each aligned with a distinct component of the
ACP training process. The assistant agent supported users’
conceptual learning by introducing ACP principles and
responding to questions. The vignette agent simulated patients
or family members in interactive role-play scenarios to allow
users to practice ACP dialogue in a realistic conversational
setting. The evaluator agent provided structured feedback by
analyzing user-vignette interactions and identifying strengths
and areas for improvement. This modular design enabled
clear functional separation and iterative learning support.
The development process involved 3 phases: constructing
ACP-specific datasets, adapting LLMs using these data,
and evaluating performance. This study was reported in
accordance with the DEAL (Development, Evaluation, and
Assessment of Large Language Models) checklist [19].
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Figure 1. Multi-agent artificial intelligence system for advance care planning (ACP): the assistant agent facilitates ACP training, the vignette agent
simulates patient or family scenarios, and the evaluator agent provides feedback on ACP discussions. Evaluation results are fed back to the assistant

and vignette agents to support iterative refinement of model behavior.
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We systematically collected scientific and policy documents
on ACP from academic databases and official websites
from database inception to March 2024 to build the
ACP datasets. As ACP discussions involve sensitive end-
of-life decision-making and vulnerable patient populations,
collecting authentic dialogues would require complex ethics
approvals, multisite coordination, and extensive deidentifica-
tion procedures [20]. High-quality, structured ACP dialogue
datasets are rarely available publicly, particularly in the
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Chinese health care context. Furthermore, there is emerg-
ing evidence suggesting that synthetic data can approxi-
mate real-world data in terms of performance and structural
characteristics [21]. Therefore, we primarily used synthetic
data generated via prompt-based methods. A prompt [22]
served as an input instruction that guided the model—
specifically, GPT-40 (OpenAl) in this study—on how to
respond, shaping its output in accordance with the designated
task. Different datasets were prepared for each agent: (1) a
knowledge-based dialogue dataset for the assistant agent, (2)
a vignette-based dialogue dataset for the vignette agent, and
(3) a summarization dataset for the evaluator agent (Figure 2).

Figure 2. Dataset construction pipeline: English- and Chinese-language advance care planning (ACP) texts were systematically collected using
GPT-40 with task-specific prompts and converted into knowledge dialogues, vignette dialogues, and summaries followed by quality and safety

assurance.
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The development of a knowledge-based dialogue data-
set involved several steps. First, ACP-related literature—
including clinical guidelines, evidence summaries, system-
atic reviews, and Chinese legal and policy documents—was
systematically searched and collected from relevant data-
bases and official government websites. Inclusion criteria
required that sources be directly relevant to ACP or end-
of-life care practices and available in English or Chinese.
Exclusion criteria eliminated sources that were abstract-only
records, articles without evidence support, or duplicates
across databases. Search strategies combined terms related
to ACP, advance directives, end-of-life care, and palliative
care. Second, GPT-40 with a predefined extraction prompt
(Multimedia Appendix 1; original text in Chinese translated
into English) was used to distill key knowledge from the
collected ACP-related literature. The extracted knowledge
was checked against the ACP core knowledge framework
[23] to ensure completeness, with any identified omissions
supplemented. Finally, a dialogue prompt was applied to
produce knowledge-grounded ACP dialogues.

The development of vignette-based dialogue followed a
structured process. Initially, clinical cases were gathered from
the ACP-related literature mentioned above. GPT-40, guided
by an extraction prompt, was then used to extract essential
details for vignette creation. Each vignette included essen-
tial demographic variables, ACP readiness stages, behavio-
ral determinants, and intervention strategies. Subsequently,
a generation prompt adapted from the vignette generation
methodology [24] was applied to systematically generate
approximately 10 distinct ACP scenarios for each base case.
The generation protocol incorporated theoretically defined
variation across demographic attributes, clinical factors, ACP
readiness stages, behavioral determinants, and intervention
strategies while explicitly prohibiting duplication of key
behavioral and intervention elements within the same base
case. Next, simulated dialogues between health care providers
and patients or family members were created using a dialogue
prompt in GPT-40.

The summarization dataset was derived from the vignette-
based dialogue dataset. Guided by a generation prompt,
GPT-40 was used to analyze the strengths and limitations
of the dialogues in a “summary-detail-summary” format. In
this format, the evaluator first provided an overall summary
of performance followed by a detailed enumeration of key
strengths and areas for improvement and concluded with a
closing summary that highlighted actionable guidance for
future development.

Quality and safety assurance involved a multilayered
evaluation process. All generated datasets underwent
structured data processing conducted by trained gradu-
ate researchers, including anonymization, grammatical and
logical error correction, medical terminology standardization,
and removal of irrelevant symbols. To further enhance quality
and reduce circular evaluation bias, an independent LLM
(Qwen2.5, developed by Alibaba Cloud) [25] was used as an
external evaluator. Knowledge-based dialogue and summari-
zation datasets were rated across empathy, safety, readabil-
ity, helpfulness, and factual accuracy using a 5-point scale;
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samples scoring below 3 on any dimension were manually
revised and re-evaluated. The vignette-based dialogue dataset
was assessed using the 10-item Decision Support Analysis
Tool [26], and samples scoring below 6 were similarly
revised.

The dataset was randomly divided into training, validation,
and test sets using an 80%-10%-10% split at the conversa-
tion (vignette) level. All dialogue turns belonging to a given
conversation were assigned exclusively to a single partition
to avoid potential data leakage. The training set was used
for fine-tuning, the validation set was used for hyperparame-
ter optimization and overfitting monitoring, and the held-out
test set was used for unbiased performance evaluation. The
assistant agent was trained to generate responses at the turn
level within conversations, whereas the vignette and evaluator
agents operated at the vignette level.

Model Selection

The selection of an appropriate pretrained model for fine-
tuning is a critical step to ensure the robustness, adaptability,
and efficacy of the resulting system. In this study, we used
both an open-source LLM, Zhongjing, and a closed-source
LLM, GPT-40-mini.

Zhongjing [27] was selected for its transparency,
adaptability, and extensive training on medical datasets.
As an open-source model, its architecture, training code,
and weights are publicly accessible, which allows research-
ers to adapt and optimize the model for different con-
texts. Compared with other open-source models, Zhongjing
demonstrates particularly strong competence in medical
knowledge and conversational ability due to its extensive
training on Chinese medicine-related datasets [27]. The
Zhongjing model was originally introduced in 2023 [28], and
we used this version as the base model.

GPT-40-mini [29], a compact variant of the GPT-4o
architecture, was chosen for its state-of-the-art natural
language understanding and generation capabilities. GPT-4o-
mini represents a closed-source model, meaning that its
internal architecture, pretraining data, and model weights are
proprietary and not publicly disclosed. GPT-40-mini excels in
generating coherent, contextually appropriate responses and
handling nuanced, emotionally sensitive dialogues, which are
critical for ACP conversations. Its proprietary nature ensures
optimized performance, robust pretraining, and continued
updates, contributing to its reliability in handling complex
linguistic tasks. The version used in this study correspon-
ded to the version released on July 18, 2024 (gpt-4o-
mini-2024-07-18).

Model Adaptation

The adaptation of pretrained models to the ACP domain used
2 conceptually distinct strategies: fine-tuning and prompt
engineering. Detailed adaptation configurations are provided
in Multimedia Appendix 2.

Fine-tuning a language model involves adjusting a
pretrained model by training it on smaller, task-specific data.
For Zhongjing, we used low-rank adaptation (LoRA), which
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was among the most commonly used fine-tuning approaches
for open-source LLMs. LoRA [30] was an efficient fine-
tuning technique that modified the model by introducing
low-rank matrices into specific parts of the neural network.
LoRA was advantageous as it reduced the computational
burden compared to traditional full fine-tuning, focusing only
on a small set of parameters that required adjustment.

In contrast, GPT-40-mini underwent supervised fine-tun-
ing and prompt engineering. Supervised fine-tuning is the
default fine-tuning method in the ChatGPT official website.
Supervised fine-tuning [31] is a process where a pretrained
model is further trained on a labeled dataset with spe-
cific task-oriented examples, enabling it to learn patterns
and improve performance for particular tasks by adjusting
its weights through gradient descent based on the labeled
input-output pairs.

Prompt engineering [32] does not modify the model’s
weights but, instead, relies on carefully designed instruc-
tions to guide a very large pretrained model to produce
high-quality, contextually appropriate outputs. The key to this
process was to build specialized agents based on different
prompts to interact with users (Multimedia Appendix 1)
through a stepwise reasoning process inspired by the chain-
of-thought (CoT) methodology. For example, the vignette
agent prompt instructs the model to reveal patient context
progressively and interactively across multiple conversational
steps, which mirrors the CoT principle of decomposing a
task into intermediate reasoning steps before producing a
response. While not a formal CoT prompt, this stepwise
guidance encourages the model to reason and respond in a
structured, contextually appropriate manner. This approach
was applied only to GPT-40-mini as Zhongjing currently
does not support flexible prompt engineering in a systematic
manner. Moreover, while all LLMs require input prompts
to generate responses, in this study, the base and fine-tun-
ing models were indeed provided with systems prompts to
interact with users, and the fine-tuning models did not use
CoT reasoning during inference.

Table 1. Demographic characteristics of the human experts.

Tan et al

Evaluation Metrics

The performance of the models was assessed through
both human and automatic evaluations supplemented by
ablation studies. Ablation studies use a leave-out testing
strategy where the impact of removing or modifying specific
components is measured. The models analyzed were (1)
GPT-40-mini with fine-tuning and prompt engineering, (2)
GPT-40-mini with fine-tuning, (3) GPT-40-mini with prompt
engineering, (4) base GPT-40-mini model, (5) Zhongjing with
fine-tuning, and (6) base Zhongjing model.

Human evaluation was carried out by a panel of 11 health
care providers with expertise in ACP, and their character-
istics are detailed in Table 1. Prior methodological litera-
ture suggests that expert panels of approximately 10 to 15
members are generally adequate [33]. A review of studies on
the human evaluation of LLMs in health care indicated that
most studies involve between 1 and 20 evaluators [34]. This
suggested that the panel size used in this study fell within
the commonly reported range. For the human evaluation
phase, we sampled fixed numbers of complete cases from
each test subset to evaluate each agent. Specifically, we
sampled 5 knowledge-based dialogues for the assistant agent,
10 vignette-based dialogue cases for the vignette agent,
and 3 dialogue summary cases for the evaluator agent.
Because the 3 evaluation tasks differed substantially in
dialogue structure, interaction complexity, and annotation
burden, the final sample sizes differed across subsets. All
experts independently completed evaluations using stand-
ardized scoring instructions and were blinded to model
type. Interrater reliability was assessed using the intraclass
correlation coefficient based on a 2-way mixed-effects model
with absolute agreement. The intraclass correlation coeffi-
cient values for each evaluation dimension ranged from 0.84
to 0.93, indicating good to excellent agreement among the
experts.

Characteristic Values
Sex, n (%)
Female 10 (90.9)
Male 109.D
Age (y), mean (SD) 45.80 (11.6)
Educational level, n (%)
Bachelor’s degree 3(27.2)
Master’s degree 4(364)
PhD 4(36.4)
Profession type, n (%)
Nurse 5(454)
Academic 4(36.4)
Physician 1(9.1)
Lawyer 19.1)

Research or practice field, n (%)
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Characteristic Values
Palliative care 9(81.8)
Health law 19.1)
Critical care 1(9.1)

Research or practice experience (y), mean (SD) 18.09 (14.6)

Familiarity with ACP?, n (%)

Familiar 5(45.4)
Very familiar 6 (54.6)

2ACP: advance care planning.

The GPT-40 model was used for automatic evaluation on
the test datasets because it represented one of the most
advanced available LLMs, with state-of-the-art performance
in instruction following, clinical language understanding,
and rubric-based evaluation. The quality of the responses
generated by each ablated model on the test set was evaluated
according to the QUEST framework [34], which incorporates
five distinct evaluation dimensions: (1) quality of informa-
tion (accuracy, relevance, and completeness of content), (2)
understanding and reasoning (the model’s ability to correctly
interpret context and provide logical responses), (3) expres-
sion style and persona (clarity, coherence, and alignment
with the intended professional persona), (4) safety and harm
(sensitivity to potential risks, bias, or harmful content), and
(5) trust and confidence (the degree to which users can rely
on and feel confident in the model’s outputs). Each of these
dimensions was rated on a 5-point scale, allowing for a
detailed analysis of the models’ performance across multiple
facets in generating responses.

Statistical analyses were performed using SPSS (version
26; IBM Corp). The evaluation scores, collected using 5-point
Likert scales, were treated as approximately continuous
variables based on their near-normal distribution, as indicated
by normality tests and consistent with common statistical
practice [35,36]. Because all models were evaluated on the
same set of test datasets, a repeated-measure ANOVA was
conducted to compare model performance while accounting
for within-dataset dependence. The assumption of spheric-
ity was assessed using the Mauchly test, and where viola-
ted, the Greenhouse-Geisser correction was applied. Pairwise
comparisons were performed using the Bonferroni correction.
Effect sizes were calculated and reported as T]zp. P values of
less than .05 were considered to be statistically significant in
all tests.

Table 2. Characteristics of the advance care planning datasets.

Ethical Considerations

The research was approved by the Ethical Review Board
of Xiangya School of Nursing, Central South University
(approval E202442; May 6, 2024). All participants were
asked to provide written informed consent before interacting
with the Al system and were briefed on the study’s objec-
tives and procedures. Participants received a small mone-
tary incentive valued at approximately ¥200 (RMB ¥1=US
$0.14 as of April 30, 2025) as compensation for their time
and participation. To protect privacy and confidentiality,
all collected data were anonymized and deidentified prior
to analysis. No identifying information is reported in this
manuscript or in any supplementary materials.

Results

Datasets

Knowledge-Based Dialogue Dataset

A total of 2170 ACP-related documents were systematically
retrieved, and 415 (19.1%) were finally included, encom-
passing 3 (0.7%) computerized decision support systems,
63 (15.2%) guidelines, 18 (4.3%) synopses, 275 (66.3%)
systematic reviews, and 56 (13.5%) policy articles. Through
the iterative process of knowledge extraction and supplemen-
tation, 4217 knowledge points were extracted. The evalua-
tion results showed that the coverage rate of the ACP core
knowledge framework reached 100% (Table S1 in Multime-
dia Appendix 3). Under the guidance of dialogue prompts, a
total of 4364 dialogues were generated (Table 2).

Word count per Total
Rounds per sample,  dialogue round, mean  Total dialogue rounds, character
Dataset Samples, n mean (SD) (SD) n count, n
Knowledge-based dialogue 4364 3.29 (0.73) 32.12 (17.24) 14,367 461,460
dataset
Vignette-based dialogue dataset 671 29.12 (9.59) 58.82 (41.98) 19,539 1,149,224
Summarization dataset 671 2.00 (0) 1677.00 (744.28) 1342 2,250,530
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Vignette-Based Dialogue Dataset

We collected a total of 61 clinical cases from the retrieved
articles (Table S2 in Multimedia Appendix 3). The demo-
graphics of the patients depicted in the vignettes showed that
most were aged 60 to 79 years, with a roughly equal ratio
of men to women. Most vignettes did not mention race and
religious beliefs, and the diagnoses were mostly cancer. In
terms of the transtheoretical model, most cases were in the
precontemplation stage for “health care proxy” and “decision-
making flexibility,” whereas most were in the action stage
for “what is most important in life.” The behavioral driv-
ers of personal characteristics, cognitive biases, and attitude
self-efficacy and the behavior change techniques of goals
and planning and shaping knowledge appeared frequently. On
the basis of the generation prompts, more diverse vignettes
were then generated, and the key characteristics are also
described in Table S2 in Multimedia Appendix 3. From
these vignettes, 671 simulated dialogues were generated using
dialogue prompts, constructing multiple rounds of health care
provider—patient or family member interactions (Table 2 and
Table S3 in Multimedia Appendix 3).

Summarization Dataset

A total of 671 summarizations were generated based on the
vignette-based dialogue dataset, with an average of 3.99 (SD
0.26) strengths and 3.10 (SD 0.15) limitations mentioned
per summarization (Table S4 in Multimedia Appendix 3).

Tan et al

Basic communication skills, ACP-related knowledge, and
the application of behavior change techniques were the 3
most common advantages. Nevertheless, both ACP-related
knowledge and behavior change techniques were found to be
insufficient in some cases.

Evaluation

The evaluation results for the assistant agent models
demonstrated that across most dimensions, the adapted
models consistently outperformed the baseline models both
for open-source and closed-source models and under both
human and automatic evaluation (Figure 3; n2p:0.12-0.90;
Table S5 in Multimedia Appendix 3). However, the eval-
uation outcomes of different adaptation processes varied
depending on the evaluators. In human evaluation, GPT-4o-
mini with prompt engineering scored substantially higher than
GPT-40-mini with fine-tuning in most dimensions except for
quality of information and trust and confidence. Automatic
evaluations revealed that GPT-40-mini with prompt engineer-
ing outperformed both GPT-40-mini with fine-tuning and
prompt engineering and GPT-4o0-mini with fine-tuning across
the five evaluation dimensions: quality of information (4.65,
SD 0.71 vs 4.35, SD 0.51 vs 4.19, SD 0.80), understanding
and reasoning (4.58, SD 0.81 vs 4.12, SD 0.66 vs 4.10, SD
0.88), expression style and persona (4.51, SD 0.77 vs 4.04,
SD 0.75 vs 3.79, SD 0.75), safety and harm (4.97, SD 0.18
vs 4.90, SD 0.30 vs 4.87, SD 0.37), and trust and confidence
(4.64,SD 0.71 vs 4.26, SD 0.51 vs 4.09, SD 0.86).

Figure 3. Automatic evaluation (A) and human evaluation (B) of the assistant agent. Bar heights represent mean scores, and error bars indicate SDs.

**P<.01; *P<.05; FT: fine-tuning; PE: prompt engineering.
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Evaluation results for the vignette agent models revealed
that the adapted models outperformed the baseline model
across most dimensions. This superiority was evident both
for open-source and closed-source models, as well as for
evaluations performed by humans and automatic systems
(Figure 4; n2p=0.18—0.77; Table S6 in Multimedia Appendix
3). During the model adaptation process of GPT-4o0-mini,
both automatic and human evaluations demonstrated that
the fine-tuning with prompt engineering strategy yielded
the highest scores in most dimensions. Human evaluations
indicated that GPT-40-mini adapted with fine-tuning and

https://www jmir.org/2026/1/e87288

 GPT-40-mini FT+PE m GPT-40-mini FT ® GPT-40-mini PE w GPT-40-mini = Zhongjing FT © Zhongjing
x

Wi
EEELR

Score

Quality of Understanding and Expression Style and  Safety and Harm Trust and
Information Reasoning Persona Confidence
Evaluation dimensions

®)

prompt engineering substantially outperformed its fine-tun-
ing—adapted counterpart across five dimensions: quality of
information (4.60, SD 0.73 vs 4.19, SD 0.98), understanding
and reasoning (4.64, SD 0.71 vs 4.23, SD 0.97), expression
style and persona (4.39, SD 0.84 vs 4.14, SD 1.01), safety
and harm (4.65, SD 0.64 vs 440, SD 1.02), and trust and
confidence (4.45, SD 0.85 vs 4.14, SD 1.10). The automatic
evaluation, on the other hand, showed that both the fine-tun-
ing with prompt engineering and prompt engineering—only
models scored substantially higher than the fine-tuning model
in all dimensions except safety and harm.
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Figure 4. Automatic evaluation (A) and human evaluation (B) of the vignette agent. Bar heights represent mean scores, and error bars indicate SDs.
**P<01; *P<.05; FT: fine-tuning; ns: not significant; PE: prompt engineering.
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Results for the evaluation agent models indicated that,
irrespective of whether the model was open source or closed
source or whether the evaluation was carried out by humans
or through automatic methods, the adapted models consis-
tently surpassed the baseline model in nearly all dimensions
(Figure 5; 7]2p:0.23-0.99; Table S7 in Multimedia Appen-
dix 3). In the adaptation process for GPT-4o0-mini, both
automatic and human evaluations showed that the adapta-
tion strategy of fine-tuning with prompt engineering yielded
the highest scores in most dimensions. Specifically, accord-
ing to both evaluation methods, GPT-40-mini adapted with
fine-tuning and prompt engineering exhibited a substantial
improvement in quality of information compared to the
fine-tuning—only model (4.79, SD 0.41 vs 4.22, SD 0.48 and
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4.88, SD 0.33 vs 442, SD 0.71, respectively). In addition,
in the automatic evaluation, the GPT-40-mini fine-tuning
with prompt engineering model demonstrated substantially
higher scores than GPT-40-mini with prompt engineering
in terms of information quality (4.79, SD 041 vs 3.90,
SD 0.60), understanding and reasoning (4.40, SD 049 vs
3.44, SD 0.66), and trust and confidence (3.93, SD 0.74 vs
3.38, SD 0.86). According to human evaluations, GPT-40-
mini fine-tuning with prompt engineering also outperformed
GPT-40-mini with prompt engineering, scoring substantially
higher in information quality (4.88, SD 0.33 vs 4.21, SD
0.82), understanding and reasoning (4.82, SD 0.39 vs 4.30,
SD 0.81), and trust and confidence (4.76, SD 0.44 vs 4.30,
SD 0.77).

Figure 5. Automatic evaluation (A) and human evaluation (B) of the evaluation agent. Bar heights represent mean scores, and error bars indicate
SDs. *¥*P<.01; *P<.05; FT: fine-tuning; ns: not significant; PE: prompt engineering.
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Discussion

Principal Findings

In this study, we developed a multi-agent Al system for
ACP training and validated its performance through both
automatic and expert evaluations. The study yielded several
primary implications. First, improvements in model perform-
ance were observed for the adapted models when compared to
the baseline model. Second, the results underscored the value
of synthetic datasets. Third, the effects of different adaptation
strategies were inconsistent.

Comparison to Prior Work

Prior studies have highlighted the challenges associated
with using existing LLMs for medical education or train-
ing, including limitations in handling ambiguous queries,
providing contextually rich responses, and addressing ethical
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nuances [37]. In comparison, our adapted models demon-
strated notable improvements, likely resulting from several
key modifications. First, the incorporation of domain-spe-
cific datasets [38-40] enabled the models to capture the
nuanced linguistic and ethical complexities inherent to the
ACP domain. Moreover, advanced adaptation strategies [38,
41] improved the models’ ability to understand context,
generate empathetic responses, and maintain consistency
when addressing sensitive issues. This finding has significant
implications for integrating advanced technologies into the
realm of ACP.

Synthetic data were used to construct datasets due
to limited availability of real-world ACP conversations.
Synthetic data offer advantages in scalability, diversity,
cost-effectiveness, and privacy protection [42]. They allow
for the creation of a broader range of scenarios, including
rare or underrepresented cases, thereby improving model
generalizability [43,44]. Because data generation can be
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automated, synthetic data reduce the time, cost, and human
annotation burden while avoiding exposure of identifiable
patient information [45,46]. However, synthetic data also
have limitations. They may reflect biases present in the
baseline models and produce more homogenized language
compared with natural human dialogue. Furthermore, the
emotional intensity, ambiguity, relational dynamics, and
cultural nuances of real ACP conversations may not be fully
captured in simulated exchanges. To mitigate these risks,
data generation was informed by published ACP literature,
including clinical case reports and communication exam-
ples. During dataset construction, cases reflecting diverse
ages, disease types, cultural backgrounds, and psychoso-
cial characteristics were incorporated to increase contextual
coverage. An independent LLM was also used as an external
evaluator to further validate dataset quality. Nonetheless,
the ecological validity and robustness of the system require
further evaluation with real-world clinical dialogues and
prospective validation before clinical training deployment.

This study found inconsistencies in the effects of different
adaptation strategies. Specifically, for the assistant agent,
prompt engineering outperformed fine-tuning and even
surpassed the combined fine-tuning and prompt engineering
approach. Several factors may explain this outcome. First, the
knowledge-based dialogue dataset was constructed based on
scattered knowledge points; for example, each point typically
addressed only a single research topic in ACP. This fragmen-
tation likely diminished the model’s capabilities to capture
broader contextual relationships. Second, CoT prompts can
substantially improve multistep reasoning and decision-mak-
ing in generation tasks, giving prompt engineering an edge
in tasks requiring explicit chain reasoning. For the remain-
ing 2 agents, the adaptation strategy of fine-tuning with
prompt engineering yielded the best performance. However,
the adaptation effects of fine-tuning and prompt engineer-
ing alone were inconsistent, consistent with prior research.
Maharjan et al [47] found that prompt engineering outper-
formed fine-tuning in medical question answering, whereas
Botunac et al [48] reported that fine-tuning models achieved
better performance and faster execution. Our experiments
revealed that the relative effectiveness of adaptation strategies
depended on agent role and task demands rather than showing
a single uniformly superior approach.

The application of LLM-based ACP chatbots represents
a promising approach to enhancing the accessibility and
flexibility of ACP training. LLM-based agents can pro-
vide context-specific guidance, simulate diverse clinical
scenarios [49], and support dynamic role-playing experien-
ces that may complement traditional training methods. By
offering interactive feedback and adaptive responses [39,
41], these systems may facilitate experiential learning in a
structured and low-risk environment for health care provid-
ers. While LLM-based training tools may offer advantages
in scalability [50], adoption in resource-limited environments
may be constrained by infrastructure gaps, digital literacy
variability, and institutional readiness. Deployment requires
reliable digital infrastructure, stable internet connectivity, and
institutional technical support. Financial considerations may
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include application programming interface use fees, server
hosting, maintenance, and system updates. Additionally,
health care providers may require orientation and dedicated
training time to effectively integrate the system into exist-
ing continuing education or onboarding programs. Further
implementation research is needed to evaluate feasibility,
cost-effectiveness, and integration pathways within diverse
health care systems.

This study was conducted entirely within the Chi-
nese linguistic and health care context, and its findings
should be interpreted accordingly. In China, ACP practices
are influenced by family-centered decision-making norms,
culturally sensitive communication about end-of-life issues,
and evolving legal frameworks for advance directives [51,
52]. These contextual factors influenced dataset construc-
tion, prompt design, and expert evaluation and may dif-
fer substantially from ACP models in Western or other
health care systems that emphasize individual autonomy
and formally established legal structures [53]. Accordingly,
the results may not directly generalize to health care
systems with different cultural norms, linguistic structures,
legal regulations, or ACP training standards. Adaptation to
other contexts would require culturally grounded vignette
reconstruction, local expert validation, and recalibration of
evaluation metrics.

Limitations

To the best of our knowledge, this study is among the
first to develop LLM-powered agents specifically designed
to support ACP discussion training for health care provid-
ers in the Chinese context. However, the deployment of
LLMs in such a value-laden and sensitive domain inevita-
bly raises critical ethical and safety considerations [54-56]
that require careful scrutiny. First, the training corpus relied
primarily on synthetic data. Synthetic data may not fully
capture the emotional nuance and variability of real-world
clinical interactions. In addition, some culturally contextual-
ized descriptions (eg, Chinese patients may defer medical
decision-making to physicians) were used in synthetic data,
which may inadvertently encode cultural stereotypes and
limit the generalizability of the findings beyond the Chinese
cultural context. Second, the human evaluation panel had
a relatively small sample size and a notable demographic
imbalance, with 90.9% (10/11) of the experts being female.
This may limit the statistical power of the analysis and restrict
the generalizability of the human evaluation results. Gender-
related differences in communication styles or perceptions
of empathy may also have influenced subjective ratings.
Third, GPT-40 was used as the automatic evaluator, whereas
GPT-40-mini was one of the adapted models. Given the
shared architectural lineage of these 2 models, it could
introduce bias into the evaluation results. To mitigate this
risk, independent human expert evaluation was incorpora-
ted. Fourth, the adaptation process was not fully symmetric
across models as prompt engineering was applied only to
the closed-source model, meaning that cross-model compari-
sons should be interpreted with this methodological differ-
ence in mind. In addition, adversarial safety testing and
formal real-time safeguards such as automated hallucination
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detection were not implemented in this proof-of-concept
phase. Fifth, although the adapted models demonstrated
improved performance compared with their baseline versions,
their competency cannot yet be directly equated to that of
trained health care professionals. The system was assessed
using standardized scenarios rather than real-world clinical
deployment, and learner outcome measurements were not
included.

Future Directions

This study focused on the development, adaptation, and
preliminary evaluation of a multi-agent Al system as
a proof-of-concept framework. Future work may incorpo-
rate structured red-teaming protocols, automated factual-
ity checks, bias auditing procedures, or human-in-the-loop
supervision to comprehensively evaluate safety, ethical
alignment, and robustness. Future research will involve
prospective validation using real ACP conversations,
including small-scale pilot deployment in clinical settings.
Comparative studies with traditional training approaches and
randomized controlled trials are needed to determine whether
the system improves ACP knowledge, confidence, communi-
cation competence, and real-world clinical practice outcomes.

Tan et al

Such validation will be critical before considering broader
educational or clinical implementation. In addition, future
research may include cross-cultural validation studies and
pilot implementation in diverse health care settings to assess
transferability. Such work will be essential before considering
international deployment of this multi-agent Al framework.

Conclusions

In summary, this study developed and technically evalu-
ated a multi-agent LLM-based system designed to simu-
late ACP conversations for the training of health care
providers, ultimately supporting shared decision-making and
fostering patient autonomy. The system was adapted using
synthetic data generated from prompts grounded in ACP-
related literature and policy documents. Both automatic
and structured human evaluations indicated that the adap-
ted models outperformed baseline models across multiple
dimensions of Chinese ACP dialogue and summarization
quality. While these findings demonstrate technical feasi-
bility, the system’s effectiveness in improving health care
providers’ real-world ACP competencies requires further
validation in educational and clinical settings before broader
implementation.
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