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ABSTRACT

Integrating Traditional Chinese Medicine (TCM) and Modern Medicine faces significant barriers, including the absence of unified
frameworks and standardized diagnostic criteria. While Large Language Models (LLMs) in Medicine hold transformative potential
to bridge these gaps, their application in integrative medicine remains underexplored and methodologically fragmented. This
review systematically examines LLMs’ development, deployment, and challenges in harmonizing Modern and TCM practices
while identifying actionable strategies to advance this emerging field. This review aimed to provide insight into the following
aspects. First, it summarized the existing LLMs in the General Domain, Modern Medicine, and TCM from the perspective of
their model structures, number of parameters and domain-specific training data. We highlighted the limitations of existing
LLMs in integrative medicine tasks through benchmark experiments and the unique applications of LLMs in Integrative
Medicine. We discussed the challenges during the development and proposed possible solutions to mitigate them. This review
synthesizes technical insights with practical clinical considerations, providing a roadmap for leveraging LLMs to bridge TCM’s
empirical wisdom with modern medical systems. These AI-driven synergies could redefine personalized care, optimize therapeutic

outcomes, and establish new standards for holistic healthcare innovation.

1 | Introduction

Integrative Medicine, which synergizes Traditional Chinese
Medicine (TCM) and Modern Medicine, represents a patient-
centered paradigm aimed at holistic health assessment and
personalized treatment [1, 2]. Rooted in merging disease-
pathway analysis with TCM syndrome differentiation, Integrative
Medicine has demonstrated clinical efficacy across diverse con-
ditions. Notable examples include artemisinin, a TCM-derived
compound validated for tracheitis treatment [3]; acupuncture has
been recognized globally for pain management and neurological

rehabilitation [4]. Despite these successes, Integrative Medicine
remains underutilized due to some systemic barriers. According
to the report from the National Health Commission in China in
2022, only 14.6% of China’s out of the 8.42 billion medical services
involved TCM, with a mere 10-12% delivered by Integrative
Medicine practitioners. Even in Hong Kong, 25.9% of patients
concurrently use TCM and Modern Medicine [5].

Integrative medicine systems face several obstacles in clinical
practice, notably the extensive training required for dual exper-
tise in TCM and Modern Medicine. Those obstacles lead to a
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critical shortage of clinicians capable of providing integrated care.
Also, unlike a single-discipline medical system, the Integrative
Medicine System must address the fusion of decision-making
processes from two different medical understandings of diseases.
These practical barriers significantly impede the implementation
of Integrative Medicine Systems in clinical settings.

Despite these challenges, new opportunities are emerging to over-
come the challenge in the Integrative Medicine System. Advanced
LLMs like ChatGPT [6] offer the transformative potential to
address these gaps. Early applications demonstrate their ability
to synthesize cross-paradigm clinical knowledge, generate expert-
level insights in glioblastoma management [7], and standardize
diagnostic frameworks.

This review systematically evaluates the opportunities and chal-
lenges for establishing LLMs in Integrative Medicine, emphasiz-
ing the need to address the fusion of decision-making processes
from the distinct medical understandings of TCM and Modern
Medicine Systems [8, 9]. It highlights the unique applications
in integrative medicine, such as the dual translation of clinical
reports between TCM and Modern Medicine risk alerts for acute
conditions for TCM practitioners and suggestions for TCM alter-
native treatment plans for doctors [10]. Through experimental
evidence, the review demonstrates the limitations of state-of-the-
art LLMs in medicine, which are not yet equipped to address
tasks unique to integrative medicine. Our work identifies the
challenges in developing integrative medicine models, including
how to merge the decision-making processes of TCM and Modern
Medicine, the scarcity of integrative medicine data, and the lower
tolerance for error compared to single-disciplined medical mod-
els. Finally, the review proposed a pathway to create LLMs in Inte-
grative Medicine by establishing a common language between
TCM and Modern Medicine, leveraging existing evidence-based
medicine, molecular biology, and systems medicine research.
This work aims to analyze progress, challenges and propose
solutions for LLMs in integrative medicine.

2 | LLMS and Their Current Progress in Medicine

2.1 | LLMs in General Domain

The age of generative AI has come since ChatGPT [11], the third
generation of LLMs in General Domain developed by OpenAl,
was deployed in 2023. ChatGPT’s most impressive capability is
its exceptional performance in answering questions, which stems
from its utilization of transformer architecture and pretraining
that encodes a large corpus into the model. This foundation
enables it to provide a chat-like interface for seamless interactions
[12]. After that, similar models such as LLaMA [13-15], Qwen
[16], Ziya [17], ChatGLM [18], Bloom [19], and Baichuan [20]
were proposed by different companies using similar decoder-
only transformers (Figure 1). The differences include whether
they are open or closed source, the languages available for the
user interface, the number of parameters, and the techniques
employed to enhance response accuracy. For example, ChatGPT
is a closed-source model, whereas the LLaMA series is open-
source. Qwen and Alpaca-Chinese are fine-tuned based on
LLaMA with adaptability in Chinese, and Bloom is trained to
understand more than 13 natural languages. The number of

parameters is the key to LLMs’ behaviour and performance—
usually, the larger the parameter size, the higher the response
accuracy. However, increasing the parameters of LLMs also
requires scaling up the computational resources needed for train-
ing and deploying the model. Hence, the number of parameters
for existing LLMs in General Domain commonly ranged from 0.5
to 70 billion after balancing the cost and effectiveness. Regarding
the techniques employed to enhance response accuracy, ChatGPT
used Reinforcement Learning from Human Feedback (RLHF) to
align human feedback with the LLMs response [6]; LLaMA used
direct preference optimization (DPO) [21] to improve response
accuracy (Figure 2).

LLMs’ user-friendly interface and satisfactory response accuracy
arouse people’s interest in applying them to different fields,
including the medical domain. However, pioneering studies have
reported LLMs’ dissatisfaction with medical queries [22, 23],
highlighting the need for further refinement of LLMs to respond
to Modern medical queries.

2.2 | The Progress and Challenges of LLMs in
Modern Medicine

LLMs in Modern Medicine addressed the challenge of suboptimal
performance by fine-tuning LLMs in General Domain with
specialized medical knowledge. Med-PaLM was proposed by
Google’s team, which contributes a dataset, HealthSearchQA, for
fine-tuning, achieving state-of-the-art performance in MedQA,
MedMCQA, PubMedQA, and MMLU and introducing instruc-
tion prompt tuning for cost-effective alignment of LLMs in
General Domain to medicine knowledge [24]. Many works have
been proposed for further advancement (Table 1), but some key
limitations remain unsolved.

First, existing LLMs in Modern Medicine fail to capture the
dynamic of updated medical knowledge, while factual knowledge
in medicine is subject to change over time. The research found
that the doubling time of medical knowledge in 1950 was 50 years,
and in 2010, 3.5 years, and it is projected to be just 73 days in 2020
[70] (The solution will be discussed in Section 5.1.1).

Second, hallucinations were incredibly toxic in the LLMs in
Modern Medicine. Since it would be a disaster for patients to
make their next step based on the false opinion of the AI, for
domain experts, it would be less toxic since they have sufficient
background to evaluate the truthfulness of the answer. However,
hallucinations may affect the LLMs that target non-domain
experts or junior clinicians (The solution will be discussed in
Section 5.1.2).

Third, many of these LLMs in Modern Medicine were trained
on English Corpus, which does not cater to practitioners who
use Chinese as their primary language. Many works have been
proposed to solve the language incompatibility in English trained
LLMs, the pioneering work for LLMs. The pioneering work
for LLMs in Modern Medicine trained on Chinese Corpus is
Zhongjing-LLaMA [39], which argued that the English corpus-
trained LLMs might not fully fit into the Modern Medicine
context written in Chinese. Hence, Zhongjing-LLaMA teams
developed the first LLMs in Modern Medicine trained on Chinese
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FIGURE 1 | Development of Large Language Models in Medicine.

This figure illustrates the development of LLMs in medicine while green represents a base model without medical domain knowledge, yellow represents
fine-tuned with Traditional Chinese Medicine corpus and blue represent fine-tuned with Modern Medicine corpus.

Corpus. They implemented a complete training process involv-
ing pretraining, supervised fine-tuning, RLHF, demonstrating
excellent generalization capabilities and even approaching the
professional level of doctors in specific dialogue scenarios. Later,
Tian et al. noticed the need for long text input in medical LLMs,
so they utilized the long text adopted structure, Ziya, to build
a medical-specific model ChiMed-GPT [37]. Xiong et al. identi-
fied the gap in deploying the computational resource-intensive
model in clinical practice and proposed a light resource-required
model, DoctorGLM [68]. Wang et al. proposed IvyGPT [45]
to extend the single round Question and Answering to multi-
rounds in order to mimic the situation in a real clinic. Another
breakthrough have been made in CareGPT [43], it expanded
the model’s ability to consider real-world diagnostic processes
involving the patient’s medical history and ongoing learning to
tailor the diagnosis to the individual’s specific needs. BianQue
[40] identified the limitations in single-turn question-response
interactions and proposed “Chain of Questioning” to allow the
model to gather more comprehensive data through iterative
questioning, enabling it to generate more precise and informative
responses.

Since language is not the only approach doctors use to make
clinical decisions, models combine multiple modalities to mimic

the clinical decision process. For example, XrayGPT [71] incor-
porated the X-ray and language modalities to simulate real-world
clinical decision-making better. HistoGPT was trained to generate
high quality report from histopathology images [72]. Moreover,
a recent work on nature medicine had shown that LLMs could
write spurious clinical text summary compared to physicians [73].

Despite numerous efforts to adapt LLMs for the Chinese context
in Modern Medicine, a substantial part of the Chinese medical
system, especially TCM, continues to be underrepresented in
these models.

23 |
TCM

The Progress and Challenges of LLMs in

To address the underrepresentation of TCM in LLMs focused on
Modern Medicine, researchers have proposed fine-tuning LLMs
in TCM using knowledge from TCM textbooks and herbal for-
mulas. The main difference between LLMs in Modern medicine
is that TCM corpus is usually written in Chinese, so the base
model (LLMs in General Domain/LLMs in Modern Medicine)
to train LLMs in TCM needs to have an introductory Chinese
language understanding ability. ShenNong-TCM-LLM pioneered
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This figure illustrates the techniques for training a Large Language Model in medicine including pretraining for incorporate general knowledge, continue

pretraining to insert domain specific knowledge, supervised fine-tune is for learning to answer the medical question and answer, reward modeling is

for alignment the model response to human experts’ response. RAG is conducted to provide rationale and improve accuracy of the response. MoE to

emulate scenarios with multiple experts, enhancing response accuracy and specificity.

in this field, which optimized LLaMA with LoRA fine-tuning
[42] (Figure 1). It utilized self-instruction to create a tuning
dataset comprising eleven thousand TCM-related records. They
also incorporated the TCM knowledge graph from their earlier
research work into the ShenNong model to improve its response
correctness. Later, TCM-LLM [46] integrated real-world clinical
records, medical classics, and textbooks of traditional Chinese
medicine. Taiyi’ [38] extent the monolingual medical question-
answering dialogues in either Chinese or English to a bilingual
(Chinese and English) model with both TCM and Modern
Medicine corpus. More recently, Tianhe Lingshu Large Model
specifically trained on data from acupuncture and provided
evidence from Chinese medicine texts alongside the response.
Lingdan [47] has been released, which can provide answers
based on clinical knowledge and offer recommendations for
herbal prescriptions, bringing it one step closer to mirroring the
complexities of real-world clinical scenarios (Figure 1). Many
works have been proposed for further advancement (Table 1), but
some key limitations remain unsolved.

First, language barriers due to the complexity and cultural
specificity of TCM terminology limit accessibility for practitioners
unfamiliar with the concepts. (The solution will be discussed in
Section 5.2.)

Second, existing TCM LLMs struggle with engaging in multi-
round conversations, which is essential for maintaining coherent
and contextually relevant dialogues in clinical settings. (This
could be achieved using a similar pipeline for multi-round
conversations as LLMs in Modern Medicine.)

Third, the integration of multimodal capabilities—such as visual
or auditory data processing—has not yet been realized in TCM

models, restricting their ability to conduct comprehensive assess-
ments incorporating various information forms. The solution will
be discussed in Section 5.1.4.

Despite numerous efforts to develop LLMs in TCM, its advance-
ment is far behind that in Modern Medicine.

2.4 | Uniqueness of LLMs in Integrative Medicine
LLMs in integrative medicine are not simply an ensemble model
that merges aspects of Modern Medicine and TCM (Figure 3).
The reviewed LLMs in Modern Medicine and TCM provided
valuable training pipelines that served as the basis for developing
LLMs in Integrative Medicine, such as the long text adopted
structure, multi-round conversations, multimodality integration,
and Chinese context understanding. It is equally important
to anticipate the limitations present in these existing models,
such as the dynamic of updated medical knowledge, halluci-
nations, language barriers from TCM contexts, multimodality
and the lack of SOP in clinical practice. We propose solutions
to avoid the drawbacks of existing LLMs accumulating in the
LLMs in Integrative Medicine (Sections 5.1.1-5.1.4, 5.2.1, 5.3.1,
and 5.3.2).

Apart from the general challenges that need to be addressed, the
unique characteristics of Integrative Medicine raise some specific
challenges and opportunities to improve the existing healthcare
system (Table 2). We recognize the opportunities (Section 4) and
challenges (Section 5) for LLMs in Integrative Medicine. After
identifying them, we propose solutions to address the unique
pitfalls in LLMs for integrative medicine (Sections 5.1.4, 5.2.1,
and 5.2.2). This approach will ensure a more robust and practical
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FIGURE 3 | Challenges in Integrating Traditional Chinese Medicine and Modern Medicine.

This figure illustrates the three primary challenges faced in the field of integrative medicine: (1) Extensive training duration needed for students to attain
expertise in integrative medicine. (2) Patients often encounter challenges in selecting the most suitable approach for their specific condition due to a
lack of knowledge. (3) The absence of a unified framework between Traditional Chinese Medicine and Modern Medicine impedes the development of

an integrated approach.

TABLE 2 | Integrative medicine specific tasks and their difference compared to TCM and Modern Medicine.

Category Type Difference with TCM and Modern Medicine
Integrative Combination of disease and syndrome Focuses on understanding diseases from both biomedical
medicine perspectives and TCM syndrome differentiation to provide a
holistic diagnosis
Syndrome differentiation of integrated Utilizes both TCM syndrome patterns and Modern disease
Chinese and Modern Medicine classifications to tailor treatments
Diagnosis Combines Modern diagnostic tools (e.g., lab tests, imaging) with
TCM diagnostic methods (e.g., pulse diagnosis, tongue
examination)
Medical history and examination Considers both the Modern medical history collection and
physical examinations alongside TCM diagnostic methods
Synergism of TCM and Modern Considering the synergistic effects of TCM and Modern Medicine
Medicine drugs drugs to minimize the effective dosages
Treatment Integrates TCM therapies (herbal medicine, acupuncture) with
Modern treatments (pharmaceuticals, surgeries) to enhance
therapeutic outcomes
Therapeutics principle of integrated Aims to provide holistic patient care by combining the strengths
TCM and Modern Medicine of TCM and Modern Medicine therapies
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Clinical applications for integrative Large Language Models.

Describe the potential applications of Integrative Large Language Models, Medical Decision-Making, Clinical Coding, Clinical Report Translation,
Clinical Risk Notification, TCM Alternative Notification, Continuous Health Management, TCM Language Translation, Medical Education.

framework that effectively addresses the complexities of both
medical traditions.

3 | Opportunities for LLMS in Integrative
Medicine

3.1 | Clinical Applications
3.1.1 | Clinical Decision-Making
3.1.1.1 | Medical Decision-Making. Evidence has shown

the effectiveness of Integrative Medicine compared with either
TCM/Modern Medicine approach. However, The popularity
of integrative medicine has reached a bottleneck due to the
limited expertise available in this field. LLMs in Integrative
Medicine could help fill this gap while supporting the existing
TCM/Modern Medicine practitioners with Integrative Medicine
Knowledge (Figure 4). Successful examples in diagnosis using

LLMs in TCM/ Modern Medicine. Jiang et al. pioneered using
LLMs in diagnosis [74] that used unstructured clinical notes from
electronic health to train a clinical language model, achieving
78.7-94.9% AUC in all-purpose clinical predictions. Similarly,
TCM LLMs were also developed; HuatuoGPT first landed the
basis of the Large Language Model in TCM using LLaMA as a
base model and was fine-tuned by TCM question-answer pairs
[41]. The remaining task is to deploy a similar training pipeline to
fit the scope of Integrative Medicine (Figure 4).

3.1.1.2 | Clinical Risk Notification. TCM practitioners in
Hong Kong, the United Kingdom, and most countries worldwide
have little knowledge of Modern Medicine. However, the emer-
gency risk of some symptoms is high, such as continuous stomach
pain, which may indicate internal bleeding in the stomach.
Moreover, potential Herb-Drug Interactions, such as the Bai Xian
Pi was used in TCM herbal formula, but later, it was reported to
induce hepatotoxicity [75, 76]. If the TCM practitioner notices the
hepatotoxicity, the herbal formula can be modified according to
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the patient’s health status. It may mitigate the potential danger
affecting patients’ health (Figure 4).

3.1.1.3 | TCM Alternative Notification. More than 7000+
rare diseases without effective drug treatment [77, 78]. Among the
diseases with Modern Medicine treatment, some of them are not
effective. Among those diseases, TCM has provided an alternative
solution. However, due to the existence of modern medical
doctors, training seldom includes TCM knowledge. Doctors may
not know the alternatives, and integrative LLMs could help to
fill the knowledge gap, which improves the patients’ health.
Integrative LLMs could suggest those cases that provide more
patient-centric health care while facing limitations in existing
therapy. For example, the TCM Compound (Tongxinluo) in Acute
Myocardial Infarction [79], electroacupuncture stimulation on
vagal-adrenal axis [80]

3.1.2 | Documentation and Coding

3.1.21 | Clinical Coding. Clinical coding, including systems
like the International Classification of Diseases (ICD), med-
ication coding, and procedure coding, is vital in healthcare.
It standardizes information about diagnoses, treatments, and
procedures, which helps track health data, monitor treatment
outcomes, and manage billing and reimbursement.

However, clinical coding is special in TCM, and Modern Medicine
is different, so in integrative medicine, clinical coding is dif-
ferent. The curated reports from electric health records, X-rays,
microbiomes, laboratory reports, multi-omics, and MRI show
that we need simultaneous clinical coding generation for Modern
Medicine, and TCM speculations are included (Figure 4).

3.1.2.2 | Clinical Report Translation. The application of
Integrative Medicine LLMs in clinical report translation bridges
the gap between different medical languages and terminologies.
By translating TCM concepts into modern medical language,
these models enhance the understanding and accessibility of
alternative treatments for practitioners trained primarily in
Modern Medicine. This capability is crucial for interdisciplinary
collaboration, allowing healthcare providers to develop com-
prehensive treatment plans incorporating diverse therapeutic
modalities. Using LLMs in translation promotes more straight-
forward communication with patients, ensuring they are well-
informed about their treatment options and fostering adherence
to prescribed therapies (Figure 4).

3.2 | Education and Collaboration

3.21 | TCM Language Translation

TCM has been practiced for thousands of years in China and
has developed a unique system of terminology to describe health
and disease states within the human body. There are two distinct
applications:

3.2.1.1 | Translating TCM Concept to Molecular Biology
Terminology. TCM concepts are based mainly on holistic and
empirical approaches, focusing on patterns of symptoms and

overall balance within the body, such as the balance of Yin
and Yang or the flow of Qi. These concepts do not easily
align with molecular biology’s reductionist and mechanistic
approach, which focuses on specific biochemical processes and
structures.

3.2.1.2 | Translating TCM Concept Written in Chinese to
English. Many TCM terms do not have direct equivalents in
English or Modern medical terminology. This can make it difficult
to accurately convey TCM concepts to those unfamiliar with its
framework. For instance, terms like “Qi,” “Meridians,” “Zang-Fu
organs,” and “Dampness” are unique to TCM and carry specific
meanings that are not easily translated without losing some of
their original context and nuance.

Efforts to bridge these gaps often involve creating detailed
explanations or analogies to help translate TCM concepts into
terms that can be understood within the framework of mod-
ern science while still respecting traditional knowledge and
practices.

3.2.2 | Medical Education

In China, TCM and Modern Medicine practitioners must undergo
at least 5 years of training. In Hong Kong, the bachelor training
programs for TCM and Modern Medicine practitioners span 5
years. Additionally, becoming a specialist in Modern Medicine
requires an additional 3-7 years of training, following a struc-
ture like that in the United Kingdom. Given the challenges of
extensive knowledge required for integrative medicine doctors
(expertise in both TCM and Modern Medicine), training inte-
grative medicine experts was long. Based on this, the integrative
medicine Large Language Model could be used as a learning
assistant for summaries, translations, and explanations.

While medical examinations are essential in TCM and Mod-
ern Medicine, detailed explanations accompanying answers are
vital for understanding the underlying rationale, a gap that
could potentially be filled by leveraging the LLMs to generate
comprehensive explanations. A study found that 88.9% of the
explanations generated by the Large Language Model contained
at least one insightful point [81]. Moreover, it was shown to be
able to pass the China National Medical Licensing Examination
in both Chinese and English version [82].

Summarizing content from various texts is crucial for successful
revision, especially in integrative medicine, which combines
knowledge from TCM and MM—two specialized subjects. There-
fore, using Al for efficient summarization is vital in aiding
effective learning processes. Google NotebookLM has been pro-
posed for Al assistance learning, which helps medical education
and utilizes the multimodal adaptability of the backbone Large
Language Model Geminil.5 [83].

Understanding ancient TCM terms can be challenging for both
models and users. Therefore, Rui Hua et al. pioneered a method-
ology where they initially translated ancient texts into modern
language and subsequently trained the model based on this
updated version [47].
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3.3 | Continuous Health Management

Healthcare management focuses on maintaining overall health
and preventing illnesses. It also involves guiding individuals
experiencing symptoms and unsure whether to seek medical
advice or the preconsultation stage.

A study conducted in 2017 showed that 97% of participants said
that the Internet was often the first medium they used to seek
health information [84]. Meanwhile, 71% found the online health
information misleading, and 50% of the elderly respondents
claimed difficulty searching for information.

LLMs have the potential to summarize vast amounts of online
information and filter out misleading information, enhancing
accessibility for older adults through conversational interfaces.
It can also simplify the process of retrieving information by
providing a chat-like experience, facilitating more straightfor-
ward access to knowledge for older individuals. Montagna et al.
demonstrated the possibility of embedding LLMs in chatbots for
chronic disease patient self-management [85]. Mahmood et al.
proposed to combine the voice assistant and LLMs into healthcare
assistants for older adults [86].

Only a few options like ChatGPT, LLaMA, and Gemini [83]
series could be available for maintaining overall health and
preventing illnesses, and their response quality was below
satisfaction. For TCM LLMs, given the nature of managing
suboptimal health conditions, varying dietary recommenda-
tions and customized care are based on the personalized
constitution.

During the preconsultation phase, a critical juncture influencing
patients’ decisions on opting for Modern Medicine, Chinese
medicine, or an integrated approach, ChatGPT models typically
refrain from offering such responses due to their training to steer
clear of potentially harmful information. However, fine-tuned
models often pivot toward providing direct diagnoses rather than
merely recommending the type of expertise individuals should
seek out.

For instance, LLMs can suggest dietary adjustments, exercise
regimens, and herbal supplements tailored to individual patient
profiles. This comprehensive approach addresses immediate
health concerns and promotes long-term wellness by encouraging
proactive lifestyle changes. By facilitating ongoing monitoring
and adjustment of treatment plans, LLMs enhance the overall
effectiveness of health management strategies in integrative
medicine.

4 | Challenges in Integrative Medicine LLMS

4.1 | Limited Abilities of Existing LLMs in
Integrative Tasks

Existing LLMs in medicine face limitations when addressing Inte-
grative Medicine tasks. Our experiments underscore these limi-
tations across four specific integrative medicine tasks (Figure 5).
Further details of the method and evaluation metric can be found
in Supplementary 1. These experiments reemphasize the view we

proposed in Section 3.4 that LLMs in Integrative Medicine are
not an ensemble model that integrates LLMs in Modern Medicine
and TCM.

4.2 | Technical Challenges
4.2.1 | Epistemological Conflict Between TCM and
Modern Medicine

TCM/Modern Medicine LLMs act as doctors’ assistants, stream-
lining specific tasks like diagnosis support or treatment rec-
ommendations to enhance efficiency. In contrast, Integrative
Medicine LLMs serve as doctors’ navigators, focusing on bridging
the knowledge divide between TCM and Modern Medicine.
These systems synthesize insights from both fields, identify
potential conflicts (e.g., herb-drug interactions), and optimize
holistic care plans. Harmonizing disparate medical paradigms
empowers clinicians to deliver safer, more personalized patient
care while addressing gaps that single-system models cannot
resolve. However, Integrated Medicine has a unique applica-
tion that unifies TCM and Modern Medicine. The integration
of TCM and Western medicine transcends technical compat-
ibility, representing a collision of two distinct epistemologies.
While Modern Medicine prioritizes reductionist, biomarker-
driven explanations (e.g., targeting specific molecular pathways
in hypertension), TCM emphasizes dynamic, systemic imbal-
ances (e.g., “Liver Yang rising” manifesting as migraines or hyper-
tension). LLMs in Integrative Medicine can help mitigate this
conflict.

4.2.2 | Data Scarcity

According to the Practice Guidelines Registration for Trans-
parency (PREPARE) platform, as of March 5, 2025, there are 3706
clinical practice guidelines, but only 290 pertain to integrative
medicine. This number would further decrease when considering
the implementability of these guidelines [87]. A critical aspect
of integrative medicine is avoiding contradictory treatments
between TCM and Modern Medicine, underscoring the need
to identify herb-drug interactions. However, the most extensive
database for herb-drug interactions, DDID, includes only over
17,000 interactions, despite approximately 25 billion potential
herb-drug pairs, given the 9000+ common herbs and 2818 drugs
available in DrugBank [88].

4.2.3 | Multimodalities in Integrative Medicine
Real-world clinical practices are dynamic decision-making pro-
cesses, incorporating various diagnostic procedures such as
blood tests, imaging studies (X-rays, CT scans, MRIs), omics,
metabolites, microbiomes, Electric Health Records, and sensors.
Integrating TCM, inspection, listening and smelling, inquiry, and
palpation are important aspects of integrative medicine clinic
decision-making. However, there are no unifying frameworks to
consider the multimodality of integrating TCM multimodality
and Modern Medicine multimodality.
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Benchmarking the relevance of the Large Language Model’s answers in responding to integrative medicine related.

(A) Question and answer of the traditional Chinese medicine syndrome definition. (B) Question and answer of the traditional Chinese medicine
symptoms definition. (C) Question and answer of the herb function. (D) Question and answer of the multiple choice, multiple-choice questions related
to integrative medicine; “accuracy” indicates that the response matches the correct answer. On the other hand, “confusion” signifies that while the
correct answer is included in the response, it is accompanied by other incorrect answers simultaneously.

4.3 | Ethical and Legal Barriers

4.3.1 | Liability for Errors and Data Privacy

From a legal perspective, although the medicine LLMs tried to
improve the accuracy and efficiency of the diagnosis, experience
showed that the real-world deployment would not be as good
as the in-house experiments. Hence, who should be responsi-
ble for the misdiagnosis and even medical malpractice? Gerke
et al. first proposed an ethical and legal framework of AI in
healthcare [89], which also applied to the Large Language Model.
In brief, the four ethical aspects were (1) informed consent to
use, (2) safety and transparency, (3) algorithmic fairness and
biases, and (4) data privacy. Moreover, the legal aspects were
(1) safety and effectiveness, (2) liability, (3) data protection
and privacy, (4) cybersecurity, and (5) intellectual property law
(89, 90].

4.3.2 | Regional Regulatory Compliance

While LLMs strive to deliver the most accurate answers, they
frequently overlook whether their responses comply with local
regulations. Suggesting drugs that are prohibited in a user’s
geographical region poses significant risks for patients and can
also put clinicians at risk when utilizing these models. LLMs must
integrate regulatory considerations into their recommendations
to ensure safe and compliant medical guidance.

4.4 | Implementation Barriers

4.41 | Lack of Standardized Operating Procedures

While the accuracy of LLMs is continuously supported by
research, no SOP has been developed for LLMs in medicine.

In a survey of 174 medical students, 68% were concerned about
the liability of AI in medicine, and over 80% agreed that there
should be more AI education in medical training [91]. While
existing research focuses on improving the accuracy of responses
from LLMs in Medicine, there is a significant gap in strategies
for their safe implementation and risk mitigation in clinical
settings.

5 | Proposed Solutions and Future Directions
5.1 | Technical Innovations
5.1.1 | Real-Time Evidence Retrieval

Updating LLMs frequently is highly impractical due to the
intensive resources required for fine-tuning [92]. More practical
techniques like Retrieval Augmented Generation (RAG) could
help by letting LLMs pull real-time data from medical guidelines
or research papers, ensuring responses align with current stan-
dards. Mohammad et al. proposed a possible solution that used
an adaptive knowledge graph with RAG to incorporate instant
knowledge from public databases like PubMed [93].

5.1.2 | Improve Response Accuracy

Mixture of Experts (MoE) models could further improve accu-
racy by assigning subtasks (e.g., diagnosing a TCM pattern vs.
analysing a lab result) to specialized “expert” modules. However,
most medical LLMs today lack these features, relying instead
on oversimplified frameworks. More recently, an evidence-based
medicine framework was proposed, and an improvement in
medical Q&A was made without modifying the LLMs archi-
tecture [94]. Those approaches provide a new perspective
on improving the model performance without changing the
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architecture, but modifying the problem formulations and search-
ing strategy is a cost-effective solution for next-generation LLMs
in medicine.

513 |
response

Improve the Interpretability of the LLMs’

Existing LLMs would provide the answer to the questions, but
few of them would provide a rationale for them to make the
decision. It makes it hard to evaluate the quality of the answer.
LLMs offer the exciting prospect of in-context few-shot learning
via prompting. That is, instead of fine-tuning a separate language
model checkpoint for each new task, one can simply “prompt”
the model with a few input-output exemplars demonstrating the
task. Remarkably, this has been successful for a range of simple
question-answering tasks. Wei et al. proposed the concept of
chain of thought [56], which prompts a series of intermediate
natural language reasoning steps that lead to the final output.
Despite their success, LLMs are still limited by a lack of knowl-
edge and are prone to hallucinations during reasoning, which
can lead to errors in reasoning processes. Recently, Luo et al.
[95] proposed combining the knowledge graph with reasoning
since the KGs capture abundant factual knowledge in a structured
format, providing a faithful reasoning source. However, there
is a need to ensure the quality of the data in the knowledge
graph. Yang et al. demonstrated that malicious links to the drug
within a knowledge graph (KG) could contaminate the LLMs
responses generated based on the information stored in the KG
[96]. In the future, improving the human interpretability of the
LLMs would be a promising direction, allowing doctors and
patients to trust the model output and notice if mistakes are
generated from the model. Also, the Large Language Model could
inspire us to notice some hidden patterns humans have not
noticed.

5.1.4 | Merging Subjective TCM Modality Into
Multimodal Frameworks

The unique characteristics of multimodality in Integrative
Medicine have been identified. Some existing work could serve
as a reference for modality integration. For example, Belyaeva
et al. proposed a multimodal LLM named HeLM, which can
effectively use demographic and clinical features in addition
to high-dimensional time-series data to estimate disease risk
[97]. Xu et al. proposed that ELSXR align the X-ray image
with its paired report to improve visual question and answering
(VQA) and question and answering (Q&A) [98]. Considering
the integration of syndrome (i.e., mainly from TCM diagnosis,
which is relatively subjective) with the objective data obtained
from these diagnostic modalities is essential for constructing a
holistic view of the patient’s health status. We proposed to avoid
the syndrome classification at the beginning, and instead, we
should use the tongue image, patients’ pulse signal profile, and
the saliva metabolic profile as the input for the Multimodality
integration of TCM and Modern Medicine. After that, the linkage
with the syndrome could be established, such as tongue patterns
associated with TCM syndrome [99] polycystic ovary syndrome
connected with pulse wave [100].

5.2 | Data and Standardization
5.2.1 | Curating Data Sources for Integrative Medicine
5.2.1.1 | DataFrom ICD-11 TCM Cohortand WHO. Trans-

lation involves rendering Chinese terms into English and updat-
ing ancient TCM terminology to modern language. The 11th
edition of the International Statistical Classification of Diseases
and Related Health Problems (ICD-11) incorporated TCM ter-
minology in 2019 [101]. This integration acknowledges TCM’s
significance in the global health system and is pivotal in translat-
ing TCM concepts into English. The integration enables Modern
Medicine practitioners and healthcare professionals to grasp the
essence and influence of TCM on patient care. Also, WHO
International Standard terminologies on TCM provided a more
comprehensive list of the standard translation of TCM concepts
to English [102].

5.2.1.2 | Data From Chinese Proprietary Drug. From the
perspective of establishing integrative medicine LLMs to opti-
mize treatment efficacy through combination therapies, CPMs
offer three key advantages: (1) Unlike TCM complex syndrome
differentiation system, CPMs adopt a disease- and symptom-
oriented framework, for example, the clinical recommendation
of Tripterygium glycosides with csDMARDs for rheumatoid
arthritis patients is not necessary alongside with syndrome
differentiation [103, 104]. This standardized approach bridges the
epistemological conflict between TCM and Modern Medicine,
which helps the LLMs establish a cohesive framework. (2) CPMs’
fixed ingredient ratios and quantified production standards
enable LLMs to effectively utilize precise chemical composition
databases alongside modern pharmacokinetic models. This inte-
gration allows for more accurate predictions of dose-dependent
interactions in Herb-Drug combinations [105], significantly
enhancing safety assessments in polypharmacy regimens. (3) The
prescription stability of CPMs supports their use as reproducible
intervention units. LLMs can use CPMs to identify the related
multicenter Randomized Control Trials, while traditional herbal
prescriptions could not be due to the high variation among
different trails.

5.2.1.3 | Data from EBM. The integration of EBM offers a
scaffold to address epistemological conflicts in cross-paradigm
care. For instance, in DMARDs-resistant cases, EBM ensures
therapeutic choices remain rooted in clinical trial data. At the
same time, MB decodes how TCM herbs like demethylzey-
lasteral (an ingredient in Tripterygium wilfordii) modulate JAK-
STAT pathways [106], translating ancient “damp-heat” syndrome
concepts into actionable anti-inflammatory targets. Systems
Medicine contextualizes these insights, modelling interactions
between herbal compounds, gut microbiota, and immune cas-
cades to predict holistic outcomes.

5.21.4 | Data From Integrative Medicine Research. We
should utilize the large corpus of TCM research in China. Cheng
et al. reviewed the biological basis of TCM syndrome and pro-
posed the five-step principles for TCM syndrome standardization
[107]—the proteomic and gene expression characteristic of “blood
stasis” [108, 109]. Ya et al. decoded the metabolic characteristics
of cold hot pattern within RA patients [110]. Later, the hot
individuals were further summarized as related to inflammation,
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immune-related pathways, and higher metabolism. Meanwhile,
lower metabolism has been observed in cold people [111].

5.2.1.5 | Data From Molecular Biology and Systems
Medicine. It is essential to incorporate a larger corpus of
research from molecular biology and systems medicine, as
curated in databases like PubMed and Google Scholar. Leveraging
these sources allows LLMs to summarize research findings
and synthesize clinical practice guidelines effectively. Addition-
ally, optimizing existing drug-drug interaction databases and
resources like TCMbank is crucial. TCMbank can be a valuable
resource for LLMs to learn about herb-drug interactions, as it
curates comprehensive chemical structures of ingredients [105].
By transforming herb-drug interactions into drug-drug interac-
tion problems, we can decompose herbs into multiple ingredient-
drug pairs and predict their interactions independently. This
approach enhances the integration of TCM and Modern Medicine
practices, promoting safer and more effective clinical guidelines
in integrative medicine.

5.2.2 | Bridging Epidemiological Conflicts Through
TCM Standardization

We should utilize the large corpus of TCM research in China.
Cheng et al. reviewed the biological basis of TCM syndrome and
proposed the five-step principle for TCM syndrome standardiza-
tion [107], which identified the proteomic and gene expression
characteristic of “blood stasis” [108, 109]. Ya et al. decoded the
metabolic characteristics of Cold-Hot patterns within RA patients
[110]. Later, the Hot individuals were further summarized as
related to inflammation, immune-related pathways, and higher
metabolism. Meanwhile, lower metabolism has been observed in
Cold people [111].

5.3 | Policy and Education

5.3.1 | Revealing the Effect of Regional Regulation

As aresult, the LLMs in practice for practice needed to be curated
with the list of authorized Chinese Proprietary Medicine (CPMs),
drugs, and sponsors drugs. For example, the list of authorized
CPMs is available at https://data.gov.hk/tc-data/dataset/hk-dh-
cmd-cmd-list-of-proprietary-chinese-medicine, and the list of
available drugs under China Healthcare Security could be found
in http://big5.www.gov.cn/gate/big5/www.gov.cn/zhengce/
zhengceku/202411/content_6989859.htm. In the future, the
response of LLM in Integrative Medicine should be customized
based on the region and patients’ financial ability.

5.3.2 | Establish SOP for Clinical Practitioners

Should an SOP be provided to clinicians to tell them the standard
prompt for communicating with LLMs? When to believe the
LLMs response? When should they further ask the LLMs to val-
idate its response? The potential framework of SOP in LLMs for
clinicians should be established to achieve safe and effective use
in clinics. It should include the process, objective, responsibility,
procedure, and the standard of procedures.

5.4 | Three-Stage Development Strategy

5.4.1 | Stage1 Evidence Summarization

In this stage, LLM’s capabilities include providing evidence-based
responses, where the model answers a question and explains the
reasoning behind its answer (Figure 6). Training strategy Integra-
tive medicine combines knowledge from Modern Medicine and
TCM. Since much of the TCM context is Chinese, the chosen base
model must comprehend Chinese and English. Subsequently,
training in integrative medicine content is necessary. This field
involves domain-specific knowledge from integrative medicine
textbooks, clinical guidelines, and trials. Once the integrative
medicine corpus is curated in text format, it can further pretrain
the base model. The goal is to embed domain-specific knowledge
into the model. Following pretraining, an instruction-tuning
dataset can be constructed based on the corpus. This dataset
typically consists of question-answer pairs related to integrative
medicine. While the model may accurately answer integrative
medicine questions post-training, it may lack the ability to justify
its deductions. RAG can enhance LLMs interpretability [112].
RAG ensures that the generated answers are accompanied by
references that validate their accuracy, like Pre-Retrieval Process
[113] and Post-Retrieval Process like LangChain [114]. Even more,
some would employ MoE models, which input the query to
multiple experts independently, and the answers were weighted
according to the gate network weighting [115, 116].

5.4.2 | Stage 2 Hypothetical Evidence Generation

LLMs progress to generating hypothetical answers (Figure 6).
The focus of stage 2 is given the fact that only limited numbers
of integrative medicine clinical practice guidelines [117]. These
answers may not be explicitly stated in the source material but
are implied or inferred. To incorporate the ability to generate in
LLMs, we needed to embed the fingerprint of the molecules into
the model. Given the fine-tuned-based model trained on stage 1,
we must fine-tune it further. It uses the human preference data
to avoid the model’s output of toxic information and respond
more accurately. Also, molecule features needed to be integrated
into the model, from structure to targets, cell response, network
and clinical information. Such data could allow our LLM to
understand the linking between drug features and the disease.
Moreover, it induces similar molecules that could target the same
disease. Huang et al. developed the first Large Language Model
that could predict drug repurposing [77]. Our perspective is to
further extent the model’s applicability to arbitrary molecules,
even the TCM-derived compounds.

5.4.3 | Stage 3 Integration of Patients’ multimodal Data
for Precision Diagnosis

Moving forward, LLMs evolve to integrate patients’ diverse data
types for precise diagnosis (Figure 6). While Modern Medicine
typically focuses on diseases, the reality is that patients are
present with a combination of conditions. By considering the
specificities of each patient, the model aims to reduce the chances
of treatment non-responsiveness and enhance personalized
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FIGURE 6 | Strategy to develop integrative medicine Large
Language Model.

The gap in integrative medicine LLM, the proposed three stages strategies
to train an integrative medicine LLM, and its application.

healthcare outcomes. In the final stage of the process, patient-
specific data is integrated into the model to identify key
disease-causing factors and accurately classify patients based on
biomarkers and TCM pattern biomarkers. The patient data, being
multimodal, necessitates the deployment of individual modality
models—such as visual models for X-rays, MRIs and histopathol-

ogy imaging [118, 119]. Each modality model is designed to
capture the nuances specific to that data type. The algorithm
is structured to map patient features to multi-dimensional drug
features. The concept of CMAP could provide the connectivity
score for this mapping. Subsequently, the insights gathered from
each modality are consolidated using LLMs. This comprehen-
sive approach enables precise decision-making tailored to each
patient’s condition, ensuring targeted treatment strategies based
on a holistic understanding of the patient’s health profile.

6 | Discussion

Integrating LLMs into integrative medicine marks a pivotal
advancement in harmonizing the empirical, systemic approaches
of TCM with the evidence-based precision of modern medical
science. LLMs hold immense potential to bridge these paradigms,
enabling cross-disciplinary knowledge synthesis, clinical deci-
sion support, and personalized care. Their deployment faces
multifaceted challenges rooted in epistemological, technical,
and ethical complexities. Addressing these challenges requires
innovative solutions anchored in interdisciplinary collaboration
and rigorous validation.

A core barrier lies in reconciling TCM’s holistic frameworks,
such as Qi imbalances or Liver Yang rising, with Modern
Medicine’s reductionist focus on molecular pathways. LLMs must
transcend mere terminology translation to establish mechanis-
tic links between these systems. For instance, mapping TCM
syndromes like blood stasis to proteomic biomarkers [108, 109]
or connecting rheumatoid arthritis-associated cold-hot patterns
to distinct metabolic profiles [110] could operationalize TCM
diagnostics for modern clinical workflows. Hybrid models like
Taiyi [38], which align bilingual TCM and Modern Medicine
corpus, demonstrate this potential but require scaling to address
the scarcity of high-quality integrative datasets.

Technically, existing LLMs struggle with integrative tasks due to
fragmented training data and monolingual biases. Architectures
like MoE could allocate specialized modules, such as a TCM
syndrome differentiation expert trained on pulse/tongue data and
amodern diagnostics module analysing lab results and emulating
clinician workflows. Innovations like BianQue’s Chain of Ques-
tioning [40], which refines diagnoses through iterative inquiry,
offer a template for dynamic reasoning. However, computational
costs remain prohibitive; parameter-efficient fine-tuning (e.g.,
LoRA in ShenNong-TCM-LLM) and multimodal integration of
wearable devices or omics data may mitigate these barriers.
LLMs must dynamically update knowledge to avoid perpetuating
outdated practices from historical TCM texts, such as using
toxic compounds like cinnabar. RAG systems tied to real-time
PubMed/ICD-11 feeds could ensure alignment with evolving
standards.

Clinically, LLMs could democratize integrative expertise by alert-
ing TCM practitioners to modern medical risks (e.g., Bai Xian
Pi hepatotoxicity) or suggesting evidence-based alternatives for
refractory conditions [75, 76]. However, ethical and regulatory
frameworks are critical to mitigate risks. Embedding region-
specific formularies (e.g., China’s approved CPM list) into LLMs
can prevent recommendations of unapproved therapies, while
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transparency protocols, such as disclosing model limitations
and requiring clinician validation of Al-generated diagnoses.
Standardized workflows, informed by frameworks like Gerke
et al. pillars of AI ethics, must balance innovation with patient
safety [89].

The three-stage pipeline for establishing LLMs in integrative
medicine was proposed to fill the gaps between state-of-the-art
LLMs in tasks of integrative medicine, which aims to fit the needs
of clinics. Global adaptability will require leveraging WHO’s ICD-
11 TCM terminology standardization [101]. Patient-centric tools,
such as LLM-powered chatbots for personalized dietary advice
(e.g., constitution-based TCM regimens), could further enhance
adherence to integrative care.

Despite this promise, limitations persist. Untranslatable TCM
concepts (e.g., Qi) risk misinterpretation without robust cultural-
linguistic safeguards and siloed validation in controlled settings
limits real-world applicability. Computational costs and sub-
jective concepts of TCM syndrome further constrain progress.
Evidence-Based Medicine illustrated the transformative potential
of bridging these gaps, for example, a TCM compound Tongxinluo
was validated in acute myocardial infarction trials [79].

In conclusion, LLMs in integrative medicine stand at the frontier
of a healthcare revolution, poised to harmonize ancient wis-
dom with cutting-edge science. Success hinges on collaborative
innovation, uniting AI developers, clinicians, and policymakers
to refine architectures, enforce ethical rigor, and validate tools
in diverse clinical landscapes. By doing so, these models could
redefine global standards for personalized, holistic care, ensuring
Al is a collaborator rather than a disruptor in the art and science
of healing.
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