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A B S T R A C T

Traditional Medicine (TM) has played a crucial role in global healthcare due to its long history and holistic 
approach. Artificial Intelligence (AI) has emerged as a revolutionary technology, offering exceptional capabilities 
in areas such as data mining, pattern recognition, and decision-making. The integration of Artificial Intelligence 
for Traditional Medicine (AITM) presents a promising frontier in advancing medicine and healthcare. In this 
review, we explore AITM from two perspectives: recent AI techniques and TM applications. Specifically, we 
investigate how Machine Learning, Deep Learning, and Large Language Models are applied to TM, covering 
applications such as diagnosis (before, during, after) and research (drug research, structured knowledge, data 
analysis). By leveraging advanced algorithms and models, AI can improve decision-making efficiency, optimize 
diagnosis accuracy, enhance patient experience, and reduce costs. We anticipate this review can bridge the gap 
between AI and TM communities. And the goal is to foster collaboration and innovation between both com
munities, enabling them to exploit the state-of-the-art AI techniques to advance TM diagnosis and research, 
ultimately contributing to the enhancement of human health.

List of Abbreviations:

TM Traditional Medicine
TCM Traditional Chinese Medicine
AI Artificial Intelligence
ML Machine Learning
DL Deep Learning
LLM or LLMs Large Language Models
SVM Support Vector Machine
DT Decision Tree
CNN Convolutional Neural Network
RNN Recurrent Neural Network
BERT Bidirectional Encoder Representations from Transformer
GPT Generative Pre-trained Transformer
ANN Artificial Neural Network
GNN Graph Neural Network
LR Logistic Regression
KNN K-Nearest Neighbors
RF Random Forest
NB Naive Bayesian
NER Named Entity Recognition

1. Introduction

Traditional Medicine (TM), spanning centuries across various cul
tures and civilizations, comprises a wide range of healing practices that 
have been passed down through generations. According to the definition 
by the World Health Organization, TM is “the sum total of the knowl
edge, skill, and practices based on the theories, beliefs, and experiences 
indigenous to different cultures, whether explicable or not, used in the 
maintenance of health as well as in the prevention, diagnosis, 
improvement or treatment of physical and mental illness”.1 Distin
guished from other medicines, TM often focuses on holistic approaches, 
addressing not only the physical symptoms but also the emotional, 
spiritual, and environmental factors that contribute to health and illness. 
Nowadays, TM still remains crucial, especially in developing countries 
and rural areas, due to its accessibility, affordability, and alignment with 
local cultural values.2,3 The importance of TM lies in its historical and 
cultural values, and more importantly in its potential to offer the 
alternative solution to other medical solutions.3–5

Artificial Intelligence (AI) can be considered as a branch of computer 
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science that simulates human intelligence such as learning, reasoning, 
and decision-making. Its most significant and distinctive capabilities lie 
in analyzing complex data, learning from experience, adapting to new 
inputs, and making data-driven decisions.6 The rapid progress of AI has 
fueled innovation in a multitude of areas, including but not limited to 
autonomous vehicles, manufacturing, education, scientific research, and 
healthcare.

Regarding Artificial Intelligence for Traditional Medicine (AITM), AI 
techniques hold the potential to deeply participate in and even reshape 
several aspects of TM.7–16 For instance, support vector machines and 
decision trees have been exploited for quantitative analysis of diseases 
or treatment data; convolutional neural networks have been widely 
applied to classify the categories of images in herbal medicine or tongue 
diagnosis; large language models have been employed to handle medical 
texts for question answering or identifying key words. By leveraging 
advanced algorithms and models, AI can assist TM in improving 
decision-making efficiency, optimizing diagnosis accuracy, enhancing 
patient experience, and reducing costs.

In this review, we intend to cover AITM works from two perspectives: 
the recent AI techniques and TM applications. Specifically, recent AI 
techniques mainly include Machine Learning (ML), Deep Learning (DL), 
and Large Language Models (LLM or LLMs), while TM applications 
contain diagnosis (before, during, after) and research (drug research, 
structured knowledge, data analysis). To start with, the terminology of 
the recent techniques, belonging to ML, DL, and LLM, is combined 
respectively with TM as the key words for search in Google Scholar. A 
few examples of key words for “ML + TM” are “machine leaning +
traditional medicine”, “support vector machine + traditional medicine”, 
and “decision tree + traditional medicine”. After that, all these works 
are skimmed and the key information is recorded. We then categorize 
them based on the keynotes and the aforementioned two perspectives.

There have been many valuable review papers concerning AI and 
medicine,7–49 while these papers relatively less focus on AITM.7–16 The 
existing review papers mostly cover the works using ML and DL tech
niques for TM diagnosis and research. However, the recent break
through AI technique of LLM50,51 has not yet been covered in the context 
of TM. To fill the gap, this review paper aims to include the recent AI 
techniques of ML, DL, and LLM for both diagnosis and research appli
cations. Unlike previous review papers, we organize AITM works based 
on the recent AI techniques and TM applications, so that the researchers 
from AI community can understand where AI techniques have been 
applied in TM, and the researchers from medicine community are aware 
of what and how AI techniques can be applied in TM. The goal is to 
promote both communities to leverage the state-of-the-art AI techniques 
to advance TM diagnosis and research, ultimately contributing to the 
enhancement of human health.

The rest of the paper is structured as follows. Section 2 summarizes 
the related review papers in AI and medicine. Next, we present an 
overview of the AITM pipeline and the taxonomy of AITM research 
works in Section 3. After that, the specific research works for ML + TM, 
DL + TM, and LLM + TM are elaborated in Sections 4,5, and 6 respec
tively based on their applications. Section 7 then discusses the chal
lenges and future directions. And the conclusion is finally drawn in the 
last section.

2. Related review papers

The integration of AI in the medical discipline has been trans
formative, offering novel solutions for both traditional and non- 
traditional medicine. This section attempts to provide a detailed anal
ysis of previous review papers on the application of AI in traditional and 
non-traditional medicine. As shown in Table 1, these reviews are orga
nized around two dimensions: the medical applications including diag
nosis and research, and the AI techniques that drive recent 
advancements. With the continuous development of AI in the medical 
field, the number of related reviews has also been steadily increasing, 

offering a series of useful review papers.7–49,52–54 Although the reviews 
specifically targeting TM are relatively sparse,7–16 TM has demonstrated 
unique value in auxiliary treatment and preventive healthcare. Herbs, 
acupuncture, and Tai Chi in TM have been shown to effectively treat 
chronic diseases (such as rheumatoid arthritis and fibromyalgia), re
fractory diseases (such as migraines and irritable bowel syndrome), as 
well as major diseases like cancer and acute promyelocytic leukemia.15

Recently, AI has made significant breakthroughs in acupuncture, 
particularly in acupoint selection, prescription, technique identification, 
and efficacy prediction. Ref. 13 highlighted how AI driven data mining 
methods have identified key acupoint combinations for treating various 
diseases, offering a scientific basis for clinical acupoint prescriptions. 
Additionally, the application of AI-based DL and cloud computing has 
attracted widespread attention in healthcare, particularly for identifying 
potential active ingredients, targets, and pathways of single herbs or 
formulas in TM, as well as optimizing disease diagnosis and treatment 
models. For example, Ref. 8 illustrated how AI-assisted DL and cloud 
computing have been applied in both Western medicine and TM for 
diagnosing and treating different stages of rheumatoid arthritis.

From the application viewpoint, diagnosis and research are two 
essential medical aspects. We define diagnosis as the process of a patient 
undergoes when seeking medical assistance, including the stages before, 
during, and after diagnosis. Medical research, on the other hand, pri
marily contains drug research, knowledge structuring, and data analysis. 
According to Table 1, most reviews cover both diagnosis and 
research.7–11,13–15,17–36,49 However, there are also a small number of 
reviews that focus solely on either diagnosis or 
research.12,16,37,39,40,42–45,48,52–54 Reviews that focus on diagnosis often 
discuss AI in specific clinical applications. For example, Ref. 37 focused 
on AI-assisted endoscopic examination, discussing its application in 
gastrointestinal diseases. Ref. 48 discussed the application of AI in 
diagnosing various diseases, highlighting its potential to improve ac
curacy, accelerate detection, and enhance treatment efficacy, thereby 
increasing the chances of patient recovery. AI has also made progress in 
sports medicine, especially in the diagnosis of sports injuries. For 
example, Ref. 53 reviewed methods for assessing the risk of sports in
juries. The ESSKA AI Working Group has promoted applications in or
thopaedics, Ref. 52 reviewing the use of ML in sports injury prediction, 
and Ref. 54 highlighting the application of digital twin technology in 
orthopaedic surgery and postoperative prediction. Reviews in research 
usually focus on drug research, Ref. 40,42–44 discussing various ap
plications of AI-assisted drug design (such as virtual screening, property 
prediction, and clinical trials), as well as the challenges and opportu
nities it brings to the pharmaceutical industry. Apart from medical 
diagnosis and research, there are also other interesting AI-related 
medical topics such as privacy and interpretability,38 historical devel
opment,41 ethics,46 and education.47

From the viewpoint of recent AI techniques, a large number of re
views have thoroughly surveyed the applications of ML and DL tech
niques in medicine or healthcare.7–11,13–45 Most of them employed ML 

Table 1 
Summary of previous review papers on the application of AI in traditional and 
non-traditional medicine.

Publications 
(Counts)

Focus on 
Traditional 
Medicine?

Applications AI Techniques

Diagnosis Research ML DL LLM

12 (1) ✓ ​ ✓ ✓ ✓ ​
16 (1) ✓ ✓ ​ ✓ ✓ ​
7–11,13–15 (8) ✓ ✓ ✓ ✓ ✓ ​
35 (1) ​ ✓ ✓ ​ ✓ ✓
36 (1) ​ ✓ ✓ ✓ ✓ ✓
37,48,52–54 (5) ​ ✓ ​ ✓ ✓ ​
17–34,49 (19) ​ ✓ ✓ ✓ ✓ ​
39,40,42–45 (6) ​ ​ ✓ ✓ ✓ ​
38,41,46,47 (4) ​ ​ ​ ​ ​ ​
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and/or DL to improve the analysis of medical images, patient data and 
genetic information, changing clinical decision-making.17,19–36 For 
instance, Ref. 20 mentioned that radio graphic images, pathological 
slides, and electronic medical records are being evaluated through ma
chine learning, thereby assisting in the diagnosis and treatment of pa
tients and enhancing the capabilities of doctors. Ref. 22 stated that AI 
will enhance precision medicine decision-making, particularly in 
handling nongenomic and genomic determinants by integrating patient 
symptoms, clinical history, and lifestyle information. Ref. 33 elaborated 
on the contribution of AI in precision medicine and genomic medicine, 
where researchers can leverage ML and DL techniques along with 
extensive datasets to usher in a new era of effective genomic medicine. It 
is worth emphasizing that LLMs have emerged as the cutting-edge AI 
technique with significant impacts across various fields including med
icine. There are two short reviews concerning LLMs and medicine. 
Ref. 35 addressed the current efforts of applying LLMs in medicine, but 
overlooked other important AI techniques such as ML and DL. Ref. 31
discussed the impact of the COVID-19 pandemic in accelerating the use 
of AI in areas, such as telemedicine and chatbots, to enhance accessi
bility and improve medical education.

To the best of our knowledge, LLMs have not yet been systematically 
covered in the related reviews, especially with the focus on TM. 
Distinguished from the previous reviews, this review not only includes 
the recent ML and DL techniques, but also delves into the emerging 
technique of LLMs. Meanwhile, this review also considers the applica
tions of the recent AI techniques in both TM diagnosis and research.

3. Overview and preliminary

As illustrated in Fig. 1, the overview of AI and TM can be organized 
into four parts: data, techniques, tasks, and applications. First, the mo
dality of TM data could be native images, native texts, and other fea
tures, which are either directly or preprocessed as the input to AI 
models. Second, the recent AI techniques can be generally divided into 
three groups, i.e., ML, DL, and LLM; each group further contains more 
specific AI techniques that can be adopted to handle TM data and 
perform AI tasks. Third, there are several typical types of general AI 
tasks, e.g., classification tasks, to formulate a TM problem into an AI 
problem, e.g., classifying the category of herb images. Fourth, with the 
paradigm of formulating TM problems into AI problems, AI techniques 
can be then applied to TM data and accordingly support various TM 
applications such as the traditional medical diagnosis and drug research.

3.1. TM data

Data is crucial in medical diagnosis and research, as both human 
experts and AI models rely on data for learning and decision-making. 
Unlike human experts, AI models often require much more data for 
training the model, which can then be applied to make predictions based 
on the patterns learned during the model training phase. Considering 
current AITM works, the modalities of TM data mainly include but not 
limited to feature-based data, image data, and textual data.

For the less recent AI techniques, these data are often preprocessed 
into the so-called embeddings such that each sample becomes a data 
point in a high dimensional vector space. For example, we can adopt 
one-hot encoding55,56 to preprocess the original features or the textural 
data; we may flatten out the image pixels as one-dimensional vector. For 
the more recent AI techniques, these data can be directly fed into the 
models without too much feature engineering. For instances, some 
recent AI techniques can effectively extract key features from the raw 
images in an end-to-end supervised learning paradigm57,58; some very 
recent AI techniques could even learn from the raw data without human 
labeling in an end-to-end unsupervised or self-supervised learning 
paradigm.50,51

3.2. AI techniques

The recent AI techniques mainly cover three groups: ML, DL, and 
LLM. As depicted in the Venn diagram in Fig. 1, LLM is a subset of DL; DL 
is the subset of ML; all the three groups are the subset of AI, while AI 
would contain other techniques not in the three groups. For the three 
groups covered in this work, we first consider the early learning model, 
e.g., Support Vector Machine (SVM)59 and Decision Tree (DT),60 into the 
ML group. Second, the more recent learning model allowing deeper 
layers connected together, e.g., Convolutional Neural Networks (CNN)57

and Recurrent Neural Networks (RNN),61 is regarded as the DL group. 
And finally, the learning model typically with over millions of param
eters, e.g., Bidirectional Encoder Representations from Transformers 
(BERT)50 and Generative Pre-trained Transformer (GPT),51 is treated as 
the LLM group. It might be worth mentioning that the years of 2015 and 
2019 are based on the two landmark papers in which Ref. 62 presented 
the review of deep learning (over 85k citations) and Ref. 50 developed 
the BERT model (over 115k citations), although the related techniques 
of DL and LLM might be proposed earlier than the years of 2015 and 
2019.

Machine Learning (ML) refers to statistical models that can learn 

Fig. 1. Overview of Artificial Intelligence (AI) and Traditional Medicine (TM): data, techniques, tasks, and applications.
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underlying patterns from data, and generalize to unseen data without 
following explicit instructions. And in this work, ML is used to represent 
a set of early ML techniques including but not limiting to Logistic 
Regression (LR), Support Vector Machine (SVM), Decision Tree (DT), 
and shallow Artificial Neural Network (ANN). For more ML techniques, 
readers are encouraged to consult the early ML review63 as well as the 
ready to use Python library https://scikit-learn.org/. Mathematically, 
we describe the early ML models as follows: 

y = f(ϕ(x) ) (1) 

where x is the original input features; ϕ (.) could be a mapping for 
preprocessing the input features; f (.) is the function that maps its input 
to the output y. It is worth mentioning that f could be either parametric 
(e.g., LR and ANN) or non-parametric (e.g., SVM and DT), and the 
parametric f contains a fixed set of trainable parameters.

Deep Learning (DL) is a subset of ML that typically employs the 
deep neural networks with many layers or even more than hundreds of 
layers. The layers or modules to establish deep learning models include 
fully connected layer, Convolutional Neural Network (CNN), Recurrent 
Neural Network (RNN), Graph Neural Network (GNN), attention layer, 
and so on. Note that, CNN is preferred to deal with visual data like 
images, while RNN is good at handling sequential data like texts. For 
more DL techniques, we refer readers to the recent DL review62 as well as 
the ready to use Python libraries such as https://pytorch.org/ and 
https://www.tensorflow.org/. To be more specific, the formulation of 
DL models can be expressed as: 

y= f l( ⋯f1( f0(x; θ0); θ1
)
;⋯θl

)
(2) 

where x is the original input features; θ denotes the model parameters 
and is used to parameterize the corresponding function; f is the 
parameterized function typically with non-linear activation, and f could 
be CNN, RNN, or other type of layers; the superscript 0, 1, … l indicates 
the number of layers. As the layer goes deeper, the more high-level 
features would be extracted from the initial x, but meanwhile the DL 
model would become harder to train. Unlike traditional ML formulated 
in Equation (1) that the original input x often requires human experts for 
feature engineering via ϕ(x), DL empowers deep networks to automat
ically extract useful features in the end-to-end learning fashion.

Large Language Model (LLM) is the deep learning model typically 
containing over millions of parameters, and the most popular building 
block of LLM is transformer.64 LLM is trained on the massive textual data 
in a self-supervised fashion. Essentially, LLM is a statistical probabilistic 
model that assigns probabilities to sequences of words. It aims to 
maximize the co-occurrence probabilities given the sequences of words 
produced by humans, so that it can learn from human natural language. 
The probability of a sequence of words can be calculated by: 

P(w1,w2,⋯,wT)=
∏T

t=1
P(wt | w1,w2,⋯,wt− 1) (3) 

where P(wt | w1,w2,⋯,wt− 1) is the conditional probability of the word 
wt given its previous context w1,w2,⋯,wt− 1; the joint probability of a 
sequence of words P(w1,w2,⋯,wT) can be obtained by the product of 
the conditional probabilities over the sequence of words. We can esti
mate the probabilities using parametric neural networks f(w1, w2, ⋯,

wT; θ)65. Thanks to the development of the attention mechanism and 
transformer architecture,64 LLM can goes deeper with even millions or 
billions parameters θ and thereby enhancing the ability to model and 
understand human natural language. However, as training a such huge 
model from scratch is intractable for most people due to unaffordable 
computational resources, it is recommended to directly use the trained 
LLM or sometime fine-tune a trained LLM on, e.g., TM textural data for 

TM purpose. The well trained LLMs can be found at https://huggingface. 
co/, and there have been already successful examples,2,3,4 of LLMs 
specifically tailored for TM.

3.3. AI tasks

To properly formulate TM problems into AI problems, it is suggested 
to understand some common AI tasks. One of the standard tasks is 
classification,66 which aims to classify a given sample into the pre
defined classes based on its features. One of widely-used loss functions in 
classification is cross-entropy loss, which compares the predicted label 
given by the model and the ground-truth label annotated by humans, 
and accordingly tries to minimize the errors over all samples. Another 
standard task is regression,67 which attempts to predict the continuous 
score for a given sample based on its features. One basic loss function in 
regression is mean-squared error loss, and the objective for training the 
model is to minimize the errors overall samples between the predicted 
scores and ground-truth scores.

Apart from classification and regression, the generation task has 
recently become popular, which intends to generate natural language 
imitating humans for question answering and even reasoning. The 
objective is to maximize the occurrence probability of the masked word 
given its surrounding words50 or the next word given its previous 
words,51 so as to train the neural probabilistic language model as shown 
in Equation (3) with a huge number of parameters over massive texts. By 
doing so, the underlying text patters and human knowledge behind texts 
would be compressed into the model parameters of LLM.

There are also other AI tasks such as clustering and factor analysis. 
Note that, these common AI tasks can be used to transform TM problems 
into AI problems, which facilitates utilizing AI techniques to solve TM 
problems, and thereby supports various TM applications.

3.4. TM applications

In general, TM applications can be divided into two groups. The first 
one is related to TM diagnosis, which covers the full cycle of patients 
seeking medical help from clinicians or doctors, including before diag
nosis, during diagnosis, and after diagnosis. Specifically in this work, the 
“before diagnosis” refers to the point before the first diagnosis meeting 
between patients and doctors. The “after diagnosis” is the point after 
patients receiving his/her doctor’s advice in which patients are not 
required to make diagnosis again in a short period of time.

Another one is about TM research, which does not directly deal with 
the specific illness of a patient, consisting of drug research, structured 
knowledge, and data analysis. It is noted that collecting and building 
structured knowledge or structured data would serve as the basis to 
support many other TM applications. For examples, the structured 
knowledge can assist LLM to better respond diagnostic queries; having 
more structured data available can enhance model training and thus 
lead to better performance.

3.5. Taxonomy of AITM works

Overall, the AITM works are organized according to two perspec
tives: recent AI techniques (ML, DL, and LLM) and TM applications 
(diagnosis: before, during, after; research: drug, structured knowledge, 
data analysis). The flowchart of how to organize these works is illus
trated in Fig. 2. And we follow this workflow in Sections 4,5, and 6.

2 https://huggingface.co/TCMLLM/Lingdan-13B-PR.
3 https://huggingface.co/CMLM/ZhongJing-2-1_8b.
4 https://huggingface.co/tyang816/MedChatZH.
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Fig. 2. Flowchart for taxonomy.

Table 2 
Overview and statistics of ML Applications in Traditional Medicine.

Application Description Model Data (Size) Publications 
(Year)

Before 
diagnosis

Identifying TCM Constitution Types and Analyzing Their Link to Obesity LR CCMQ Responses (18805) 68 (2010)
Classification of Body Constitution Types from the BCQ DT BCQ Responses (108) 69 (2022)

During 
diagnosis

TCM Model for Syndrome Differentiation Formulas of Chronic Hepatitis B DT Patient Records (555) 70 (2011)
Classification of Lip Images for TCM Lip Diagnosis SVM Lip Images (257) 71 (2012)
Patient Classification of Hypertension SVM, KNN Hypertension Clinical Cases 

(904)

72 (2015)

Analyzing Clinical Records for Diagnosis and Acupoint Recommendations Ensemble 
Model

Clinical Records (2,835) 73 (2015)

Firefly and Simulated Annealing Algorithms for Clustering Prescriptions K-means CM Prescriptions (1,100) 74 (2016)
Predicting Prescriptions for Disease Treatment SVM Abstract Text (48,243) 75 (2017)
Warfarin Dose Prediction Based on Patient Clinical Variables Ensemble 

Model
Patient Clinical Data (289) 76 (2018)

Classifying Chinese Medicine Prescriptions Using HIN Modeling K-means, etc. ChP and TCM clinical cases 
(3K+)

77 (2019)

Classification of Pulse Signals SVM, etc. Pulse Data (1,812) 78 (2021)
TCM Constitution Discrimination RF, DT Examination Results (441) 79 (2022)
Multi-Label Classification for TCM Prescription Generation in Lung Cancer SVM TCM Prescriptions (10,000) 80 (2022)

Drug research Identification of Drug-Like Compounds Through Drug-Likeness Prediction NB MDDR, ACD, TCMCD 81 (2012)
Discrimination of Herbal Medicines Using Terahertz Spectroscopy SVM, DT, RF Traditional Herbal Medicine 

(1200)

82 (2017)

Integrating Multiple Classic Classifiers for Ginseng Identification Ensemble 
Model

Ginseng Samples (315) 83 (2017)

Classification of Mineral TCMs Based on Spectral Data SVM Spectral Data (108) 84 (2019)
Identification of Neuroprotective Compounds in XXMD KNN, RF, etc. Herbal Compounds in XXMD 

(1,484)

85 (2019)

Clustering Herbal Medicines by Automated Cluster Center Selection K-means, etc. Prescriptions (10,000+) 86 (2019)
Classification of Chinese Herbs Efficacy Based on Node Similarity K-means Prescriptions (22,570) and 

Herbs (1,956)

87 (2020)

Screening and Discovery of Antibacterial Herbal Medicines ANN, RF, etc. Antibacterial TCMs (904) 88 (2021)
Discrimination of Herbal Medicines Based on FT-IR Spectra DT, RF, ANN Mutong Samples (164) 89 (2021)
Daily Intake Estimation of Hepatotoxic Compounds SVM Hepatotoxicity of 17 NP-TCMs 90 (2021)
Screening Hepatotoxic Compounds in TCM and Western Medicine SVM, RF, NB, 

etc.
Hepatotoxic Compounds 
(2,035)

91 (2022)

Screening Western and TCM Combinations for RA Treatment KNN, SVM, RF, 
etc.

DrugCombDB, DrugBank, 
TCMSP etc.

92 (2023)

Data analysis Extracting Syndrome Differentiation Rules for Post-Hepatic Cirrhosis DT Patient Records (293) 93 (2008)
Determining Risk Factors of Osteoporosis RF, SVM Questionnaires (998) 94 (2012)
Prediction of Cardiotoxicity in TCM Compatibility SVM Herb Groups 95 (2016)
Identification of Articles on TM SVM MEDLINE (189,674) 96 (2017)
Quality Classification of KuDieZi Injection SVM KuDieZi Injection (50 batches) 97 (2017)
Quantitative Prediction of Glycyrrhizic Acid Content in Chinese Herbal Medicine 
Glycyrrhiza Glabra Based on Four Extraction Parameters

GA-PBNN, etc. Glycyrrhizic Acid Extraction 
Data (30)

98 (2018)

Prediction of Incompatible Herb Pairs in TCM LR, SVM, etc. IHP datasets (528) 99 (2019)
Predict Meridian of Herbs from Molecular Features SVM, DT, RF, 

KNN
TCMID (18,140) 100 (2019)

Exploring Key Aspects of TCM Diagnosis and Treatment for Insomnia RF Outpatient Cases (654) 101 (2021)
Exploring the Most Frequently Used Drugs for Treating Acute Pancreatitis RF Compounds for AP Treatment 

(516)

102 (2021)
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4. ML on traditional medicine

As an early AI technique, ML can develop task-specific models 
tailored for various applications in TM. Through our investigation, we 
found that classification tasks of ML are the most widely applied in TM, 
while the applications of regression tasks are relatively rare. This is 
primarily because TM often relies on qualitative judgments to study 
problems rather than quantitative analyses. Additionally, the clustering 
tasks regarding ML are commonly used to discover or identify samples 
with similar characteristics. Furthermore, many studies utilize ML 
techniques for data analysis to enhance the interpretability of TM in 
practical applications. In this section, we focus on the specific applica
tions of ML in TM, as shown in Table 2, which can be divided into two 
main parts: diagnosis and research.

4.1. ML applications in diagnosis

The applications of AI in diagnosis consist of three stages: before 
diagnosis, during diagnosis, and after diagnosis. Regarding the before 
diagnosis stage, ML mainly classifies patients based on questionnaires, 
aiding subsequent diagnosis and treatment. For instance, Ref. 68 and 
Ref. 69 employed the standardized Constitution in Chinese Medicine 
Questionnaire (CCMQ) and Body Constitution Questionnaire (BCQ), 
respectively. Both questionnaires contain multiple questions with 
multi-level scoring to determine Traditional Chinese Medicine (TCM) 
constitution types (e.g., Yang-Xu, Yin-Xu, and Stasis types). These data 
were then used to train Logistic Regression (LR) and Decision Tree (DT) 
models for the rapid assessment of patients’ constitution. Unlike during 
diagnosis, the applications of ML in before or after diagnosis stages are 
less common. A possible reason is that the early research focused on 
using clinical data to train ML models and assist in diagnosis. As 
attention to pre-diagnosis questionnaires and post-treatment follow-ups 
increases, the use of ML is expected to grow in these areas.

The applications of ML in TM diagnosis primarily focus on the during 
diagnosis stage, where ML techniques serve as an auxiliary tool during 
the patient examination and treatment process. Many works utilize the 
classification capabilities of ML models to assist in diagnosis. Ref. 70
applied feature selection and syndrome classification on chronic hepa
titis B patient records to construct a TCM diagnosis model for syndrome 
differentiation formulas. Ref. 71 used a Support Vector Machine (SVM) 
model to classify lip images to assist in TCM lip diagnosis. Ref. 72
developed SVM and K-Nearest Neighbors (KNN) models based on the 
relationship between syndromes and symptoms from clinical cases to 
classify patients with hypertension. Ref. 73,75,80 utilized ML classifi
cation models to recommend prescriptions based on the symptoms 
presented by patients, assisting in diagnosis and treatment. Ref. 78
proposed an SVM classification model using unstructured pulse signal 
data for pulse signal classification, which is valuable for objectifying 
pulse diagnosis. Ref. 79 developed Random Forest (RF) and DT models 
for classifying TCM constitutions based on volunteer test data. Apart 
from classification tasks, Ref. 76 tracked the treatment of thromboem
bolic patients using warfarin and developed a multivariate nonlinear 
regression ML ensemble model for quantitative dosage prediction, 
minimizing risks of incorrect dosing. Additionally, clustering models of 
ML can also assist in diagnosis. Ref. 74,77 further proposed their 
improved algorithms based on K-means clustering models, applying 
them to the clustering analysis of Chinese medicine prescriptions and 
supporting clinical decision-making.

4.2. ML applications in research

Apart from diagnosis, ML is also widely applied in TM research, 
primarily in the two areas: drug research and data analysis. In drug 
research, ML can be used not only to identify herbs at a macro level but 
also to recognize target compounds within herbs at a micro level. 
Ref. 82,84,89 used spectral data of Chinese medicinal herbs to develop 

ML classification models for efficient identification and differentiation, 
advancing herbal drug discovery. Ref. 83 employed a homemade E-nose 
system to collect ginseng data and developed a high-accuracy ginseng 
classification model using ML ensemble learning. Ref. 86 and87
collected herbal medicines from prescriptions and proposed improved 
K-means clustering models to more accurately identify herbs of the same 
category. Ref. 88 developed ML classification models to rapidly identify 
TCM with activity against E. coli and/or S. aureus. from a large anti
bacterial herb dataset. At the micro level, Ref. 81 used compound 
fingerprint features to create Naive Bayesian (NB) classification and 
recursive partitioning models, facilitating the discovery of drug-like 
molecules. Ref. 85 and91 utilized molecular feature data to identify 
target compounds, focusing on neuroprotective compounds from 
XiaoXuMing Decoction (XXMD, a TCM prescription) and hepatotoxic 
compounds from TCM and Western medicine combinations. Ref. 90 used 
HepG2 cells to investigate the hepatotoxicity risks of natural products 
derived from TCM, developing an SVM model to quantitatively predict 
hepatotoxicity and recommend dosing regimens. Ref. 92 developed ML 
classification models to screen combinations of Western medicine and 
TCM for anti-RA treatment from small molecule drug datasets, providing 
a reference for clinical treatment of RA with integrated Western medi
cine and TCM.

Utilizing ML models for data analysis to enhance the interpretability 
of TM in practical applications is also a valuable direction. Ref. 93 used a 
DT model to study the relationship between posthepatitic cirrhosis 
syndromes and symptoms or signs, extracting differentiation rules and 
identifying key symptoms or signs., Ref. 94,101 and102 adopted RF 
models for factor analysis to identify the risk factors of osteoporosis, the 
key aspects of TCM diagnosis and treatment for insomnia, and the most 
frequently used drugs for treating acute pancreatitis, respectively. 
Ref. 95 and99 focused on herbal combinations and used ML models to 
analyze the cardiotoxicity of TCM compatibility and incompatible herb 
pairs, respectively. Ref. 96 used an SVM model to identify articles on TM 
from biomedical literature, facilitating research trend analysis in TM. 
Ref. 97 proposed a chromatographic strategy combined with an SVM 
model for quality testing of KuDieZi injection, advancing the quality 
analysis of TCM injections. Ref. 98 suggested a Genetic 
Algorithm-Backward Propagation Neural Network (GA-BPNN) model to 
analyze and establish a mapping between process parameters and 
extraction yield in the bioactive ingredient extraction from Chinese 
herbal medicine, further optimizing the extraction parameters. Ref. 100
developed ML models to analyze target meridians of herbs and their 
active components in traditional Chinese herbal medicine.

Research on ML for structured knowledge is relatively limited, as 
there is a growing preference for more complex and powerful models. 
For instance, DL models are often used for Named Entity Recognition 
(NER) to construct knowledge graphs, or LLMs are applied to extract 
relational structures from textual data. These approaches will be dis
cussed in detail in subsequent sections.

5. DL on traditional medicine

With the rapid development of artificial intelligence, Deep Learning 
(DL), a key branch of machine learning, offers new avenues for exploring 
TM. It allows automatic learning of complex patterns and relationships 
through multi-level feature extraction, nonlinear transformation, and 
end-to-end learning. The applications of DL in TM are diverse and 
extensive. The ongoing development of DL models, like Convolutional 
Neural Networks (CNN), Recurrent Neural Networks (RNN), and Graph 
Neural Networks (GNN), provides innovative approaches for re
searchers, improving the efficiency of medical data processing and pa
tient treatment, and advancing the medical field. As shown in Table 3, 
this section systematically reviews DL in TM and introduces represen
tative works in terms of diagnosis and research.
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5.1. DL applications in diagnosis

The diagnosis of TM is not only the starting point of clinical treat
ment but also the key factor in determining treatment methods and 
outcomes. Diagnostic results directly influence subsequent treatment 
choices, making the application of DL techniques in this stage central. 
TM’s application of DL is primarily focused on the diagnostic stage 
because diagnosis relies on quantifiable data (such as tongue patterns, 
pulse, complexion, etc.), which are well-suited for image recognition 
and pattern analysis using DL. In contrast, the before-diagnosis and 
after-diagnosis stages lack long-term tracking data (such as lifestyle 
habits, recovery processes, etc.), and the data often involves patient 
privacy, making it difficult to directly apply DL techniques. Conse
quently, it is relatively hard to find the works for before and after 
diagnosis, whereas we find many works belong to the during-diagnosis 
stage.

The diagnostic process in TM largely relies on the experience and 
judgment of practitioners, making it difficult to describe in a scientifi
cally quantitative manner. Therefore, practitioners leverage DL models 
to process patients’ facial features, irises, tongue coatings, and other 
indicators, helping the development of standardized, objective, and 
quantifiable diagnoses. For example, the Four Diagnostic Method
s—inspection, auscultation, inquiry, and palpation—are used in TCM, 
where practitioners observe the five organs (heart, liver, spleen, lung, 
kidney) through the appearance of the five facial features (mouth, ears, 
eyes, nose, tongue). Among them, according to the application of the DL 
of the tongue, the appearance of the tongue reflected the organs and the 
severity of the disease such as Ref. 108,120. Ref. 121 developed a CNN 
model to evaluate the effectiveness of tongue image analysis for the 

detection of liver fibrosis. Ref. 111 adopted DL in TCM visual exami
nation and iridology to predict organ dysfunction and provide health 
advice. Ref. 104 extracted specific facial regions to create a non-invasive 
multi-disease classifier using CNN. Ref. 103 introduced a TCM pulse 
diagnostic model to quantify pulse diagnosis and differentiate essential 
hypertension from normotensive back propagation. Ref. 116 developed 
a multimodal CNN model that classified wounds into diabetes, pressure, 
surgery, and venous ulcers, improving the precision of diagnosis.

On the other hand, medical records are often continuous records of 
prescribed medications, typically containing a large number of TM 
names, herbal combinations, and usage patterns. Regarding medical 
records, DL focuses on text analysis, efficiently processing complex 
prescription texts through case classification to explore the relationships 
between different prescriptions and medical conditions. Ref. 107
collected and classified prescriptions from ancient Chinese medicine 
classics to assess whether prescriptions would have side effects accord
ing to cold and heat. Ref. 105,106,113 captured the characteristics of 
pure text data in prescriptions to achieve efficient retrieval of medical 
information. Ref. 112 employed the LSTM model to explore the efficacy 
of formulation included in law data. Ref. 103 designed the TM recom
mendation system to carry out the prescription generation. Further
more, GNN is a type of deep learning models for graph data, and it can 
help us better understand the association and role of different entities in 
the TM text data. Ref. 130 used GNN to predict unknown compound 
marker interactions. Ref. 113 connected Chinese medicine prescriptions 
with images to create a herbal recommendation system. Ref. 110
improved model performance by integrating GNN with knowledge 
graph for medical text classification.

Table 3 
Overview and statistics of DL Applications in Traditional Medicine.

Application Description Model Data (Size) Publications 
(Year)

During diagnosis Quantifiable TCM pulse diagnostic model ANN Volunteer subjects body data (260) 103 (2012)
Non-Invasive Multi-Disease Classification via Facial Image Analysis CNN Facial images (1181) 104 (2018)
Classification of prescription and Medicine SE Prediction ANN Safe prescriptions (150) 105 (2019)
Classification of Traditional Chinese Medicine Cases CNN, LSTM Medical cases (40000) 106 (2019)
Traditional Medicine Prescription Generation LSTM Insomnia data (6428) 107 (2019)
Detect and classify hypertension CNN Tongue image (4000) 108 (2020)
TCM case text classification RNN, CNN Medical record data (12053) 109 (2021)
Chinese Medical Text Classification GNN Medical periodicals (14482) 110 (2021)
TCM prescription diagnosis and recommendation system CNN EHR (20000) 111 (2021)
Herbal prescription multi-label classification LSTM Records of prescription syndrome (385) 112 (2021)
prediction and classification of Chinese prescriptions GNN Angina targets (569) 113 (2023)
Integrated image and location analysis for wound classification CNN Wound images (1268) 114 (2024)
Exploring hepatic fibrosis screening via tongue images CNN Tongue image (741) 115 (2024)

Drug research Classification of Chinese herbal medicine CNN Chinese herbal image (1700) 116 (2019)
Leaf Image Classification for Bangladeshi Medicinal Plant 
Recognition

CNN Medicinal plant images (37693) 117 (2020)

A mobile application for the recognition of medicinal plants CNN Medicinal plant images (1000) 118 (2021)
Attentive Herb Recommendation GNN Drug prescriptions (26360) 119 (2021)
Recognize Bangladeshi Ordinary Medicinal Plants CNN Medicine leaves images (2000) 120 (2021)
Herbal 2D-COS spectral image classification CNN Herbal samples (429) 121 (2022)
Herbal efficacy multi-label classification CNN, SVM Unlabeled formulas (31114) 122 (2023)
Detecting True Medicinal Leaves CNN, SVM, 

ANN
Leaf images (9000) 123 (2023)

Classification of TCM CNN Chinese medicine image (7853) 124 (2023)
Traditional Vietnamese Herbal Medicine Image Recognition ANN, CNN, 

SVM
Images of herbs (10000) 125 (2023)

Structured 
knowledge

Named Entity Recognition of TCM Patents LSTM Chinese medicine patent abstract texts 
(2000)

126 (2021)

Traditional Chinese medicine entity relation extraction CNN, KNN, 
SVM

Samples of herbal chemicals (4732) 127 (2022)

Knowledge Graph in TCM Diagnosis and Treatment of Viral 
Hepatitis B

LSTM Medical records of patients (2573) 128 (2022)

A Strategy for TCM Rare Disease Syndrome Differentiation CNN, RNN TCM clinical records (1123) 129 (2023)
Complex Network Modeling Approach to Explore TM GNN compound-target interactions(1900) 130 (2022)
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5.2. DL applications in research

The application of DL in the research area focuses primarily on drug 
discovery, followed by structured knowledge, with relatively less 
emphasis on data analysis. As for the reasons behind the limited appli
cation of data analysis, we hypothesize that TM emphasizes a holistic 
approach and dialectical thinking, viewing diseases as dynamic systems 
rather than isolated individuals. This approach stresses comprehensive 
analysis over quantitative data evaluation. The quantitative indicators 
are less frequently used in the domain of TM in the past, and accordingly 
there is a lack of standardized criteria and sufficient labeled data, which 
limits the application of DL in data analysis.

In TM, herbs are an essential component of treatment, and their 
physical characteristics (such as appearance, color, shape, etc.) play a 
crucial role in traditional drug research. DL employs image recognition 
techniques to efficiently and accurately process these complex visual 
data, making it as the core technique for herb identification and data
base construction. We divide the application of DL in drug research into 
two categories: one is helping practitioners identify herbs, extract their 
features, and map them to structured data in herb databases; another 
one is assisting physicians to acquire medical knowledge, establish the 
relationship between herbs and symptoms, and achieve accurate clas
sification of herbal symptoms.

In the first category of drug research, Ref. 115,124,125 developed 
automatic systems for classifying medicinal plants to help people 
quickly identify useful herbs. Ref. 127 developed a mobile application 
that identifies 70 different medicinal plants to help non-botanists 
recognize the medicinal plants they want. Ref. 119 classified the cor
rect drug leaves from other leaves of similar appearance with a deep 
convolutional neural network. Ref. 130 proposed a CNN-based method 
to classify traditional Vietnamese herbal images. Ref. 117 developed an 
automated system using a CNN to classify 10 medicinal plants in 
Bangladesh. Ref. 118 created a mobile app using the CNN model to 
identify 70 medicinal plants in Mauritius.

In the second category of drug research, Ref. 122 proposed a 
Region-based Convolutional Neural Network (RCNN) strategy to pro
mote 2D-COS spectral images in medicinal plants and related fields of 
applications for the quality control of herbal medicine. TCM doctors use 
the synergistic effect of active substances to enhance efficacy and reduce 
side effects. Ref. 123 proposed a deep learning-based separation feature 
extraction method to improve the extraction of features and the pre
diction of the efficacy of herbal medicines and to find anon-linear 
relationship between the formula and the efficacy of herbal medicines.

A large amount of information in TM, such as herbal formulas, dis
ease descriptions, and treatment methods, often exists in unstructured 
form. DL techniques can automatically extract and structure them from 
complex data, significantly enhancing the efficiency of models in med
ical applications. Ref. 126 used an LSTM model to identify herbs, dis
eases, and treatments in TCM patents. This method improved entity 
recognition without manual feature engineering. Ref. 127 employed a 
CNN model with a segment attention mechanism to extract herbal re
lations from PubMed. The technique improved the classification accu
racy of the relation in herbal datasets. Ref. 129 introduced a Two-Level 
Data Association (TLDA) model to address rare diseases in TCM by 
enriching limited Electronic Medical Record (EMR) data. TLDA achieved 
superior results in diagnosing with small datasets. Ref. 128 built a TCM 
knowledge graph for hepatitis B using real medical data. This graph 
enhanced a Q&A system for better TCM-based diagnosis and patient 
care.

6. LLM on traditional medicine

As an emerging research direction of AI in recent years, Large Lan
guage Models (LLM or LLMs) have yielded many exciting outcomes 
when combined with TM. From the computational viewpoint, since 
LLMs excel in generative tasks within natural language tasks, making 

this a primary focus area. However, LLMs also have the ability to handle 
tasks such as classification. From a medical point of view, the tasks that 
LLMs can address are diverse. Medical diagnostic tasks are mainly 
centered on the generation of prescriptions or prediction of symptoms, 
while research tasks primarily involve structured knowledge and data 
analysis based on knowledge extraction. Unlike traditional ML tech
niques, LLMs offer a unique comprehensive model that can solve mul
tiple problems and determine needs through multiple interactions. Such 
models perform excellently in both diagnostic and research tasks, 
making them one of the key directions for future development. This 
section covers three subsections based on TM applications: diagnosis, 
research, and general models, as shown in Table 4. It should be noted 
that the number of parameters is an important characteristic of LLMs, 
and the estimated number of model parameters is denoted by ~ if no 
such information is provided in the original papers.

6.1. LLM applications in diagnosis

Regarding LLMs for diagnostic purposes, Ref. 131 completed the 
diagnostic assistance for chest impediments, while Ref. 136 focused on 
diagnostic tasks related to digestive issues. The latter also emphasized 
the importance of fine-tuning techniques, which allow for improving 
performance in specific domains. Similarly, regarding comprehensive 
tasks, Ref. 133–135 tried to fine-tune pretrained LLMs so as to accom
plish prescription generation tasks in the medical field. Notably, 
Ref. 133 highlighted the enhancement of fine-tuning when the sample 
size is limited, whereas Ref. 134 established a knowledge graph to 
enhance the model’s knowledge base. Additionally, Ref. 132 conducted 
symptom-based condition diagnoses.

6.2. LLM applications in research

The most significant application of LLMs in research is its powerful 
knowledge extraction capability, allowing them to handle both struc
tured and unstructured knowledge. Named Entity Recognition (NER) 
assists researchers extract information from various sources including 
medical cases,140 social media,141 and ancient texts.146 Furthermore, 
Ref. 145,146 enabled the construction of structured knowledge through 
NER. Ref. 139 retrieved relevant content from vast amounts of infor
mation for investigation, while Ref. 144 extracted these contents for 
constructing a reminder system. From a technical standpoint, transfer 
learning143 or semi-supervised learning142 can be used to address the 
problem of insufficient data. Regarding drug research, NER can also 
assist the relationship extraction of drugs, which helps in researching 
drug side effects.137 Other drug-related research can combine knowl
edge graphs and fine-tuned models to establish dialogue models to 
support the drug-related research.138 Besides, it is also feasible to 
directly fine-tune LLMs for classification and data analysis. Ref. 147,148
classified medical cases, Ref. 149 classified medical literature, and 
Ref. 150,151 classified acupuncture points.

6.3. LLM applications for general purpose

LLMs are capable of serving as general-purpose models for handling 
multiple tasks, such as single-choice questions, symptom prediction, 
prescription recommendations, and basic QA. This is possible because 
TM corpora are versatile, encompassing sources such as ancient books, 
medical records, QA data, and structured data. These comprehensive 
corpora have enabled the development of mature and robust models, 
offering diverse options for TM applications.

For TM-specialized models, they are trained on various high quality 
TM datasets. Ref. 157 developed the Qibo dataset, approximately 2 GB 
in size, and employed continuous pre-training to mitigate over confi
dence issues. Meanwhile, Ref. 154 utilized 20 GB of on-line sources 
combined with the TCM-EXAM and TCM HER datasets to form the 
TCM-Corpus-1B dataset, applying domain-specific corpora for efficient 
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pre-training. Similarly, Ref. 155 designed various models and 
pre-trained them on TCMPT, followed by fine-tuning on the TCPM QA 
dataset and SSHPR to address different tasks. Ref. 153,156 and 152
focused on QA tasks. Specifically, Ref. 153 enhanced its capabilities 
using the ShenNong TCM Dataset, containing 112,564 QA pairs. 
Ref. 156 used over 1000 textbooks in the pre-training stage, followed by 
fine-tuning on 764,000 conversation datasets to enhance its perfor
mance. In contrast, Ref. 152 compiled 6.9 million instruction data, 
combining classical texts and structured knowledge like knowledge 
graphs, to augment the training data for improved task performance.

For non-specialized models, these models, while not trained on 
dedicated TM datasets, still demonstrate the ability to solve TM-related 
problems. For example, Ref. 158,159 as Chinese general medical 
models, achieved good results in comparison experiments in Ref. 157. In 
addition, both the English general medical model160 and general models 
like Ref. 51 possess the additional capability to address TM issues. This is 
because open-world corpora contain some TM-related data, allowing 
models not specifically trained on TM to also have.

6.4. Further discussion on LLMs

To provide further insights and practices of current LLMs applied to 
TM, we selected three different types of questions, covering medical 
diagnosis, single-choice questions, and knowledge-based queries; we 
empirically investigated five different LLMs, including one general 

model, two general medical models, and two TM models to showcase the 
current strengths and weaknesses. As shown in Tables 5–7 in Appendix, 
the overall performance of LLMs is impressive. First, both TM models 
accurately provided the corresponding prescription name for the 
symptom in the medical diagnosis task. Second, the general medical 
models demonstrated strong logical reasoning and gave the correct 
answer to the single-choice question. Third, all models including the 
general model performed exceptionally well in knowledge-based query. 
However, there is still significant room for improvement.

On the one hand, most specialized models can only perform pre
scription recommendation tasks, with weaker capabilities in other 
knowledge-based tasks. Key areas for advancement include constructing 
more structured datasets, employing fine-tuning or prompt engineering 
to enhance model performance. Further, as shown in Table 5, which 
includes the responses of Zhi Hui Ling Yi, the TM responses of general 
models are often interfered with by non-TM approaches rather than 
being effectively integrated. Specifically, general models and general 
medical models tend to over-rely on information provided by non-TM 
diagnostic methods, leading to a reluctance to prescribe TM treat
ments. Therefore, developing systems to compare TM with non- 
traditional approaches, and leveraging TM methods and philosophies 
to support non-TM practices in patient diagnosis and treatment, are 
promising steps towards improving the synergy between these systems 
and enhancing patient care.

On the other hand, the accuracy of tasks performed by most LLMs is 

Table 4 
Overview and statistics of LLM Applications in Traditional Medicine.

Application Description Dataset Model (Parameters) Publications 
(Year)

During diagnosis Classification of chest impediment medical records Records BERT (~110M) 131 (2019)
A finetuned TCM model to predict final diagnosis Records BERT (~110M) 132 (2021)
Prescription generation with small quantity dataset Records, ancient books BERT (~110M) 133 (2022)
A finetuned TCM model to generate prescription with KG Records, structure data BERT (~110M) 134 (2023)
TCM prescription generation with GPT-4 Records, textbooks GPT-4 (1800B) 135 (2023)
TCM-FTP, finetuned prescription generation model to solve 
digestive problems

Records LLaMA (7B) 136 (2024)

Drug research Extract adverse drug reaction-related information Records BioBERT (110M) 137 (2021)
Medication guidance, drug interaction prediction, adverse reaction 
prediction

Structure data ChatGLM (6.2B) 138 (2024)

Structured 
knowledge

Entity and relation extraction in medical text Records BERT (110M) 139 (2019)
NER in electronic medical records Records BERT (110M) 140 (2020)
Local drug name recognition, supporting identification of drug 
usage trends

Online sources BERT (110M) 141 (2020)

TCM terminology recognition with semi-supervised fine-tuning Records BERT (~100M) 142 (2020)
TCM terminology recognition using transfer learning Online sources BERT (~100M) 143 (2021)
NER in TCM corpus to extract drugs to build a reminder system Online sources RoBERTa (125M) 144 (2022)
TCM knowledge structuring and integration Online sources IFlytekSpark 

(1000B)

145 (2024)

TCM KG construction using NER on an ancient book Ancient books BERT (~100M) 146 (2024)

Data analysis Classification of TCM clinical records Records BERT (110M) 147 (2019)
Classification and information extraction of TCM medical records Records BERT (~100M) 148 (2020)
Medical research literature classification Abstracts BERT (110M) 149 (2020)
Acupuncture point classification and recommendation Structure data BERT (110M) 150 (2021)
Relation extraction and standardization of acupuncture point 
locations

Structure data GPT-3.5 (175B) 151 (2024)

General purpose EpidemicCHAT, a general model of TM epidemic prevention and 
treatment

Records, structure data, ancient books, 
QA data

ChatGLM (13B) 152 (2023)

Zhongjing, a TCM model supporting multiple tasks QA data LLama2 (7B) 153 (2023)
TCM-GPT, a TCM model supporting multiple tasks Records, QA data, online sources BLOOM(7B) 154 (2024)
Lingdan, LLM models with specific models supporting multiple 
tasks using CoT

Structure data, records, ancient books, 
textbooks

Baichuan2 (13B) 155 (2024)

MedChatZH, a general model specializing in QA ability QA data, textbooks Baichuan (7B) 156 (2024)
Qibo, a TCM model supporting multiple tasks based on LLaMA Structure data, records, ancient books, 

textbooks
LLaMA (7B/13B) 157 (2024)

BenTsao model, a series of models fine-tuned on LLaMA models Structure data LLaMA (7B) 158 (2023)
DoctorGLM, a medicine model fine-tuned on ChatGLM Structure data ChatGLM (6B) 159 (2023)
Palm2, one of the biggest medical general models published by 
Google

/ Palm2 (340B) 160 (2023)

GPT-4, one of the biggest general models / GPT-4 (1800B) 51 (2023)
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not yet at an optimal level, including hallucinations and inaccuracies 
commonly seen in large models, as well as the issues in comprehension 
that arise in small models due to their limited scale. These situations 
highlight substantial room for improvement in performance metrics. 
Besides, LLMs face unresolved challenges, particularly ethical concerns 
related to explainability, security, and reliability, which stem from the 
inherent opacity of their computations. Addressing these issues will 
require enhancing interpretability through methods such as Chain-of- 
Thought (CoT) reasoning or integrating knowledge graphs to validate 
outputs. Additionally, refining LLMs’ logical reasoning capabilities and 
fostering closer collaboration with healthcare professionals are critical 
steps toward more effective and responsible use of these models in the 
medical field.

In terms of application, some commercial APIs have already been 
developed, such as Zhi Hui Ling Yi5 from Baidu. These projects offer 
comprehensive services such as diagnostic assistance and one-stop 
medical record management. However, many techniques of LLM ap
plications still require significant advancements for broader adoption 
and deeper deployment. One important area is the comprehensive 
integration of processes before and after diagnosis. For example, LLMs 
could provide lifestyle or dietary recommendations based on the pa
tient’s medical history, in addition to simple prescribing medication or 
self-service inquiries. Another key direction is offering more support to 
doctors during the diagnostic process. This includes tasks like symptom 
classification before diagnosis, generating more constructive treatment 
suggestions during diagnosis, and providing interpretable treatment 
plans to help doctors make better-informed decisions.

7. Discussions

7.1. Data insufficiency, modality, and privacy

Data is essential for both medical diagnosis and research, but vast 
amounts of data are required to train models effectively. These models 
learn the underlying patterns from data and aim to adapting to unseen 
inputs. As a result, the progress of AI in TM is highly related to the 
growth of relevant data. However, the data issues also present a critical 
challenge that needs to be addressed including the lack of database and 
imbalance in multi-modal and cross-cultural development.

First, the amount of structured TM data available for training LLMs is 
insufficient. Although ancient books contain a wealth of textual con
tents, most of them have not yet been systematically structured. If more 
ancient data could be digitized and structured, it would greatly enhance 
the learning efficiency of LLMs and mitigate the current fragmentation 
of independent datasets. Second, while current LLMs focus primarily on 
text processing tasks, multi-modal tasks, such as incorporating tongue 
diagnosis images, are also worth exploring to better align with the ho
listic characteristic of TM. Third, although TM databases are gradually 
expanding, data resources for non-TCM traditional medicine such as 
Indian TM remain relatively scarce.

These challenges are largely due to medical privacy concerns and 
technical limitations. On one hand, patient privacy and data security 
restrict the open sharing and structuring of medical data. For example, 
the EU General Data Protection Regulation (GDPR)161 imposes strict 
limitations on the use of personal data, making it challenging to use 
medical records as training data for AI models. On the other hand, the 
processing of multi-modal data, such as tongue diagnosis images, re
quires advanced techniques and computational resources, which are 
currently insufficient for widespread application. Therefore, collabora
tive large-scale dataset projects across multiple hospitals are essential. 
Such initiatives not only address data and resource scarcity but also 
enable consistent anonymization of patient information, enhancing data 
security. Additionally, they can provide diverse and high-quality data 

sources, which support more comprehensive applicable research out
comes, fostering advancements across varied medical fields.

7.2. From unimodal to multimodal models

Considering the perspective of AI models, the advancement of multi- 
modal AI models is also crucial in the field of TM. TM, e.g., TCM, em
phasizes holistic diagnosis, requiring a comprehensive assessment 
through visual inspection, auscultation, inquiry, and palpation to pro
vide accurate treatment. Likewise, AI models also require integrating 
diverse data modalities to make well-informed recommendations. 
Currently, most AI models for TM focus on a single data type, such as 
text, images, sequence signals, or one-hot encoding. However, emerging 
methods like Statistically Enhanced Learning162 show promising po
tential for addressing the challenges of multi-modal data learning in TM. 
Ref. 163 has investigated DL-based multi-modal fusion methods for 
various data types, but these models encounter challenges such as 
generalizability and interpretability. Additionally, as previously 
mentioned, data collection remains a critical aspect. Few researchers 
fully recognize the importance of collecting diverse data for multi-modal 
models, which restricts the development of multi-modal AI in TM.

In recent years, the general purpose LLMs for medicine have gained 
popularity, with multi-modal LLMs emerging as a promising research 
direction.164–166 To our best knowledge, no multi-modal LLMs has yet 
been specifically designed for TM. However, with advancements in 
multi-modal AI and growing interest in TM, significant breakthroughs in 
this direction are likely on the horizon.

7.3. Preventive healthcare

The preventive healthcare, which could reduce disease risk through 
early intervention, is vital for enhancing patient outcomes and safe
guarding public health. For instance, the “Healthy China 2030″ initia
tive6 campaigns to prevent disease and promote health.167,168 Similarly, 
the U.S. “Healthy People” program7 focuses on setting health goals, 
enhancing public health services, and promoting disease preven
tion.169,170 These policies underscore the need of disease prevention and 
health management, and encourage to adopt new technologies like AI in 
healthcare.

As for TM, the applications of AI in the stages of before and after 
diagnosis are relatively limited due to data scarcity and accessibility 
issues. Unlike the abundant data collected during diagnosis, the data for 
before and after diagnosis, are often fragmented and neglected, partic
ularly in disease prevention and health management. But these data are 
vital for preventive healthcare. As a result, further efforts should be 
dedicated to improve data collection and sharing mechanisms to better 
support preventive healthcare. By prioritizing prevention, TM evolves 
from a passive diagnosis to proactive diagnosis, thereby aligning with 
global health trends.

7.4. Trustworthiness

The trustworthiness of AI has recently attracted much atten
tion171,172 and has also been suggested by several governments and 
organizations such as the Recommendation on the Ethics of Artificial 
Intelligence by UNESCO173 and the Ethical Norms for New Generation 
Artificial Intelligence by China.174 Notably, the trustworthy AI is 
particularly important while employing it to medical applications 
comparing to other applications.175–177 However, the existing AITM 
works mostly aim to adapt AI techniques for suitable TM problems and 
attempt to improve the performance of AI models, while these works 

5 https://01.baidu.com/

6 https://www.who.int/teams/health-promotion/enhanced-wellbeing/ninth 
-global-conference/healthy-china.

7 https://www.cdc.gov/nchs/healthy_people/index.htm.
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rarely consider the trustworthiness of AI models. To enhance the cred
ibility of AI models, it is imperative to invest more efforts in the direction 
of trustworthiness research for AITM, which involves delving into as
pects such as model explainability, interpretability, transparency, reli
ability, and robustness. Due to the concerns about trustworthiness and 
ethics, AITM is still regarded as a tool for human TM practitioners. Its 
development should focus on becoming more effective computer assis
tants rather than aiming to replace clinicians and doctors.

8. Conclusion

This paper presented a comprehensive review of the recent ad
vancements of AI in the context of TM. The review not only encom
passed the recent machine learning and deep learning techniques 
applied to TM, but also delved into the emerging technique of large 
language models for TM. To be more specific, the research works of 
AITM were first categorized into the three recent AI techniques ac
cording to the parameter scale and the model architecture. For each AI 
technique, research works were further grouped based on their appli
cations for diagnosis (before, during, after) or research (drug research, 
structured knowledge, data analysis). And for each research work, we 
summarized its key information in tables and described its main con
tents. On the basis of these research works, we discussed the challenges 
and highlighted the promising future directions. Apart from these 
research works and challenges, we also summarized the existing review 
papers related to AI in both traditional and non-traditional medicine. We 
hope this review can present the overall picture of existing AITM 
research works and provide some insights for the future exploration. 
Besides, the interdisciplinary collaboration and innovation are highly 
recommended to further propel AITM forward and amplify its impact on 
human health.
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