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Traditional Chinese medicine (TCM) is an ancient medical system distinctive and effective in treating
cancer, depression, coronavirus disease 2019 (COVID-19), and other diseases. However, the relatively
abstract diagnostic methods of TCM lack objective measurement, and the complex mechanisms of action
are difficult to comprehend, which hinders the application and internationalization of TCM. Recently,
while breakthroughs have been made in utilizing methods such as network pharmacology and virtual

screening for TCM research, the rise of machine learning (ML) has significantly enhanced their inte-
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gration with TCM. This article introduces representative methodological cases in quality control,
mechanism research, diagnosis, and treatment processes of TCM, revealing the potential applications of
ML technology in TCM. Furthermore, the challenges faced by ML in TCM applications are summarized,
and future directions are discussed.
© 2024 The Authors. Published by Elsevier B.V. on behalf of Xi’'an Jiaotong University. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Traditional Chinese medicine (TCM) is one of the oldest
medical systems and has gained increasing recognition and
application worldwide over the past century [1]. Modern
research has confirmed that TCM effectively treats various dis-
eases, including cancer [2], depression [3], and coronavirus dis-
ease 2019 (COVID-19) [4]. Additionally, numerous studies have
emphasized that various natural products (NPs) derived from
TCM play a crucial role in their therapeutic efficacy [5,6]. For
example, artemisinin, an NP derived from the Chinese medicinal
plant Artemisia annua, is the most widely used compound against
malaria and has saved millions of lives worldwide [7]. Similarly,
in tumor therapy, f-elemene (extracted from the Chinese me-
dicinal plant Curcuma Rhizoma) achieves synergistic antitumor
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outcomes, with no serious adverse reactions reported [8,9]. As a
safe alternative to conventional drugs, TCM has attracted the
attention of researchers due to its multi-component, multi-
target, and multi-pathway pharmacological effects, but these
characteristics render it challenging to comprehensively under-
stand their mode of action [10]. Meanwhile, the quality of TCM
materials and the prescription of medicine based on expert
experience both affect the therapeutic efficacy of TCM [11,12].
Addressing these issues requires significant resources from high-
quality research laboratories and the establishment of compre-
hensive quality standards for TCM [13,14].

With the introduction of computer technology into TCM, tech-
nologies like virtual screening, molecular docking, and high-
throughput assays have driven the rapid development of TCM
research [15,16]. However, these traditional computational
methods have performance limitations and limited applicability,
making it difficult to address the complex correlations between
TCM prescriptions and their targets [17—19]. To integrate large-
scale biological system features, such as gene expression and
metabolic pathways, derived from experimental data, systems
biology has been proposed to model the structure and function of
biological systems [20]. Network pharmacology, a branch of sys-
tems biology, focuses on elucidating pharmacological mechanisms
[21,22]. Recently, to clarify the compatibility principles and phar-
macological mechanisms of TCM, researchers have recognized the
value of combining TCM databases with network pharmacology
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tools [23—25]. Using this knowledge system, researchers have
developed various practical network pharmacology tools to explore
TCM mechanisms in treating diseases such as Alzheimer’s disease
[26], colorectal cancer [27], and COVID-19 [28]. However, variations
in data across multiple databases, weak correlations between drug
components and their targets, and incomplete protein-protein
interaction networks pose significant challenges to advancing
network pharmacology [29].

In recent years, with the rapid development of artificial intelli-
gence (Al), the technology has been applied to all aspects of human
life [30]. Correspondingly, Al offers unique advantages in address-
ing current challenges in the medical field, such as severe diag-
nostic and treatment errors, poor quality control in drugs, and
unclear pharmacological mechanisms [31]. While there are many
problems and challenges in current TCM research, with the assis-
tance of Al, particularly machine learning (ML), ancient TCM is
being rejuvenated with new vitality [32,33]. In this review, we will
introduce representative methodological cases and ML methods,
explore the potential of ML technology, and elaborate on whether it
has met researchers' expectations in the field of TCM (Fig. 1). For

N Spec‘\es

o e\
000 ©
do\‘e‘ade(\’(\i\oa“on
POV

Other directiong

Journal of Pharmaceutical Analysis 15 (2025) 101157

ease of reading, the glossary of Chinese and English terms is shown
in Table S1.

2. Application of ML in TCM quality control
2.1. Cultivating and processing of TCM

The quality of TCM is essential for its clinical efficacy and safety,
which depend on two main factors: the quality of raw materials and
the processing of medicines [34]. High-quality raw materials
significantly enhance the therapeutic effects of TCM, while pro-
cessing can modify the chemical composition of TCM, leading to
diverse therapeutic properties [35—37]. However, issues such as
heavy metals, soil pollution, and other contaminants in raw ma-
terials significantly impact the processing and safety of TCM [38].
Furthermore, TCM processing faces challenges including low effi-
ciency, poor standardization, and inconsistent techniques [39,40].

The rapidly advancing field of Al is progressively addressing
these dilemmas. Currently, the combination of ML and hyper-
spectral imaging (HSI) is frequently used for quality control in TCM
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Fig. 1. The application of machine learning (ML) in traditional Chinese medicine (TCM) mainly targets three fields: quality control of medicinal materials, exploration of TCM

mechanisms, and personalized prescription compatibility.
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Fig. 2. Application of machine learning (ML) method in quality control of traditional Chinese medicine (TCM). (A) Cultivation and processing of TCM: For example, high-precision
differentiation of Astragalus membranaceus seeds using Support Vector Machine (SVM) modeling based on hyperspectral imaging (HSI) data. (B) Adulteration and species iden-
tification: For example, utilizing an improved ConvNeXt network for feature extraction and classification of TCM photos to construct a classification model. (C) Geographical origin
and variety identification: For example, identification of the geographical origins of Radix Paeoniae Alba using HSI combined with convolutional neural network (CNN)-based fusion
approaches. (D) Content identification: For example, predicting gastrodin content in fresh Gastrodia elata using Fourier transform near-infrared (NIR) spectroscopy and partial least

squares regression (PLSR) model. HPLC: high-performance liquid chromatography.

cultivation and processing (Fig. 2A). Seeds are fundamental to TCM
cultivation and face specific challenges, including mixed germ-
plasm resources and uneven seed quality [41]. To address this issue,
Xu et al. [42] combined ML and HSI to non-destructively and
accurately distinguish Astragalus membranaceus from similar seeds
(such as Melilotus officinalis) by innovatively applying support
vector machine (SVM) classification models to HSI data. Bai et al.
[43] established five ML and deep learning (DL) models based on
HSI data, and found that the model called CARS-ResNet was
effective in identifying the storage age of Coix seed. Additionally,
many studies have established intelligent Raman spectroscopy and
near-infrared spectroscopy (NIRS) methods, often in combination
with DL, for monitoring the processing of TCM, greatly improving
the standardization and intelligence of the production process
[44—46]. Liu et al. [47] developed three ML models using nine
selected indicator compounds to accurately identify different pro-
cessing levels of ginger. This fast and cost-effective strategy shows
significant potential for broad application. Although ML technology
has provided many practical strategies in TCM cultivation and
processing, it still needs to be combined with expertise in the field
of TCM to maximize its potential.

2.2. Adulteration and species identification

Adulteration in TCM has long been a major concern for re-
searchers due to its potential to reduce treatment effects and in-
crease toxicity [48,49]. Adulterants often do not alter the taste of
herbs and are challenging to identify through visual inspection
alone, leading to substantial identification errors [50]. However, ML
techniques have demonstrated improvements in the accuracy of
TCM adulteration identification, leading to their widespread adop-
tion (Fig. 2B). Jiang et al. [51] introduced a partial least squares
regression (PLSR) algorithm based on NIRS and HSI spectral features,
resulting in accurate adulteration prediction of Atractylodis rhizoma,
a herb of significant medicinal value. Saffron is particularly suscep-
tible to adulteration due to its high value, and numerous studies have
developed ML models to detect saffron adulteration [52—55]. For
instance, Husaini et al. [52] employed saffron images and their stains
to develop an effective convolutional neural network (CNN) model.
This model, combined with Foldscope, swiftly identifies adulterated
saffron, outperforming traditional ML methods.

Species identification is crucial for effective TCM research and
management [56]. Adulterated products often involve species with
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similar shapes or vernacular names, confusing species identifica-
tion [57]. For example, Ziziphi Spinosae Semen is known for its
sedative and sleep-inducing properties. However, due to their
similar shapes and colors, it is often adulterated with Hovenia
Acerba Semen and Ziziphi Mauritianae Semen by merchants moti-
vated by profit [58]. Li et al. [59] successfully addressed its adul-
teration problem by optimizing the Fourier transform near-infrared
(FT-NIR) raw spectra using a multivariate algorithm. Miao et al. [14]
developed a TCM species identification model by fusing ConvNeXt
and ACMix networks, achieving highly accurate recognition results
on a test set of images from six herb categories (Fig. 2B). In
conclusion, different ML algorithm strategies have provided an
effective solution for the adulteration and species identification of
TCM to a certain extent. However, this method requires ongoing
refinement to enhance its widespread application.

2.3. Geographical origin and variety identification

The same species may display different chemical compositions
under various geographical environments and seasonal conditions
[14]. For example, the chemical composition of the underground
parts of G. rigescens varies significantly based on the plant’s
geographical origin or production area [60]. This variation em-
phasizes the urgent need for accurate geographic origin identifi-
cation of TCM, highlighting the necessity for a scientific and reliable
method. Furthermore, the use of multi-source data imposes greater
demands on the selection of data fusion strategies [61] (Fig. 2C). Liu
et al. [62] proposed a novel geographical identification strategy,
initially analyzing the content of G. rigescens from different regions
using high-performance liquid chromatography (HPLC), followed
by sequential preprocessing through orthogonalization (SPORT) for
prediction. Compared with the original spectral model, the SPORT-
based partial least squares discriminant analysis model (PLS-DA)
improved the accuracy of the test set by 48.5% in the qualitative
analysis. Cai et al. [63] employed spectral images from two sides of
a Radix Paeoniae Alba (Baishao) sample in a CNN model to accu-
rately determine its geographic origin.

Medicinal plants within the same genus often exhibit similar
appearances [14,50]. The process of variety identification is highly
complex, and relying solely on visual and experiential recognition
methods cannot achieve efficient and rapid identification [64,65].
For instance, Fritillaria thunbergii, one of the oldest homeopathic
traditional medicines in China, has diverse varieties that lead to
variations in its active ingredients [66]. Kabir et al. [67] combined
HSI and CNN models with cross-validation to optimize the perfor-
mance of the models, enabling the successful differentiation of
twelve varieties of Fritillaria thunbergii. Cinnamon is widely used in
TCM formulas, Cruz-Tirado et al. [68] used PLS-DA and SVM models
for the classification of the varieties of Cinnamon samples, and
achieved classification accuracy rates exceeding 90%.

2.4. Content identification

The efficacy of TCM primarily depends on its contents, namely
the various chemical and active ingredients it contains [69].
Therefore, predicting the content of herbs is crucial for evaluating
the quality of TCM [50]. Numerous studies have utilized ML to
tackle the challenge of content identification [70,71] (Fig. 2D). Zhu
et al. [72] constructed four quantitative analysis models to optimize
the flaxseed nutritional quality testing method. The Savitzky-Golay
(SG)-Competitive Adaptive Reweighted Sampling (CARS)-Multiple
Linear Regression (MLR) model showed the best potential to
accurately derive flaxseed protein, oil content, linoleic acid, and
lignin content based on HSI. Ma et al. [73] proposed combining ML
with visible-near-infrared (Vis-NIR) spectroscopy to analyze the
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content of physiologically active components in Gastrodia elata
Blume and found the CNN model to be promising in this process.
Additionally, due to the time-consuming nature and other defects
of traditional Puerariae Thomsonii Radix measurement methods,
Hu et al. [74] proposed an innovative and efficient method
combining HSI technology and DL, offering a feasible strategy for
assessing Puerariae Thomsonii Radix contents. These studies
collectively underscore the potential of integrating HSI methods
with ML. Identifying the content of TCM is crucial and warrants
increased attention from researchers in the future. A detailed
explanation of various application of ML in TCM quality control is
shown in Table 1 [14,42,43,47,51,52,59,62,63,67,72—74].

3. Application of ML in TCM mechanism study at different
levels

3.1. Exploring the mechanism of TCM at the active ingredients level

Although the discovery of drugs based on the active ingredients
found in TCM (such as ginsenoside Rg3, cepharanthine, and B-ele-
mene) shows great therapeutic potential in various diseases, the
traditional drug discovery and design process is time-consuming
and characterized by a low success rate [6,75,76]. Fortunately, the
rapid advancement of ML technology in drug research and devel-
opment has created new opportunities to address these challenges
[77]. For instance, Yu et al. [78] developed a model based on ML and
molecular docking methods, successfully identifying 4',5,7-
trimethoxyflavonoids as potential inhibitors of the platelet-
derived growth factor receptor o [78] (Fig. 3A). Using a multi-
view DL model, Zhang et al. [79] successfully predicted the acti-
vation/inhibition mechanisms of NPs and drug targets. They also
identified the mechanism relationships for 61 NP-target pairs
beyond the training data. Yang et al. [80] introduced an ML model
called forgeNet-SVM to identify potential new active candidate
compounds for Alzheimer’s disease. In recent years, curative effect
prediction methods have also been employed to mine active mol-
ecules with strong biological activity and low side effects from TCM
ingredient databases [81,82]. However, current understanding of
the active ingredients in TCM is limited [83]. The ML approach may
elucidate active ingredient-target interactions, facilitating the
identification of potential candidate molecules [84].

3.2. Mining the mechanism of TCM at the pharmacological effects
level

TCM is renowned for its multi-target and multi-pathway treat-
ment strategies, which, while effective, complicate the under-
standing of its pharmacological mechanisms [8,34,85]. To address
this complexity, contemporary network pharmacology employs
“network targets” and “multi-component” methods to enhance
target research, effectively elucidating the overall relationships
between specific TCM and various diseases [86]. The advancement
of network pharmacology is intrinsically linked to the exploration
of systems biology, which encompasses protein interactions, cell
signaling, and gene regulatory networks [21,87,88]. In this context,
advanced deep learning tools such as Generalized Linear Mixed
Models (GLIM), which decodes multi-level relationships in human
tissue cell molecular networks [89], MoDAFold, predicting the
structures of missense mutant proteins [90], and CAMP, which
forecasts multi-level peptide-protein interactions [91], have
significantly contributed to the development of network
pharmacology.

With the advancement of algorithms, ML-based methods have
offered a novel approach to addressing pharmacological challenges
[92]. For example, Hu et al. [93] introduced a novel dual-channel



Table 1

Application of machine learning (ML) in traditional Chinese medicine (TCM) quality control.

Areas of TCM

Aim of study

Data

Al methods

Results

Advantages

Refs.

Cultivation and processing

Adulteration and species
identification

Geographical origins and
variety identification

Identify Astragalus
membranaceus seeds from
similar seeds.

Identify and classify Coix seed
storage years.

Identify different degrees of
processed ginger.

Identify herbal varieties
through images.

Identify adulteration of
Atractylodis rhizome.

Low-cost, rapid identification of
fake look-alike saffron.

Identify the adulteration of
Ziziphi Spinosae Semen and
quantitatively predict the
adulteration ratio.

Trace the geographical origin of
Gentiana iridescent from various
regions.

Identify the geographical origin
of Radix Paeoniae Alba.

Identify the variety of Fritillaria
thunbergii.

HSI and general images of seeds

HSI images of Coix seed

Volatile compounds in different
degrees of processed ginger
analyzed by GC-IMS

Plant images

HSI and near-infrared
spectroscopy data

Plant images and staining
images

FT-NIR spectral data

HPLC-MS, fourier transform
infrared spectra, and two-
dimensional correlation spectra
data

HSI image of the Radix Paeoniae
Alba dried slices

HSI images

SVM; PLS-DA; ANN

ResNet; SVM; KNN; RF;
XGBoost

SVM; KNN; XGBootst; LR; RF;
Linear discriminant analysis;
QDA

CNN

PLSR

CNN; RF; SVM

PLSR; SVM; KNN; ANN

PLS-DA; PLSR

KNN; LR; SVM; RF; XGBoost;
CNN

CNN; PLS-DA; SVM

ML models based on HSI data
were used to accurately
distinguish Astragalus seeds.

The DL model achieved can be
used to accurately distinguish
Coix seed storage years,
exhibiting a recognition
accuracy exceeding 85%

Three ML models were
developed based on GC-IMS
data to distinguish different
degrees of processed ginger.
A TCM classification model was
established, achieving good
recognition results.

An ML model was constructed
for predicting the adulteration
of Atractylodis rhizoma powder
based on HSI and near-infrared
spectroscopy data and image
feature fusion.

The CNN model achieved 99.5%
accuracy and 99.3% precision on
the test dataset.

FT-NIR combined with ML
models improved adulteration
detection accuracy.

A chemical method was built
using multi-preprocessing
integration for tracing the
geographical origins of wild
Gentiana rigescen.

Using attention mechanism-
based CNN, Radix Paeoniae Alba
samples from three
geographical origins were
successfully distinguished.

The application of HSI in
conjunction with the deep
learning technique can be used
for the classification of Fritillaria
thunbergii varieties rapidly and
non-destructively.

The first derivative-
uninformative variable
elimination-SVM model based
on hyperspectral data achieved
100.0% accuracy in the
validation set.

Compared to the other ML, the
accuracy of the CARS-ResNet
model was improved by more
than 10%.

Compared to the other ML, the
accuracy of SVM with linear
kernel, LR, and QDA was
improved by 2.94%—14.61%.
This method incorporates a
Stacked ACMix module into the
second ConvNeXt block layer
within the ConvNeXt network,
enhancing the effectiveness of
low-dimensional feature
extraction from images.

When combined with CARS
data and color-texture features
for prediction, the model
performs the best.

Deep neural networks
(ResNet18 and DenseNet121)
performed better than RF and
SVM-based approaches.
Compared to the raw spectra,
the average classification
accuracy of ML models
increased from 77.06% to
97.58%.

Compared to scatter correction
modeling, the accuracy was
improved by 12.8% through
sequential preprocessing
through orthogonalization.
CNN models achieved
classification accuracies ranging
from 93.64% to 95.27%,
outperforming conventional ML
models, which achieved
accuracies between 72.00% and
90.55%.

CNN was the most accurate
with 98.88%, and 88.89% in
training and test sets, followed
by PLS-DA and SVM with
92.59%, 81.94%, and 99.65%,
79.17%, respectively.

[42]

[43]

[47]

[14]

[51]

[52]

(591

[62]

[63]

(671

(continued on next page)

032 T X ‘nyz 'S ‘SuoH A

281101 (S202) SI SisAppuy [poynacvuLbyd fo jpu.nof



Y. Hong, S. Zhu, Y. Liu et al.

Table 1 (continued )

Refs.

Advantages

Results

Al methods

Data

Aim of study

Areas of TCM

[72]

The models achieve prediction
accuracies exceeding 93% for

The combination of HSI
technology and ML

PLSR; SVR; multiple linear
regression; Principal

HSI images and flaxseed
ingredient information

Predict flaxseed protein, oil
content, linoleic acid, and

lignan content.

Content identification

protein and lignan content, and
surpassing 85% for oil content.

demonstrates significant

component regression

potential for detecting flaxseed

quality features.

[73]

In the quantitative model, the
CNN model exhibited smaller
errors compared to the other

In this study, Vis-NIR
methods.

PLS-DA; KNN; SVM; SVR; CNN

Information on Gastrodia elata
ingredients and Vis-NIR

spectroscopy data

Predict the physiologically

spectroscopy combined with

active ingredient of Gastrodia

elata.

ML was applied to predict the
contents of physiologically

active ingredients in Gastrodia

elata.

[74]

PLSR; SVR; CNN; CatBoost The potential of combining HSI The combination of HSI and

Information on Puerariae

Non-destructive prediction of

one-dimensional CNN yielded

superior predictive

technology with DL methods to
establish an efficient and non-

Thomsonii Radix ingredients

and HSI data

isoflavone and starch content in

Puerariae Thomsonii Radix

performance and was not

destructive tool for predicting

significantly dependent on

isoflavone and starch content in
Puerariae Thomsonii Radix.

feature wavelength selection.

ANN: artificial neural network; CARS: competitive adaptive reweighted sampling; CNN: convolutional neural network; DL: deep learning; FT-NIR: Fourier transform near-infrared; GC-IMS: gas chromatography-ion mobility

spectrometry; HPLC-MS: high performance liquid chromatography-mass spectrometry; HSI: hyperspectral image; KNN: K-nearest neighbor; LR: logistic regression; PLS-DA: partial least squares discriminant analysis; PLSR:

artial least squares regression; QDA: quadratic discriminant analysis; ResNet: residual neural network; RF: random forest; SVR: support vector regression; SVM: support vector machine; Vis-NIR: visible—near-infrared; XGBoost:

extreme gradient boosting.
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hypergraph convolutional network to predict herb-disease associ-
ations, accurately forecasting the most relevant indications for
Chuanxiong and Astragalus membranaceus. Due to the need to
investigate the relationship between TCM and targets, Fu et al. [94]
proposed a DL-based network pharmacology approach to identify
more potential active compounds and targets of licorice and
determine the effective therapeutic target of licorice for COVID-19
(Fig. 3B). In addition, HTINet2 successfully predicted the targets
of Artemisia annua and Coptis chinensis using knowledge graph
embedding and residual-like graph neural network [95]. Given the
potential for pharmacological toxicity, numerous researchers have
focused on predicting TCM toxicity and elucidating the mecha-
nisms of action [96,97]. Moreover, considerable attention has been
directed towards the pharmacological effects of TCM prescriptions.
For example, Liu et al. [98] employed an ML model to screen the
feature genes of Tongmai Jiangtang capsules. In the current era of
data proliferation, ML algorithms play an indispensable role in
elucidating the mechanisms of action of individual TCMs and
prescriptions.

3.3. Studying the mechanism of TCM at the compatibility level

Research has shown that drug combinations have a beneficial
therapeutic effect on complex diseases, playing the role of “ef-
fect-enhancing and toxicity-reducing” [13,99,100]. TCM typically
employs herbal formulas containing multiple herbs that sys-
tematically prevent and treat diseases through potentially syn-
ergistic interactions, aligning with modern combination therapy
concepts [101—104]. However, due to the complexity of TCM with
multiple components and targets, verifying effective combina-
tions through experiments is exceedingly complicated [105].
Thus, ML methods are essential for predicting effective drug
combinations and alleviating clinical burdens [106].

In contemporary drug combination research, DL methods
significantly enhance prediction accuracy and processing speed
compared to conventional ML, especially network-based methods
[12,107,108]. The HPE-GCN predicts the therapeutic effect of tonic
formulae based on graph convolutional networks (GCN), and
compared to traditional ML methods, it enhances precision and
recall on the test set by approximately 10% [ 109] (Fig. 3C). Wang et al.
[107] proposed a DL method for evaluating TCM prescriptions based
on Artificial Neural Networks (ANN). Utilizing known safety in-
dicators of TCM prescriptions, this method will help more effectively
explore the safety of herbal combinations. In the context of specific
diseases, ML can predict effective TCM combinations. Recently, a DL
method was proposed by Xue Ren'’s team to identify combination
drug therapies for pediatric asthma, utilizing datasets derived from
the academic and clinical insights of renowned veteran TCM prac-
titioners [12]. Given that TCM relies on multidrug synergy, predict-
ing these synergies will be a primary research direction for
understanding TCM-contraindicated combinations [110]. A detailed
overview of various ML applications in TCM mechanism studies is
presented in Table 2 [78,81,82,93,94,98,107—109,111].

4. Application of ML in TCM diagnosis and treatment process
4.1. Facilitating auxiliary diagnosis

The TCM diagnostic system encompasses inspection, ausculta-
tion, inquiry, and palpation, each playing a crucial role in TCM
treatment [112]. However, this system is highly dependent on the
expertise of practitioners and lacks standardized diagnostic criteria
[113]. Advances in natural language processing (NLP) and computer
image recognition technologies have facilitated progress in
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entry system.

overcoming TCM diagnostic challenges [114]. Shi et al. [115]
developed four ML diagnostic models that utilize tongue manifes-
tations and pulse conditions to differentiate between disease-
related and non-disease-related fatigue. In the field of primary
liver cancer (PLC) diagnosis, Ding et al. [116] constructed a neural
network syndrome classification and prediction model to explore
clinical data and various syndrome types in electronic medical re-
cords (EMRs), ultimately transforming these findings into clinical
diagnostic tools. Wang et al. [117] introduced the use of tongue
images and inquiry information combined with DL for the pre-

endoscopic screening of precancerous lesions in gastric cancer
(PLGC), resulting in a 45% improvement in the area under the curve
(AUC) compared to traditional PLGC screening methods. Further-
more, numerous studies have investigated the correlation between
TCM syndromes and diseases using EMRs with ML techniques
[118,119] (Fig. 4A). These approaches have accelerated the appli-
cation of ML in TCM pattern differentiation tasks. Zhang et al. [120]
developed an NLP-based auxiliary diagnostic system capable of
automatically diagnosing various diseases and corresponding TCM
syndromes using EMRs, achieving an accuracy rate of over 80%.



Table 2
Application of machine learning (ML) in traditional Chinese medicine (TCM) mechanism study at different levels.

Areas of TCM Aim of study Data Al methods Results Advantages Refs.

Exploring the Screen the PDGFRA inhibitors Dataset of PDGFRA inhibitors RF; SVM The study reported a prediction model When applied to the test set, the [78]
mechanism of TCM enhancing radioiodine for PDGFRA inhibitors and successfully optimized model achieved a prediction
in active ingredients sensitivity in thyroid cancer. identified 4',5,7-trimethoxyflavone asa  accuracy of 94% and an AUC of 0.95.
level potential PDGFRA inhibitor.

Predict the hepatoprotective The dataset focused on RF; Naive Bayes; 12 TCMs were predicted to hold Both the training and testing sets [81]
activity of TCM ingredients. hepatoprotection induced by AdaBoost; K-star potential hepatoprotective activity, 9 of  indicate that the voting model performs
TCM ingredients which have been proven to be approximately 3% better than the
beneficial to the liver in previous second-ranked K-star model.
publications.
Predict the activity of potential Binding strength scores SVR; GBR; decision tree  Chelerythrine and biochanin A (model The GBR model demonstrated a higher [82]
hepatoprotective ingredients in ~ between compounds and regressor; ANN prediction components) could improve explained variance and did not exhibit
TCM. targets, obtained through the viability of APAP-induced injury overfitting.
molecular docking screening cells.
Screen feature genes in SDECGs.  Expression data of Tongmai RF; SVM; Generalized ML models identified nine feature genes ~ The SVM method had the highest [98]
Jiangtang capsules core genes in linear; XGBoost ranked by their importance scores. accuracy, with the largest area under
SDECGs the ROC and the lowest residuals and
reverse cumulative values.

Mining the mechanism Investigate the correlation The herb-disease network CNN The study explored the potential Compared to other ML methods, the [93]
of TCM in between herbs and disease includes components, target therapeutic applications of Chuanxiong recall, precision, and F1-score of novel
pharmacological treatment. proteins, and other relevant and Astragalus membranaceus. dual-channel hypergraph CNN have
effects level elements been improved by 5%—30% in two

datasets.

Study on the pharmacological SMILES strings of active GCN; CNN Licorice has been proposed as an Compared to other ML methods, [94]
mechanisms of licorice in compounds, amino acid effective candidate for the treatment of =~ DeepDGC achieved higher accuracy
treatment of COVID-19. sequences of targets, and COVID-19 through PTEN, MAP3K8, with lower mean squared error.

binding affinity values Mpro, S-protein, and ACE2.
Explore pharmacological Potential bioactive compounds Network clustering; The study developed a rank algorithm, The ratio of the literature validation [111]
mechanisms of different TCM and targets associated with Hierarchical clustering; which integrated network topology target to the estimated target of the
formulas for treating CHD. classic TCM formulae in the Random walk with with biological function, to identify TCM formulas is between 8.7% and

treatment of various types of restart important targets for the treatment of 24.7%.

CHD. different types of CHD formulas.

Studying the Evaluate the TCM prescriptions Dataset of TCM prescription ANN The study found that 10 safety The side effects and each nodal measure [107]
mechanism of TCM officially recommended by side effects indicators with values greater than 0.8 of 12 pharmacology networks derived
at the compatibility China for the treatment of among 38 TCM prescriptions suggest from the corresponding TCM
level COVID-19. their potential consideration for compound prescription are significantly

treating COVID-19. relevant (P < 0.05).

Develop a herbal Publicly available TCM GNN; GCN; LSTM This study developed a new method When validating the model’s [108]
recommendation system based prescriptions called MGAT, which recommends herbs performance in predicting the top ten
on the pharmacological through pre-defined meta-pathways. prescriptions, MGAT consistently
knowledge of TCM. outperformed all comparative methods

across all metrics, achieving

improvements of 3%—8% in precision

and recall.
Predict tonic formulae based on  Classic tonic formulae from GCN; SVM; KNN; LR; The evaluated indices Macro-precision, The evaluated index Macro-precision, [109]

herbal properties.

ancient TCM books

Naive Bayes

Macro-recall, and Macro-F1 of HPE-
GCN on the test set were 87.70%,
84.08%, and 83.51%, respectively.

Macro-recall, and Macro-F1 of HPE-

GCN increased by 7.27%, 7.41%, and

7.30%, respectively from the second-
best compared models.

ACE2: angiotensin-converting enzyme 2; ANN: Artificial Neural Network; APAP: against acetaminophen; AUC: area under the curve; CHD: coronary heart disease; CNN: convolutional neural network; DTR: decision tree
regressor; GBR: gradient boost regression; GCN: graph convolutional network; LSTM: long short-term memory networks; Mpro: main protease; PDGFRA: platelet-derived growth factor receptor «; RF: random forest;
ROC: receiver operating characteristic curve; SDECGs: significantly differentially expressed core genes; SVM: support vector machine; SVR: support vector regression; S-protein: spike protein; XGBoost: extreme gradient

boosting.
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While ML cannot completely replace clinical experience, its inte-
gration with TCM diagnosis creates new opportunities for aligning
TCM diagnosis with international standards.

4.2. Accelerating precision medicine

Since the “Precision Medicine Initiative” was proposed, preci-
sion medicine has received growing attention from researchers
worldwide [121]. TCM has long advocated personalized medical
treatment of precision medicine, emphasizing the combination of
“disease-syndrome” and “disease-gene” [122,123]. To achieve pre-
cision medicine goals, TCM physicians utilize concepts such as
temperament and meridians to describe diseases and prescribe
targeted herbal treatments [124]. ML also has applications in TCM

precision medicine, such as personalized prescription recommen-
dations, and pharmacodynamic predictions [125—127] (Figs. 4B and
C). ML can provide appropriate prescription recommendations by
training and learning to simulate the decision-making processes of
TCM experts.

TCM places high value on the preservation of knowledge and
experience, making the mining of prescriptions from renowned
doctors and ancient Chinese medicine literature a practical
approach to achieving precision medicine [128]. Digitizing TCM
experiences greatly enhances the reference value of prescription
recommendations. Niu et al. [129] developed an algorithm named
TCMFP based on herb validity and compatibility validity, success-
fully predicting prescriptions for treating three common diseases:
Alzheimer’s disease, asthma, and atherosclerosis. FordNet, a CNN-
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Table 3
Application of machine learning (ML) in traditional Chinese medicine (TCM) diagnosis and treatment process.
Areas of TCM Aim of study Data Al methods Results Advantages Refs.
Facilitate auxiliary Develop a tongue images and  Tongue images, Segment Anything Validation analysis revealed Compared with existing PLGC  [117]
diagnosis inquiry information-based DL inquiry information models; ResNet; that the AUC values of this screening methods, the AUC of
tool for the diagnosis for pre- Binary classification method were 0.74 for overall  this method has increased by
endoscopic screening of PLGC. networks PLGC and 0.82 for high-risk 45%, especially in high-risk
PLGC. In the independent PLGC screening where it has
external verification, the AUC  increased by 52%.
values were 0.69 for PLGC and
0.76 for high-risk PLGC.
Explore TCM treatment based TCM electronic Transformer; DT;  The model called TLDA achieves The TLDA model can be [119]
on pattern differentiation in medical records SVM; LSTM; the highest precision on extended to other medical
rare diseases. XGBoost datasets, outperforming all tasks, particularly when
other algorithms. electronic medical records for
diagnosis are limited in
samples.
Develop a wrist pulse Wrist pulse signal SVM; KNN; RF; The model called GBMMF can  Compared to other ML [135]
diagnosis-based ML tool for data CNN; LSTM; GCN; integrate the correlation of methods, the accuracy of
diagnosing various common Linear discriminant different features from GBMMF improved by 10%—20%
diseases. analysis multichannel wrist pulse for diagnosing three diseases.
samples.
Accelerate Recommend TCM classic tonic  Classic tonic GCN; SVM; LR The model called MGCN When the algorithm was [125]
precision formulae by symptom analysis. formulae from simulates n-ary relationships  configured to predict the
medicine ancient TCM books among symptoms, state number of herbs as 5, MGCN
elements, syndrome types, and outperformed the best baseline
herbs. method (SVM) by 4.51%, 6.45%,
and 5.31% in precision, recall,
and F1-score, respectively.
Establish a model for TCM electronic CNN; RF; SVM; LR The article proposed an FordNet performs significantly [130]
recommending TCM formula by medical records intelligent formula better than baseline methods
electronic medical records. recommendation system based (the hit ratio of the top 10
on the DL model, named improved by 46.9% compared
FordNet, which integrates with the best baseline RF
phenotypic and molecular method).
information.
Recommend TCM formula for  High-quality TCM  Transformer The model predicts that The model achieved a higher  [136]

formula dataset
(e.g., HERB,
DisGeNet)

the treatment of coronary heart
disease with depression.

Huangjin Shuang Shen Jiawei
has a protective effect on
clinical symptoms of
depression in mouse models of
TCM with depression.

average semantic consistency
score of 0.781 (Seq2Seq: 0.708,
BART: 0.729), and lower
average semantic ambiguity
and semantic deficiency scores
of 0.189 and 0.240, respectively
(Seq2Seq: 0.267 and 0.293,
BART: 0.236 and 0.269).

AUC: area under the curve; CNN: convolutional neural network; DL: deep learning; DT: decision tree; GCN: graph convolutional network; KNN: k-nearest node neighbors; LR:
logistic regression; LSTM: long short-term memory networks; MGCN: multigraph convolutional network; PLGC: precancerous lesions of gastric cancer; RF: random forest;
TLDA: Transfer Learning based Dual-Augmentation; XGBoost: extreme gradient boosting.

based prescription recommendation model, has achieved remark-
able results in integrating TCM phenotype (i.e., symptoms and
diseases) and molecule [130]. Moreover, the multigraph convolu-
tional network (MGCN) and transfer learning model have per-
formed well in mining prescriptions [125,131].

ML exhibits extraordinary potential not only in prescription
recommendations but also in other aspects of precision medicine,
such as dose-effect relationship analysis of TCM [ 132], predicting the
severity of insomnia based on TCM constitution [133], and devel-
oping prognostic models [134]. However, when applying ML to the
complexities of individual differences and comprehensive judg-
ments in precision medicine, integrating the expertise and insights
of TCM practitioners remains essential. A detailed explanation of the
different applications of ML in TCM diagnosis and treatment process
studies is shown in Table 3 [117,119,125,130,135,136].

5. The application of ML in other directions of TCM

The responsive cell types and intestinal microbiota play
crucial roles in the regulatory mechanisms of TCM, providing

10

valuable insights for developing diverse treatment strategies
[137,138]. Li et al. [138] employed target-perturbed gene regu-
latory networks to model and score computer-simulated drug
perturbation data from untreated single-cell RNA sequencing,
and accurately uncover the macrophage subpopulation
responsive to tanshinone IIA and its potential targets in
myocardial infarction, with subsequent experimental valida-
tion. In research on intestinal microbiota, Zeng et al. [139] used
an RF model to compare the abundance of Bifidobacterium
longum between patients with spleen qi deficiency and those
with spleen qi deficiency with stomach heat, and analyzed its
relationship with plasma interferon-o (IFN-a) concentration,
revealing different microbial community characteristics asso-
ciated with different TCM syndrome types. Addressing cogni-
tive impairment in diabetes, Zhang et al. [140] developed a
Graph Neural Network (GNN) model to elucidate how herbal
medicine interventions impact gut microbiota. Additionally, ML
extensively addresses various aspects of TCM, including the
prediction of NP structures [141], acupoint recognition [142],
and TCM dialogue systems [143]. These advancements have
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accelerated researchers’ understanding and application of TCM
practices.

6. Conclusion and prospect

As TCM continues to globalize, aligning its standards with in-
ternational benchmarks becomes essential [144]. ML methods
provide diverse solutions to the current challenges of TCM. This
article systematically explores the application of ML algorithms in
quality control, mechanism research, diagnosis, and treatment
processes of TCM. Traditional ML algorithms such as SVM, random
forest (RF), Decision Tree (DT), and MLP are commonly employed in
TCM. As datasets expand and ML algorithms advance, DL tech-
niques such as CNN, GNN, and ANN exhibit superior predictive
performance compared to traditional ML algorithms [145]. In
recent years, large language models have demonstrated unique
value in the healthcare field by further compensating for the speed
limitations of ML when handling large volumes of text data [146].

Despite these advancements, the standardization of ML in TCM
faces numerous challenges [147]. Incomplete pharmacological
evaluation systems, inconsistent TCM databases, and unstable ML
prediction results are all undermining the accuracy and reliability
of ML applications. To overcome these obstacles, database devel-
opment should emphasize the standardization of information
extraction and conversion, to standardized and high-quality TCM
database. Research on TCM related algorithm development should
focus on the correctness and stability of the methods, and corre-
sponding case results verification is also essential. Additionally, in
mechanism research, it is essential to validate the predicted results
with corresponding in vitro and in vivo experimental verification.

Therefore, it is essential to continually adopt cutting-edge
algorithmic frameworks and integrate advanced experimental
methods to advance the application of ML in TCM. For instance, the
development of HSI, in conjunction with other sensor technologies,
has significantly enhanced the speed of herbal quality detection,
enabling real-time and portable monitoring [148]. The integration
of advanced ML techniques into TCM network pharmacology
analysis has yielded numerous new targets and unique compounds
[149]. In addition, multi-source data fusion and collaborative DL
from patient diagnosis can improve the accuracy of data analysis
while ensuring excellent patient human-computer interaction
experience [150]. In summary, we believe that current ML algo-
rithms are a promising technique for TCM data analysis and mining.
The continuous development of Al assisted TCM indicates broad
prospects in this field.
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