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Traditional  Chinese  medicine  (TCM)  represents  a  paradigmatic  approach  to  personalized
medicine, developed through the systematic accumulation and refinement of clinical empiric-
al  data over more than 2000 years, and now encompasses large-scale electronic medical  re-
cords (EMR) and experimental molecular data. Artificial intelligence (AI) has demonstrated its
utility in medicine through the development of various expert systems (e.g., MYCIN) since the
1970s. With the emergence of deep learning and large language models (LLMs), AI’s potential
in medicine shows considerable promise.  Consequently,  the integration of  AI  and TCM from
both clinical and scientific perspectives presents a fundamental and promising research direc-
tion. This survey provides an insightful overview of TCM AI research, summarizing related re-
search  tasks  from  three  perspectives:  systems-level  biological  mechanism  elucidation,  real-
world clinical evidence inference, and personalized clinical decision support. The review high-
lights representative AI methodologies alongside their applications in both TCM scientific in-
quiry and clinical practice. To critically assess the current state of the field, this work identi-
fies  major  challenges  and  opportunities  that  constrain  the  development  of  robust  research
capabilities—particularly  in  the  mechanistic  understanding  of  TCM  syndromes  and  herbal
formulations, novel drug discovery, and the delivery of high-quality, patient-centered clinical
care.  The findings underscore that future advancements in AI-driven TCM research will  rely
on the development of high-quality, large-scale data repositories; the construction of compre-
hensive  and  domain-specific  knowledge  graphs  (KGs);  deeper  insights  into  the  biological
mechanisms underpinning clinical efficacy; rigorous causal inference frameworks; and intelli-
gent, personalized decision support systems.

 1. Introduction

Traditional  Chinese  medicine  (TCM)  represents  an  ancient
medical system founded on empirical  observations and accumu-
lated clinical knowledge spanning over 2000 years of Chinese his-
tory. Its  distinctive  theoretical  framework  stems  from   funda-
mental Chinese philosophical concepts, particularly the “Yin-Yang”
and  “Five  Elements”  theory.  Clinical  practice  in  TCM  adheres  to
the  principle  of  “Treatment  based  on  Syndrome  Differentiation”
(辨证论治), a comprehensive and personalized approach encom-
passing  diagnosis,  treatment  formulation,  and outcome   evalu-

ation  1,2.  Substantial  differences  exist  between  TCM’s  theoretical
foundations  and  diagnostic-therapeutic methodologies   com-
pared to modern biomedicine 3.  Since 1950, TCM modernization
has steadily  progressed toward scientific  systematization 4.  Qian
Xuesen, a prominent Chinese scientist, notably asserted: “The fu-
ture  of  medicine  is  the  modernization  of  TCM,  not  in  any  other
way   …   5  ”  Post-2011,  coordinated  efforts  have  strengthened
TCM’s scientific  foundation  and  clinical  applications  through   in-
terdisciplinary,  interregional,  and  intersectoral  collaborations  6.
The advent of the big data era has particularly highlighted the ad-
vantages  of  computational  methods,  accelerating their   imple-
mentation in TCM research 7. For instance, in 2010, Li et al. 8 util-
ized network  pharmacology  and  computational  modeling   tech-
niques to  elucidate  the combinatorial  mechanisms of  herbal   for-
mulations, using the classic Liu-wei-di-huang (LWDH) formula as
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a case study. TCM’s clinical value received additional recognition
during the COVID-19 pandemic  9.  However,  the biological  mech-
anisms of  TCM diagnosis  and  treatment  require  further  elucida-
tion, and sophisticated clinical capabilities and high-quality evid-
ence need additional development due to the complex systems in-
volved in both TCM clinical decisions and the network systems of
medical  entities  (e.g.,  herb  prescriptions  and  TCM  theoretical
concepts).

Artificial intelligence (AI) was formally established as an aca-
demic  discipline  at  the  Dartmouth  Summer  Research  Project  in
June 1956, where John McCarthy—widely recognized as the fath-
er of  AI 10, defined it  as “the science and engineering of  creating
intelligent  machines”.  Following  this  foundational  moment,  sub-
fields such as machine learning (ML) and knowledge engineering
(KE) emerged as core components of AI, endowing machines with
capabilities for logical inference and adaptive, human-like intelli-
gent behavior 11,12.  Over the past several decades, AI has evolved
at an unprecedented pace, becoming one of the most transform-
ative  general-purpose  technologies  in  modern  history.  Its  cross-
disciplinary impact is  particularly evident in medicine, where AI
has  played  a  pivotal  role  in  advancing  clinical  decision-support
systems 13,14.  A seminal milestone occurred in 1972 with MYCIN,
an expert  system for  diagnosing  bacterial  infections  and   recom-
mending anti-microbial therapies 15. Since then, AI applications in
healthcare have expanded significantly, encompassing clinical de-
cision support for diagnosis and treatment, elucidation of disease
mechanisms,  and  the  advancement  of  precision  medicine.  Key
achievements include breakthroughs in medical image analysis 16,
medical  knowledge  question  answering  17,  disease risk   predic-
tion 18, clinical research 19, pharmacological mechanism research
(such as Network Pharmacology 20), and protein structure predic-
tion (such as Alpha�Fold 21). Recent years have witnessed import-
ant technical explorations in medical large language model (LLM)
research  22.  TCM  entered  the  AI  domain  in  1978  through  Guan
Youbo’s  computer  program  for  diagnosis  and  treatment  of  liver
diseases 23. This early TCM expert system represented a signific-
ant  achievement,  serving  patients  across  more  than  30  Chinese
medical  institutions  while  effectively  disseminating  specialist
knowledge  to  primary  care  settings,  thereby improving   health-
care quality. Contemporary AI applications continue revolutioniz-
ing  TCM  practice  by  optimizing  diagnostic  accuracy,  treatment
personalization, and healthcare delivery 24, 25.

In  recent  years,  artificial  intelligence  in  traditional  Chinese
medicine  (AITCM)  has  emerged  as  a  transformative  research
frontier  for  both  clinical  decision-making  and  biological  resea-
rch  26.  By  synergizing  AI  with  large-scale  clinical  data  and  rich
theoretical  knowledge  of  TCM,  AITCM  addresses  longstanding
clinical and biological challenges in TCM fields, including scientif-
ic  systems  biological  mechanism  discovery,  real-world  clinical
evidence  inference,  and  personalized  clinical  decision  support.
This  convergence  promises  to  catalyze  TCM’s scientific   valida-

tion,  global  acceptance,  and  modernization,  propelling  the  field
toward an era of intelligent and precision healthcare.

Therefore, with  the  surge  of  LLMs  and  medical  intelligence,
this  review  systematically  examines  current  progress  of  AITCM
from three  key  perspectives, while  critically  evaluating  the  data
sources  and  knowledge  databases,  technical  achievements,  per-
sistent  challenges,  and  future  directions  to  develop  high-value
AITCM techniques  and  applications.  (Fig.  1  shows  the  outline  of
this article)

 2. TCM databases and knowledge graphs (KGs)

Due  to  the  data-driven  paradigm  and  knowledge-oriented
discipline  characteristics  of  contemporary  AI  techniques,  both
high-quality  data  resources  and  KGs  constitute  key  foundations
for AITCM.

TCM  fields  encompass  diverse  data  sources,  including  real-
world  data  (RWD)  (e.g.,  electronic  medical  records  (EMR)),  sci-
entific  literature,  and  TCM  ancient  books.  Additionally,  high-
throughput biomedical data (e.g., clinical genomics and proteom-
ics, pharmacological data on cell lines and animals) have accumu-
lated rapidly 27, 28. Modern biomedical public repositories, such as
DrugBank  29  and  ChEMBL  30,  provide  additional  valuable  resou-
rces.  Substantial  efforts  have  been  made  to  integrate  these  data
resources to advance AITCM research. Several types of databases
and datasets have been developed, including TCM pharmacology
databases (TCM Database @Tai�wan 31, TCMID 32, TCMSP 33, TCM-
Mesh 34, YaTCM 35, ETCM 36, HERB 37, TCMBank 38, HIT2.0 39, BAT-
MAN-TCM  2.0  40,  CPMCP  41,  TCM  phenotype-related  databases
(SymMap 42, LTM-TCM 43, TCMM 44, TCMSSD 45), and disease-spe-
cific  TCM  databases  (e.g.  TCMIO  46).  For  trustworthy  AI,  high-
quality datasets with multiple quality dimensions (e.g., accuracy,
completeness, and consistency) have been constructed for specif-
ic  AITCM  tasks.  For  instance,  Dong  et  al.  47  developed  a  clinical
TCM-Lung  dataset  incorporating  symptoms,  syndromes,  treat-
ment  methods,  and  herbs,  addressing  previous  datasets’  limita-
tions and achieving significant improvements in clinical diagnos-
is  and treatment.  Hua et  al. 48 created an extensive TCM dataset,
including  of  TCM  pre-trained  (TCMPT)  dataset,  traditional
Chinese  patent  medicine  (TCPM)  question  answering  dataset,
and outpatient data of TCM spleen and stomach herbal prescrip-
tion  recommendation  (SSHPR),  encompassing  TCM  ancient
books,  textbooks,  case  records,  the  Chinese  Pharmacopoeia
(2020),  and  package  inserts,  along  with  publicly  available  data
resources, providing a comprehensive foundation for LLM train-
ing in TCM. Table 1 presents  a  comprehensive summary of  TCM
databases. Fig. 2 provides a visual comparison of these databases.
Among  them,  SymMap,  which bridges  TCM  and  modern   medi-
cine, represents an integrative TCM database enhanced by symp-
tom mapping 42. Its version 2.0 contains expanded data including
14 086 diseases associated with 2518 TCM symptoms, 698 herbs,
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Table 1   Public databases related to TCM

Year Name Entity Types
Total

Amount* Advantages Limitations Database URL Website
Status

2011 TCM
Database@Taiwan

Herb, Ingredient/
Compound 20453

TCM Database@Taiwan is a
milestone for modern TCM
researches, with each pure
compound are available for

download and virtual
screening in both cdx (2D)
and Tripos mol2 (3D)

formats.

Released in 2011, the TCM
Database@Taiwan has
become outdated and

limited in coverage, and has
since been succeeded by the

more comprehensive
TCMBank.

http://tcm.cmu.edu.tw/ No access

2013 TCM-ID

Herb, Ingredient/
Compound,

Prescription, Drug,
Disease, Target

108421

TCMID bridge TCM and
modern Western medicine

at the level of herbal
ingredients/compounds

with their targets.

Limitations of TCMID
include uncertainty in
ingredient-target

associations and the lack of
comprehensive omics and
ethnomedicine data.Version
2.0 was released in 2018.

http://www.megabionet.org/tcmid/ No access

2014 TCMSP
Herb, Ingredient/
Compound, Disease,

Target
34031

TCMSP is more than a data
repository, featuring herbal

entries with ADME
properties, and also
contains tools for

visualization and analysis of
TCM results on the network

level.

TCMSP is currently limited
by the lack of detailed

pharmacological data, such
as drug action modes and
combinations, and does not

yet incorporate
physiologically based

pharmacokinetic (PBPK)
modeling for realistic in
vivo behavior prediction.

https://old.tcmsp-
e.com/load_intro.php?id=40

Normal
access

2017 TCM-Mesh

Herb, Ingredient/
Compound, Disease,
Gene, Side Effect

Record, Toxic Record

573869

TCM-Mesh is a platform
designed as an integration
of database (providing toxic
and side effect records) and
a data-mining system for
network pharmacology

analysis of TCM
preparations.

TCM-Mesh is limited by its
use of a rudimentary

combined scoring system
that lacks precision in

representing
compound–target–disease
pathways, highlighting the
need for a more refined

scoring function.

http://mesh.tcm.microbioinformatics.org/ No access

2019 SymMap

Herb, Ingredient/
Compound, Disease,
Target, MM symptom,

TCM symptom

32309

SymMap is the first
publically available
database containing

comprehensive information
regarding the relationships
between TCM symptoms,

TCM herbs and MM
symptoms

TCM symptom and herb
associations are derived

from the Chinese
Pharmacopoeia (CHPH,

2015 edition) and manually
curated, but lack clinical

validation.

http://www.symmap.org/ Normal
access

2021 HERB
Herb, Ingredient/
Compound, Disease,

Target
97666

HERB is a high-throughput
experiment- and reference-
guided database of TCM,
establishing connections

between TCM
herbs/ingredients and

modern drugs.

HERB is currently limited by
the insufficient quantity and

diversity of
pharmacotranscriptomic

datasets, lacking integration
of multi-omics data such as
proteomics, metabolomics,

and metagenomics.

http://herb.ac.cn/ Normal
access

2022 LTM-TCM

Herb, Ingredient/
Compound,

Prescription, Target,
TCM symptom

107252

LTM-TCM integrates 14
authoritative TCM

authoritative databases,
provides online

computational pipelines
that allow users to perform
virtual docking calculations
on potential targets of

ingredients and predictive
analysis services for ADME.

LTM-TCM is limited by
incomplete translation of
ancient data, insufficient
integration with modern
medical resources, limited
validation of herb-related
associations, and partial
disclosure of safety

information.

http://cloud.tasly.com/#/tcm/home No access

2022 HIT2.0
Herb,

Ingredient/Compound,
Target

4695

HIT 2.0 is the latest and the
largest dataset regarding
curated ingredient-target

pairs for herbs.

HIT 2.0 is limited by its
results collected mostly

from in vitro rather than in
vivo experiments.

http://hit2.badd-cao.net Normal
access

2023 TCMBank
Herb, Ingredient/
Compound, Disease,

Target
118866

TCMBank is an extension of
TCM Database@Taiwan,
provides a structure-based
ingredient compound

search function and simple
batch download of

molecular 3D structures.

TCMBank is limited by
relatively low gene data
coverage and currently
relies on external public
databases for future data
expansion and deeper

exploration of
herb–ingredient–target–dis

ease associations.

https://TCMBank.cn/ Normal
access

2023 ETCM 2.0

Herb, Ingredient/
Compound,
Prescription,

Chinese Patent Drug,
Disease, Target

107776

ETCM 2.0 adds a new data
field “Traditional Chinese
Medicine Formulas” based
on ancient Chinese medical
books, provides functional
applications such as drug

like evaluation and
potential toxicity evaluation

for drug discovery.

ETCM 2.0 serves as an
encyclopedia of TCM, but its

data needs further
evaluation.

http://www.tcmip.cn/ETCM2/front/#/ Normal
access
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26 035 herbal ingredients and 20 965 target genes 42, supporting
numerous  TCM network  pharmacology  studies  49,50.  While  these
databases complement each other and maintain distinct research
focuses  51,  they face  challenges  regarding  data  accuracy  and  au-
thenticity  52.  Furthermore,  inconsistent  terminology  and  diverse
information across  TCM databases  limit  data  reusability  and   in-
tegration,  hindering  the  development  of  findable,  accessible,  in-
teroperable, and reusable TCM databases 53. Researchers requir-
ing  complex  data  manipulation  must  often  conduct  multiple
searches  across  various  databases,  highlighting  the  persistent
need for a comprehensive, authoritative, high-quality database.

KGs have emerged as an effective solution for managing and
integrating  diverse  data  sources  54.  Furthermore,  they  enable
transparent  reasoning  and  interpretation,  which  are  crucial  for
advancing AI-driven insights 55. Google introduced the concept of
KG  in  2012  to  describe  and  structure  large-scale semantic   rela-
tionships  between  concepts  and  entities  in  a  graph  format  56,57.
YAGO represents a prominent example 58. KG formats can be ex-
pressed  through  semantic  triples  using  resource  description
framework (RDF)  or  description  logic  ontologies  56.  An  ontology
represents a formal specification of conceptualization that facilit-
ates  knowledge  sharing  and  reuse  59–61.  It  functions  as  a  crucial
tool for data integration, enabling semantic knowledge modeling
that  encompasses  classes  and  properties  (e.g.,  owl:ObjectProp-
erty and owl:DatatypeProperty) as well as instances 57,62.

In the medical field, numerous KGs have been developed, in-
cluding  notable  examples  such  as  the  unified  medical  language
system (UMLS) 63, clinical knowledge graph (CKG) 64, PrimeKG 65,
PharmKG  66, and the  scalable  precision  medicine  open   know-
ledge engine (SPOKE) 54. UMLS, developed in the 1980s by the US
National  Library of  Medicine,  stands as  a  prominent  medical  KG
with diverse applications, integrating over 200 medical termino-
logies  and  vocabularies  worldwide  63.  Recent  medical  KGs  like
PrimeKG have incorporated multi-omic  data, enabling the   integ-
ration of disparate information to advance precision medicine in
disease understanding and treatment optimization.  Additionally,

researchers increasingly focus on developing interpretable caus-
al  KGs  to  enhance  clinical  decision-making  and  medical  discov-
ery  67.  Causal  KGs  leverage  recent  advances  in  causality  and  KG
technology to  improve  explainability  and  facilitate  causal  know-
ledge integration 68. Various data sources, including RWD, can be
utilized for information extraction to develop high-quality causal
KGs supporting clinical decisions for diabetic nephropathy 69.

TCM  represents  a  knowledge-intensive  discipline,  distin-
guished by its complex theoretical framework and extensive em-
pirical  knowledge accumulated over centuries 70.  The theoretical
knowledge in TCM has historically been characterized by vague-
ness, uncertainty, uninterpretability and unverificability 71. These
challenges arise from the inherent complexity and non-standard-
ized nature of TCM concepts 72.  Moreover, TCM encompasses in-
tricate  semantic  relationships,  with multiple  connections   emer-
ging  throughout  the  system  73.  Consequently,  modern  medicine
often  questions  TCM's  analytical  and  inferential  processes  74.  To
address these issues, initial research focused on scientific repres-
entation  and  formalization  of  TCM  knowledge,  particularly  thr-
ough ontology-based semantic models. These models reflect hum-
an cognitive organization, making them suitable for complex kno-
wledge  system representation  73.  TCMLS (originally  UTCMLS  72),
established  in  2001,  represents a  significant  TCM  ontology.   De-
veloped through collaborative efforts of over 300 experts, TCMLS
provides  comprehensive  TCM  knowledge  integration,  establish-
ing core top-level categories and fundamental structures analog-
ous to UMLS architecture. Following a decade of implementation
and  enhancement,  TCMLS  has  become  the  largest  TCM  domain
ontology 75. Its impact has inspired additional TCM subfield onto-
logies,  including  the  2018  General  Formal  Ontology  (GFO)-TCM,
which  bridges  traditional  and  modern  medical  terminology  76.
The  Traditional  Chinese  Drugs  Ontology  (TCDO),  developed  in
2019,  defines  Chinese  drugs  and  their  classifications  77.  Recent
additions include SoFDA, a manually curated TCM syndrome on-
tology database 78, and ISPO, designed for TCM symptom data se-
mantic  integration  79.  Given  TCM’s  specialized  terminology,  con-
tinued  ontology  development  for  areas  such  as  Chinese  herbal

Continued        

Year Name Entity Types
Total

Amount* Advantages Limitations Database URL Website
Status

2024 TCMM

Herb,
Ingredient/Compound,
Prescription, Disease,
Target, MM symptom,

TCM symptom,
Syndrome

244730

TCMM contains the most
comprehensive entity type

and introduces the
prescription-syndrome
associations for the first

time.

The relations of
prescription in TCMM

require further validation,
and both the accuracy and
interpretability of the data
need to be improved, so it is
only used for educational
and scientific research

purposes only.

https://www.tcmm.net.cn/ Normal
access

2024 TCMSSD

Herb,
Ingredient/Compound,

Prescription,
Drug, Disease, Target,

Syndrome

219671

TCMSSD highlights the
content and modules of

TCM syndrome
differentiation

(characteristically including
TCM-specific diseases) and
is the first comprehensive
database exclusively

designed for TCM syndrome
differentiation

The limitation of TCMSSD is
its inability to accurately
link syndromes with

diseases due to biological
complexity and syndrome

heterogeneity.

http://tcmssd.ratcm.cn Normal
access

2024 BATMAN-TCM 2.0

Herb,
Ingredient/Compound,

Prescription,
Targets

112334

BATMAN-TCM 2.0 has
significantly expanded TCM
ingredient–target protein
interaction (TTI) coverage,

can provide more
information on potential
target proteins for drug

development.

BATMAN-TCM 2.0 is limited
by its lack of integration
with omics databases and

limited coverage of
experimental species in the

TTI dataset.

http://bionet.ncpsb.org.cn/batman-tcm/ Normal
access

2024 CPMCP

Herb,
Ingredient/Compound,
Prescription, Chinese
Patent Drug, Disease,
Target, MM symptom,

TCM symptom

68507

CPMCP maps TCM
prescriptions with TCM
symptoms manually and
summarizes the common
combination principles of

prescriptions.

CPMCP has a limited data
scope, covering only

Chinese patent medicines
and ancient Chinese

medicine prescriptions.

http://cpmcp.top No access

* The Total Amount refers solely to the number of entities listed under the Entity Type column.
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medicine (CHM)  efficacy  and  classical  prescriptions  remains   es-
sential for standardizing knowledge representation.

With advancements  in  the  storage  and  transmission  of  mo-
lecular  biological  information,  there is  increasing  interest  in   in-
tegrating TCM with molecular biology. KGs have become promin-
ent by encompassing a broad range of entities and semantic con-
nections, facilitating the integration of medical knowledge across
multiple domains 80. As shown in Table 1, an extensive collection
of TCM data and associated databases or KGs centers around key
elements  in  TCM  research,  including  prescriptions,  herbs,  com-
ponents,  targets,  genes,  phenotypes,  and  TCM syndromes.  Lu  et
al. 81 introduced SympGAN, a comprehensive, high-quality KG fo-
cused  on  symptom-gene  associations.  This  network,  structured
around four core entities (symptoms, drugs, genes, and diseases),
distinctively incorporates  inferred  relationships  between   symp-
toms and genes. This research demonstrates significant potential
for  advancing  TCM  symptom  science.  While  TCM’s  complexity
maintains  its  “black  box”  nature  82,  the aforementioned   data-
bases, ontologies, and KGs provide essential resources for under-
standing its theories and training AI models to support TCM dia-
gnosis and treatment 83,84.

 3. Applications of AITCM

AITCM applications can be broadly categorized into two top-

ics:  clinical  and  biological  research  (Fig.  3  shows  biological  and
clinical  research  scenarios  of  AITCM).  Clinical  research  topics
primarily focus on enhancing clinical evidence discovery and de-
cision  capabilities,  specifically  for  real-world  clinical  evidence
generation  and  personalized  clinical  decision  support.  In  recent
decades  within  TCM  fields,  researchers  have  conducted  various
clinical  research  tasks,  including  the  development  of  acquisition
devices for the four diagnostic methods of TCM 85, intelligent dia-
gnosis  86,  herbal  or  acupuncture  treatment  recommend  syst-
ems  87,88,  clinical  data  mining  algorithms     89,90  and decision   sup-
port systems based on data warehouse 91,92.  Regarding biological
research topics, extensive investigation has focused on the under-
lying  systems-level biological  mechanism  of  syndrome   pheno-
types  and  various  types  of  herbs  or  herbal  prescriptions,  with
network pharmacology representing a typical task (Table2 shows
the open-source prediction tools for AI applications in TCM in the
past five years).

 3.1. Systems biological mechanism discovery

The  primary  objective  of  elucidating  the  systems  biological
mechanisms underlying  TCM  is  to  understand  how  TCM   regu-
lates human life systems and disease pathologies, thus establish-
ing  a  connection  between TCM and modern  medicine.  The  main
tasks involve identifying associated genes and network mechan-
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Fig. 2   Comparison of TCM databases (A) Comparison of the number of entities and total amount across different databases. (B) Normalization of internal data within each
database, represented in the radar bubble chart to reflect the unique characteristics of each database.
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isms of symptoms and syndromes, as well as associated drug tar-
gets  and  network  mechanisms  of  herbs  and/or  TCM treatments
(e.g.,  herbal  prescriptions  and  acupuncture).  Given  the  network
structure of related data sources, the principal AI approaches em-
ployed  include  network  medicine  (e.g.,  complex network  meth-
ods  using  biomedical  networks),  network  pharmacology,  link
prediction, network community detection, and graph representa-
tion  learning  (i.e.,  deep  learning  on  graph/network  structures).
Additionally,  the  emergence  of  high-throughput  technologies,
such as  genomics, proteomics, metabolomics,  and  transcriptom-
ics,  has  transformed  biological  research.  Multi-omics  strategies
utilize  molecular  profiles  at  multiple  levels  to  demonstrate  the
dynamic  changes  during  therapeutic  responses,  providing  novel
perspectives on TCM’s biological mechanisms 103,104. (Fig. 4 shows
the research framework of systems biological mechanism discov-
ery)

Disease genes cause or contribute genetically to the develop-
ment of complex diseases 105.  In biomedical research,  identifying
genes  underlying  disease  susceptibility  in  humans  has  been  a
primary objective. Recent studies demonstrate that disease genes
serve  as  promising  drug  targets  for  human  disorders  106.  The
identification  of  disease-associated genes  and  their   correspond-
ing targets has become fundamental to drug discovery 107–109. Net-
work  medicine  has  emerged  as  an  essential  tool  for  elucidating
these relationships by integrating multi-omics data with complex
network analysis.  Several  computational  approaches  are   em-
ployed  to  identify  or  predict  relationships  between  targets  and
genes.  These include constructing gene regulatory networks and
protein-protein  interaction  (PPI)  networks  to  explore  functional
connections  between  genes  and  their  potential  as  drug  targets.
The  topological  properties  of  networks,  such  as  node  centrality,
connectivity, and modularity, provide significant insights into the
biological significance of specific genes 110. Analysis of these prop-
erties  enables  identification  of  key  regulatory  genes  that  may
serve  as  potential  therapeutic  targets.  Experimental  validation
methods, including gene expression profiling and ribonucleic acid
interference (RNAi), complement computational network analys-
is to  confirm  predicted  relationships.  These  experimental   ap-
proaches  refine  initial  network model  predictions, providing ro-
bust  evidence  for  the  biological  relevance  of  identified  targets.
For  instance,  Chen  et  al.  111  constructed  a  liver-specific  network
for type 2 diabetes by integrating RNA sequencing data with net-
work topological  properties,  identifying key nodes subsequently
validated through network pharmacology and molecular docking.
This approach demonstrates  how combining computational  pre-

dictions with experimental validation enhances target identifica-
tion accuracy and efficiency. The integration of these methodolo-
gies  enables  both  prediction  of  gene-target  relationships  and
deeper understanding  of  underlying  systems  biology   mechan-
isms, potentially leading to more effective therapeutic strategies.

Analogous to disease-gene prediction for disease mechanism
identification, symptom-gene or syndrome-gene association pre-
diction is crucial for TCM phenotype-genotype associations. Over
the past two decades in TCM research, numerous studies have in-
vestigated associated genes of symptom phenotypes using clinic-
al data and biomedical networks 112,113. Symptom phenotypes rep-
resent observable  disease  manifestations  recognized  by   physi-
cians  and  patients.  Understanding  their  molecular  mechanisms,
particularly  network  mechanisms,  is  essential  for  investigating
the  pathogenesis  of  symptom  phenotype  non-specificity.  Shu  et
al.  114 developed a  phenotype network of  symptoms by  integrat-
ing  clinical  co-occurrence,  symptom-gene  associations,  and  PPIs
to  explore  molecular  mechanisms,  applying  a  network  diversity
measure  to  quantify  phenotypic  and  molecular  diversity.  TCM
syndrome,  representing  patient  manifestation  classification,
forms the foundation of “Treatment based on Syndrome Differen-
tiation”. Substantial cellular and molecular studies have investig-
ated biomedical  explanations  of  TCM  syndromes.  Dynamic   syn-
drome changes present a significant challenge in elucidating their
biological basis. In 2009, Li et al. 115 introduced the initial “Pheno-
type network-Biological  network-Herb network” map to  explore
underlying network  systems  and  identify  TCM  syndrome   bio-
markers.  This multi-layered map initiated systematic  interpreta-
tion  of  TCM  theory  and  practice,  bridging ancient  TCM  with   fu-
ture  systems  biology-based  medicine  at  system  and  molecular
levels.  In  2013,  Li  et  al.  116  proposed  a  network  balance  model
successfully applied  to  reveal  the  biological  basis  of  Cold   Syn-
drome and Hot Syndrome in chronic gastritis. However, addition-
al  AI  methods are required to fully  understand TCM syndromes’
biological basis.

Drug compounds interact with their targets as primary thera-
peutic approaches for complex diseases 117. Predicting drug com-
pounds and  targets  in  CHM  remains  fundamental  to  AITCM   re-
search  118.  The  extraction  of  bioactive  compounds  from  natural
plants and animals is essential for understanding CHM’s pharma-
cological  mechanisms  �119.  The  discovery  of  artemisinin  by  Tu
Youyou exemplifies CHM’s contribution to modern drug develop-
ment 120, demonstrating its potential and adaptability to biomed-
ical  advances  121,122.  While  thousands  of  therapeutic  herbs  have
been  identified,  the complexity  of  isolating  and  validating   indi-
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Fig. 3   Biological and clinical research scenarios of AITCM.
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Table 2   Open-source prediction tools for AI applications in TCM in the past five years

Prediction Task Name
Publication

Year Methods Description Web link

Prediction of TCM
phenotype-genotype

association
SympGAN 81 2023

Heterogeneous network
embedding representation

algorithm

SympGAN is a high-quality, symptom-centric
knowledge base that enables advanced
symptom knowledge inference through
integrated KGs and interactive online

services.

http://www.sympgan.org/

Prediction of Chinese
medicine components and

targets
SYSTCM 93 2024 GoogLeNet and Support

Vector Machines

SYSTCM is a systemic platform for the
identification of pharmacological effects of

TCM and TCM components.
http://systcm.cn

Prediction of Chinese
medicine components and

targets
NP-TCMtarget 94 2025 Deep learning binary

classification model

NP-TCMtarget can identify direct targets
that directly bind with the drug to produce
biological effects and indirect targets that
are subsequently influenced by the direct
targets in the biological molecular network.

http://www.bcxnfz.top/NP-
TCMtarget

Discovery of TCM
prescription compatibility

rules
TCMNPAS 95 2024

Binomial formula-target
identification model, BK
algorithm for prescription
mining,network-based
proximity measures and
molecular docking

TCMNPAS is a comprehensive platform that
enables the analysis of “core formulas with
core herbs and core targets” using a network

approach.

https://github.com/yangpluszhu/tc
mnpas

Discovery of TCM diagnosis
and treatment knowledge

FangNet 96 2021 PageRank algorithm

FangNet, a tool for retrospective analysis to
a collection of empirical prescriptions for
particular diseases, which can rank each
herb’s relative importance, determine the
core herbs and find the associations to

specific symptoms.

http://fangnet.org

Prediction of the efficacy of
TCM

TCM2Vec 97 2023 Deep learning model TCM2Vec can predict the efficacy of formula. https://github.com/Gao-
WQ/TCM2Vec

TCM Clinical Decision
Support

TCMFP 98 2023
Network target’s score and
semi-supervised learning

genetic algorithms

TCMFP combines therapy experience of
TCM, AI and network science algorithms to
screen optimal herbal formula for diseases

efficiently.

https://github.com/niuqikai/formula
_study

TCM Clinical Decision
Support

PresRecST 47 2024 Residual-like neural
networks

PresRecST implements a progressive
diagnostic and treatment workflow and
effectively combines the components of

syndrome differentiation, treatment method
determination, and herb recommendation.

https://github.com/2020MEAI/Pres
RecST

TCM Clinical Decision
Support

ShenNong-TCM 99 2023 LLMs
ShenNong-TCM is the first TCM LLM and can
effectively recommend prescriptions/CHMs

based on symptoms.

https://github.com/michael-
wzhu/ShenNong-TCM-LLM

TCM Clinical Decision
Support

Lingdan 48 2024 LLMs

Lingdan demonstrates state-of-the art
performances for the tasks of TCM clinical

knowledge answering and herbal
prescription recommendation.

https://github.com/TCMAI-
BJTU/LingdanLLM

TCM Clinical Decision
Support

Zhongjing 100 2024 LLMs
Zhongjing significantly enhances the model's

capability for complex dialogue and
proactive inquiry initiation.

https://github.com/SupritYoung/Zho
ngjing

TCM Clinical Decision
Support

BianCang 101 2024 LLMs
BianCang first injects domain-specific

knowledge to enhance TCM diagnostic and
differentiation capabilities.

https://github.com/QLU-
NLP/BianCang

Comprehensive platform
for TCM knowledge

discovery
TCMKD 102 2025

Association rule analysis,
Bon-Kerbosch analysis,
cluster analysis and
decision tree analysis

TCMKD facilitate the exploration of
relationships between different data

categories, uncovering the intrinsic patterns
within TCM data.

https://cbcb.cdutcm.edu.cn/TCMKD/

 

Multi-Omics data Public databases

Genomics Proteomics Metabolomics Transcriptomics Phenotype-related

databases
Chinese herbal

medicine

target

databases

Protein-protein

interaction databases

Network

Medicine

Network

Pharmacology

Disease gene
CHM target

Essential

disease gene
Essential CHM

target

Topological measurements Machine learning

Node centrality Link prediction

Connectivity Network community detection

Modularity Graph representation learning

Prediction of TCM phenotype-genotype association

Biological network mechanisms of TCM phenotypes

(e.g. symptoms)

Prediction of CHM compounds and targets

Systematic pharmacology mechanisms of CHM and

formula

 
Fig. 4   Research framework of systems biological mechanism discovery.
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vidual ingredients has increased emphasis  on computational  ap-
proaches, which have achieved substantial progress 123. Li et al. 124

introduced  the  TCM  network  pharmacology  framework,  which
analyzes  molecular  interactions  between  herbs  and  therapeutic
targets to elucidate the biological mechanisms of herbs and herb-
al prescriptions 125.  Network pharmacology, a crucial component
of systems biology, addresses the multi-component, multi-target
aspects of pharmacology. Over the past decade, network pharma-
cology has been extensively applied in TCM research to investig-
ate the  pharmacological  mechanisms  of  numerous  herbal   treat-
ments and natural products 126,127.  Huang et al. 128 employed net-
work  pharmacology  to  identify  five  key  compounds  of  Ephedra
and  determine  targets  associated  with  its  anti-asthmatic  effects.
Additionally,  Huang  et  al.  129  combined  network  pharmacology
with experimental  evaluation  to  investigate  Huanglian  Jiedu  De-
coction’s mechanism  in  treating  hepatocellular  carcinoma.   Re-
cent developments include AI application platforms such as SYST-
CM,  developed  in  2024, which  utilizes  deep  learning  and  ML  to
identify  pharmacological  effects  of  TCM  components  93. A   com-
parable  platform  is  NP-TCMtarget  94. Specialized  network   al-
gorithms,  including  distance-based  mutual  information  model
(DMIM)  and  multi-layer  co-modules, were  developed  to  explore
herb  interactions  within  formulas  and  analyze  heterogeneous
networks  connecting  herbs,  biomolecules,  and  diseases.  These
network  pharmacology  applications  provide  crucial  mechanistic
insights into  herbal  combinations  and  support  modern  TCM   re-
search. Given that herb-target interactions typically involve com-
plex  phenotype-genotype  multi-scale  networks,  utilizing hetero-
geneous pharmacological networks is essential for obtaining high-
quality representations  of  herbs  and  targets.  Recent   develop-
ments in  heterogeneous  link  prediction  and  graph   representa-
tion  learning  methods  have  enhanced  herb-target  predic-
tions 130–134.

Herbal medicine constitutes the foundation of TCM therapies.
The historical lack of genomic and molecular information on tra-
ditional medicinal plants has presented a significant challenge to
TCM research. Through multi-omics technologies, Chinese scient-
ists  have  successfully  decoded  the  genetic  backgrounds  of  key
medicinal  species  including  Perilla  135and  Coptis  chinensis  136.
These developments have accelerated TCM’s integration into the
modern  “omics  era”,  establishing  a  molecular  foundation  for
deeper  investigation  of  TCM  resources  and  mechanisms.  Multi-
omics strategies  have  demonstrated  widespread  success  in   elu-
cidating  TCM  mechanisms  for  treating  various  diseases,  includ-
ing cardiovascular,  infectious, metabolic, and neurodegenerative
conditions 137. As omics datasets become increasingly large-scale,
high-dimensional, and heterogeneous, often exceeding the capab-
ilities of conventional statistical methods, AI emerges as the most
effective  analytical  tool  138,139.  Li  et  al.  140  integrated  high-resolu-
tion  mass  spectrometry  with  transcriptomics,  metabolomics,
bioinformatics,  and  molecular  docking  to  identify  connections
between active ingredients in M. tenacissima extracts (MTE) and
key targets of MTE’s anti-tumor action. This research represents
the  first  comprehensive  investigation  of  anti-tumor  molecular
mechanisms while  maintaining TCM’s  integrity.  Similar  research
approaches will continue advancing TCM research 141.

With  the  increasing  global  utilization  of  herbal  medicines,
concerns regarding their safety have intensified, primarily due to
the  limited  availability  of  comprehensive  pharmacological  and
toxicological data 142. This has catalyzed the implementation of AI
models  to  enhance  the  accuracy  of  predicting  potential  herbal
medicine toxicity and evaluating risks associated with herb-drug
interactions 143–146. AI approaches encompass traditional ML mod-
els, advanced deep learning architectures, and graph neural net-
works (GNNs).  Recent research demonstrates that  incorporating
multi-source  datasets,  including  molecular  geometric  properties
and  electron  ionization  mass  spectra  (EI-MS)  data,  substantially

improves predictive  accuracy for  herbal-induced toxicities  144,145.
For  accurate  drug-herb  interaction  prediction,  Lv  et  al.  147  de-
veloped a  similarity  matrix  fusion  (SMF)  method  that   incorpor-
ates multi-source drug information to enhance drug-drug interac-
tion  network  clustering, with  the  resulting  networks  utilized  to
predict  novel  interactions.  Various  deep  learning  models  have
been developed to identify latent patterns and achieve enhanced
predictive accuracy by incorporating heterogeneous data sources
such  as  chemical  structures  and  pharmacological  profiles  148.
GNNs  have  emerged  as  prominent  deep  learning  framewo-
rks  149,150.  By  combining  KG  embedding  methods  with  GNNs,  re-
searchers  can  capture  global  structural  features  of  interaction
networks,  thereby  improving  drug-drug  interaction  prediction
performance 151. Collectively, these AI-driven approaches provide
a  robust  and  comprehensive  framework  for  evaluating  herbal
medicine safety profiles.

 3.2. Real-world clinical evidence inference

It  is  a  fundamental  AI  task  to  extract  and  identify  reliable
TCM clinical  evidence  (e.g.,  diagnosis  differentiation  regularities
or  symptom  clusters,  herbal  combination  regularities,  effective
herbal  treatment  and  herb-symptom  associations)  from  real-
world clinical data 152.  RWD incorporates EMR as a primary data
source.  Due to the complexity and various processing challenges
associated with RWD 91, generating high-quality clinical evidence
requires several sequential key tasks. These tasks include clinical
data  warehouse  (CDW),  information  extraction  from  EMR  text,
clinical data mining, and clinical evidence generation 91,153. (Fig. 5
shows the research framework of real-world clinical evidence in-
ference)

CDW focuses on establishing data management platforms to
integrate and store large-scale clinical data. In 2010, a TCM CDW
system was constructed containing 20 000 inpatient data and 20
000 outpatient data, representing a promising approach for large-
scale  clinical  data  integration  and  pre-processing  tasks  91,92,154.
Clinical information  extraction  is  essential  for  identifying   relev-
ant  biomedical  entities  and  their  relationships  within  clinical
data 155.  Several research efforts 156–158 have developed sophistic-
ated  methods  for  extracting  and  structuring  clinical  data.  Their
work encompasses  automatic  extraction  of  TCM  clinical   symp-
toms  from EMR,  development  of  a  precision-focused  system for
TCM article data extraction, and creation of a human-machine co-
operative phenotypic  spectrum annotation system for  biomedic-
al  named  entity  recognition  (BioNER)  from  clinical  texts.  These
advancements  facilitate  subsequent  data  analysis  by  providing
well-organized, structured clinical data.

Clinical  data  mining  methods  including  clustering,  associ-
ation  rule  mining,  complex  network  analysis,  and prognosis   re-
gression  have  been  widely  applied  in  TCM to  uncover  diagnosis
differentiation  patterns,  symptom clusters,  and herbal   combina-
tion  rules  159,160.  In  diagnosis  differentiation,  clustering  methods
are extensively utilized to facilitate accurate syndrome differenti-
ation. In 2008, Zhang et al. 161 developed a clustering method us-
ing  latent  tree  models  and  proposed  a  syndrome  differentiation
standard  for  TCM,  validated  through  a  kidney  deficiency  study.
Association rule mining identifies patterns of co-occurring symp-
toms or herbs, providing insights into herbal treatments and herb-
symptom  associations.  Algorithms  such  as  the  FP-growth  al-
gorithm  162  and  Apriori  algorithm  163  have  been  implemented  to
identify herb associations, revealing core herbs and combination
patterns in treating asthma 164 , chronic diseases 165, chronic kid-
ney  disease  166,  lung  cancer  167and  COVID-�19  168. Complex   net-
work analysis  is  crucial  for  mapping herbal  interactions and op-
timizing  herbal  formulas.  In  2009,  a  complex  network  analysis
system for  TCM clinical  data  was  introduced  169. This  system  in-
corporated network analysis components including shortest path
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computation, vertex/edge betweenness, and vertex degree to ex-
tract core  herb  combinations.  Prognostic  regression  models   in-
creasingly predict treatment outcomes. For example, Liu et al. 170

employed  logistic  regression  modeling  to  examine  correlations
between  TCM  syndrome  and  short-term  prognosis  of  ischemic
stroke.

Real-world clinical research in TCM demonstrates significant
potential  for  generating  robust  empirical  evidence  171. AI   tech-
niques enhance the processing and refinement of  large datasets,
establishing  high-quality  data  sources  for  real-world clinical   in-
vestigations.  A  notable  study  examining  hospitalized  patients
with acute  exacerbations  of  chronic  obstructive  pulmonary   dis-
ease  (COPD)  analyzed  over  7  000  inpatient  cases  and  revealed
that individualized  CHM  treatments  substantially  reduced  mor-
tality rates 172.  Additionally, semi-individualized CHM treatments
administered  as  adjunct  therapy  for  COVID-19 patients   demon-
strated  decreased  mortality  rates  173.  These  outcomes  provide
compelling  clinical  evidence  supporting  TCM’s  integration  as  a
complementary approach in managing complex diseases and val-
idate its therapeutic efficacy.

 3.3. Personalized clinical decision support

Personalized clinical  decision  support  constitutes  a  vital  ap-
plication  domain  of  AITCM,  primarily encompassing  TCM   syn-
drome differentiation/diagnosis  and  treatment  planning/recom-
mendation  as  fundamental  tasks  25,174.  These  tasks  are  typically
addressed through supervised learning AI  models  or expert  sys-
tems  based  on  production  rule  inference.  TCM’s  computational
journey  began  with  disease  diagnosis,  marked  by  China’s  first
TCM expert system in 1979: Guan Youbo’s computer program for

diagnosis and treatment of liver diseases 23. In 2007, Chen et al. 70

developed  the  TCM  e-Science  system  utilizing  UTCMLS,  provid-
ing  semantically  enhanced  services  including  browsing,  search-
ing,  querying,  and  knowledge  discovery.  In  2020,  Long  et  al.  175

introduced  the  ONTOPV  system,  which  implements  a  domain-
specific  ontology  and  employs  fuzzy  logic  reasoning  alongside
case-based  reasoning  to  facilitate  syndrome  differentiation  and
treatment  of  Psoriasis  Vulgaris  in  TCM.  (Fig.  6  shows the   re-
search framework of personalized clinical decision support)

TCM syndrome  differentiation  represents  a  distinctive   pre-
diction  task  in  AITCM,  as  TCM  practitioners  consider  syndrome
diagnosis fundamental for herbal treatment.  TCM syndrome dia-
gnosis  incorporates  comprehensive  information  gathering
through the Four Diagnostic Methods of “looking, listening, ques-
tioning, and feeling the pulse”, along with the clinical expertise of
TCM  practitioners  176.  Recent  advances  in  digitalization  and   in-
strumentation,  particularly  in  tongue  and  pulse  diagnosis  177,
have enabled  the  collection  of  heterogeneous  data  including   im-
ages,  texts,  audio  signals,  and  other  sensory  modalities,  though
these present  considerable  challenges  for  intelligent  TCM   dia-
gnosis 178. Since the 1990s, syndrome differentiation research has
primarily employed traditional supervised learning models, such
as support vector machine, decision tree, or Bayesian network, to
extract  decision rules  from TCM physicians’ clinical data  or  spe-
cific  disease  categories  including  coronary  heart  disease  179,180,
hypertension 181, depression 182, type 2 diabetes 183, chronic hep-
atitis B 184, and chronic fatigue 185. Recent developments have in-
troduced  deep  learning-based  models  and  applications  for  TCM
syndrome  differentiations,  demonstrating enhanced   perform-
ance  and integration  of  multi-modal  data  sources  (e.g., pulse  in-
formation  from  wearable  devices  and  tongue  images  186) across
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Fig. 5   Research framework of real-world clinical evidence inference.
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various clinical conditions and diseases 187–190. Multi-modal learn-
ing enables the utilization of complementary information from di-
verse  modalities,  enhancing  diagnostic  accuracy  and  reliabil-
ity 191.  Given the rich clinical features in tongue pathologies, sev-
eral  studies  have  implemented  deep  learning  models  using  ton-
gue images for chronic disease diagnosis (e.g., gastric cancer 192)
and herbal prescriptions 193. Dai et al. 178 developed a multi-mod-
al  deep  learning  framework  that  emulates  TCM  practitioners'
cognitive  processes  by  integrating  multi-modal  perceptions  of
“looking, listening, questioning, and feeling the pulse.” This meth-
odology combines representation learning from high-dimension-
al sensory data with conceptual alignment neural networks to in-
corporate prior knowledge, yielding interpretable latent features
and  superior  diagnostic  outcomes  compared  to  uni-modal  ap-
proaches.

Prescription recommendation  or  generation  constitutes   an-
other crucial  application  domain.  Various  ML  techniques   integ-
rate  symptom  information  for  prescription  generation,  consist-
ent with TCM principles of prescribing herbal formulas based on
individual symptom profiles. A groundbreaking study in 2018 in-
troduced  a  prescription  topic  model  based  on  TCM theory,  rep-
resenting  an  early  approach  to  herbal  recommendation  and
symptom suggestion 194.  In 2021, Zhou et al. 195 introduced Ford-
Net, an intelligent prescription recommendation system utilizing
deep  learning.  The  system  enhanced  the  hit  ratio  by  17.3%
through the integration of phenotypic and molecular information,
compared to models using only macroscopic data. The Attentive-
Herb  model  196  implemented  an  innovative  two-stage  attention
mechanism for sequential CHM generation based on symptom in-
puts.  Dong  et  al.  197  developed  a  subnetwork-based  symptom
term mapping (SSTM) method, leading to the traditional Chinese
medicine prescription recommendation (TCMPR) model. This ap-
proach effectively  utilizes  underlying  symptom feature   informa-
tion for more accurate prescription generation, advancing preci-
sion medicine applications in TCM.

The emergence of LLMs has created significant opportunities

for advancing TCM syndrome differentiation and treatment, par-
ticularly  in  clinical  prescription  recommendation.  Several  TCM-
specific  LLMs,  including  ShenNong-TCM  99,  BianCang  101  and
Zhongjing  100,  have  emerged,  typically  involving  fine-tuned  pre-
trained models  198.  However,  their  clinical  effectiveness  requires
additional validation. In 2024, our research team assessed LLMs’
prescription  recommendation  capabilities  using  extensive  real-
world clinical data 199, and developed the TCM pre-trained model
Lingdan  48 by  incorporating  ancient  TCM texts, KGs,  and  clinical
case data.  This  development  improved  clinical  prescription   re-
commendation accuracy. Specifically, utilizing over 60 000 outpa-
tient  records  for  fine-tuning,  the  TCM-FTP prescription   recom-
mendation  algorithm  for  spleen-stomach  diseases  achieved  an
F1@20 score exceeding 80%, demonstrating the potential for de-
veloping clinically viable TCM prescription recommendation sys-
tems 197.

 4. Challenges and opportunities

Over  the  past  three  decades,  AITCM has  addressed   numer-
ous valuable topics and tasks related to biological mechanisms of
syndrome and treatment, clinical evidence discovery, and clinical
decision  support  through  various  traditional  and  emerging  AI
techniques. However, several factors limit the clinical applicabil-
ity and performance of most AITCM applications and models, in-
cluding  insufficient  high-quality  datasets  and  benchmarks,  in-
complete  KGs,  complex  TCM  real-world  clinical  data  and  herbal
therapies, and variable “Treatment based on Syndrome Differen-
tiation” clinical procedures. This section examines several prom-
ising research directions that warrant systematic investigation to
realize AITCM’s full potential.

 4.1. High-quality  data repository:  building the data foundation for
AITCM research

The  primary  challenge  in  AITCM  development  stems  from
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the lack of high-quality, large-scale, comprehensive, and authorit-
ative databases, which significantly impedes the advancement of
reliable AI techniques. RWD sources frequently exhibit fragment-
ation,  incompleteness,  and  heterogeneity,  resulting in   substan-
tially lower data quality compared to controlled trials. Therefore,
constructing  high-quality  databases  from  such  diverse  data
sources remains an ongoing challenge.

A  solid  data  foundation  relies  on  three  critical  components:
data collection, data governance, and standardized dataset devel-
opment.  Regarding  data  collection,  ensuring  efficient,  accurate,
and comprehensive clinical  data capture is  essential.  Since  Janu-
ary  2025,  DeepSeek  has  achieved  widespread  adoption  across
tertiary  hospitals  in  China  200.  Concurrently,  AI-driven  applica-
tions  such  as  Freed  201  and  Saykara  202  are  emerging  to  capture
multi-modal  clinical  data,  particularly  conversational  voice  data
during  medical  encounters.  Additionally,  systems  like  Gator-
Tron 203 utilize fine-grained clinical narratives to extract detailed
patient  information.  These  advancements  collectively  enable
more  comprehensive  and  precise  clinical  data  acquisition,
thereby enhancing data quality at the source and establishing the
foundation for high-quality datasets.

Data governance serves a crucial role in enhancing data qual-
ity.  The  convergence  of  data  management  and  ML  has  created
new research  opportunities  in  big  data  and  AI  integration.  ML-
Clean exemplifies this by combining traditional data cleaning, bi-
as mitigation, and data sanitization within a unified framework to
meet the requirements of accurate,  fair, and robust model train-
ing in modern ML environments 204. Additionally, data normaliza-
tion  in  data  management  corresponds  to  entity  linking  in  AI.
DNorm 205 pioneered ML approaches to biomedical entity linking,
and recent developments have shown promising results in encod-
ing  Chinese  clinical  terms  206.  This  process  is  enhanced  through
the  adoption  of  internationally  recognized  frameworks,  such  as
the  ISO/TC  249  standards  for  TCM  terminology  and  coding,
which  provide  structured  definitions  and  classification  schemes
for key clinical entities 207.

Furthermore,  numerous  data-centric,  full-process  manage-
ment  platforms  have  emerged  recently  208,209. Supported  by   na-
tional  initiatives,  several countries  have  initiated  the   develop-
ment  of  healthcare  big  data  platforms  210.  China  has  particularly
emphasized the  construction  of  healthcare  big  data   infrastruc-
ture to address the challenges of integrating, processing, storing,
and  managing  multi-source  heterogeneous  data  systemati-
cally 211. The West China Hospital of Sichuan University exempli-
fies this progress, having established a big data platform capable
of effectively managing massive, multi-dimensional datasets from
various sources, thereby creating accessible data assets with sub-
stantial  healthcare  application  value  212. Although  these   plat-
forms represent significant progress in large-scale health data ag-
gregation  and  management,  advancing AI  in  TCM faces  the  per-
sistent  challenge  of  facilitating  multi-institutional  data  sharing
while maintaining  stringent  privacy  and  data  protection.   Feder-
ated learning presents a promising solution by enabling AI mod-
els  to  learn  from  diverse  datasets  across  various  locations
without  data  leaving  its  original  source,  thus  protecting  privacy
and reducing data transmission costs and latency 213,214. This fed-
erated environment provides the advantage of model training on
broader  landscape  data  215.  Consequently,  this approach   en-
hances model robustness and generalizability across institutions
and  geographic  regions.  The  development  of  multi-center,  pub-
licly accessible big data platforms integrating data across hospit-
al  operation systems represents an inevitable future trend.  Such
platforms  would  facilitate  high-quality  dataset  generation  and
massive,  high-dimensional  medical  database  development,  sup-
porting clinical practice, scientific research, and hospital manage-
ment.

Beyond rigorous data  acquisition and governance, emerging

generative  AI  techniques,  particularly  diffusion  models,  offer
novel solutions to address persistent TCM dataset limitations, in-
cluding small sample sizes, class imbalance, and incomplete multi-
modal  records  216,217.  These  models  learn  the  underlying  dataset
structure to generate new samples resembling original data, such
as realistic synthetic clinical records and molecular structures for
novel  compound  discovery  218,219. Such  synthetic  data  can   en-
hance real-world datasets through multi-dimensional evaluation,
including utility, fidelity, diversity, qualitative assessment, clinic-
al validation, and privacy considerations,  thereby enabling more
robust  model  training  and  improving  generalization  capabili-
ties  220.  Future  efforts  should  incorporate  multi-modal  datasets,
such as tongue images and pulse waveforms, and expand cover-
age  to  include  both  ancient  and  modern  literature  texts,  advan-
cing  AITCM  research  and  AI  technology  iteration.  Generative  AI
facilitates multi-modal data integration by generating profession-
al  medical  textual  reports  from  medical  images  or  synthesizing
missing imaging data from textual records (e.g., PathLDM) 221–224.
In TCM, GADM represents the first diffusion model proposed for
synthesizing  pulse  data.  However,  its application  requires   com-
prehensive  assessment  covering  specific  fidelity  metrics,  proper
clinical  validation  and  human  assessment,  and  well-defined  di-
versity metrics 225.  Incorporating generative AI into TCM dataset
construction  may  thus  play  a  crucial  role  in  addressing  data
scarcity while maintaining AITCM research rigor.

 4.2. High-quality KG:  integrating  the  TCM  theoretical  and   experi-
mental knowledge into AITCM research pipeline

High-quality KGs play a vital role in converting big data into
actionable  knowledge,  thereby  enhancing  the  effectiveness  of
clinical  decision  support  systems  and  scientific  discovery  in  AI
applications  226. The  construction  and  utilization  of  KGs   encom-
pass  several  essential  processes:  knowledge  acquisition  (e.g.,
named  entity  recognition  and  relationship  extraction),  know-
ledge fusion (e.g., entity linking and alignment), knowledge com-
plementation (e.g., inference of tacit knowledge), and knowledge
application (e.g., intelligent question answering) 227. The develop-
ment  of  KGs  represents  a  long-term,  systematic  endeavor,  as
demonstrated  by  foundational  KGs  such  as  WordNet  228,  Dbpe-
dia 229, UMLS 63, and Gene Ontology (GO) 230  , which have under-
gone decades of continuous updates and refinements. However, a
significant  gap  persists  in  developing  high-quality,  large-scale
KGs in the field of TCM, both in terms of knowledge reliability and
coverage. These may contain contradictory, erroneous, or incom-
plete knowledge 231. For instance, recent TCM network pharmaco-
logy applications frequently face scrutiny regarding the non-spe-
cificity of  associated targets, enriched biomedical  pathways, and
molecular functions. The primary contributing factor is the qual-
ity  of  network  pharmacological  databases.  The  ingredients  of
herbs  and  herbal  compound-target associations  in  current   net-
work  pharmacological  databases  require  further  evaluation  and
refinement.

Knowledge graph completion (KGC) has demonstrated effect-
iveness in enhancing the completeness, accuracy, and usability of
KGs. To support this process, numerous KG reasoning algorithms
have been proposed, such as TransE 232, RGHAT 233, etc. Most cur-
rent TCM KGs are based on explicit knowledge extracted from di-
verse  sources,  providing  a  solid  foundation.  However,  much  of
TCM’s  value  resides  in  tacit  knowledge  234,  embedded in  experi-
ential  reasoning  and  clinical  decision-making  accumulated  by
TCM experts. This knowledge is often individualized, implicit, and
difficult  to  articulate.  Capturing  and  representing  such  tacit
knowledge remains  a  major  challenge  but  is  essential  for  devel-
oping comprehensive and clinically relevant KGs. Knowledge dis-
covery  methods  have  long  been  applied  in  medical  information
analysis 235, with approaches such as decision trees employed to
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uncover  valid,  novel,  and interpretable  patterns  in  tacit   know-
ledge. A major challenge in this process is validation: expert con-
firmation is  theoretically  required  236, yet  individually  validating
each rule is impractical 237.  To address this, human-computer in-
teractive strategies have been proposed to facilitate KG construc-
tion and  enable  experts  to  efficiently  detect  and  correct   inac-
curacies 238. Recent advances highlight the growing role of human-
in-the-loop paradigms in improving KG quality. Tools such as Ky-
urem  239,  an  interactive  widget  library,  enable continuous   cura-
tion  by  allowing  experts  to  explore,  validate,  and  integrate  new
knowledge  efficiently.  Similarly,  frameworks  like  HC-COVID
leverage  hierarchical  crowdsourcing  to  incorporate  expertise  at
different  levels,  facilitating  error  detection  and  misinformation
identification 240. Together, these approaches are steering KG con-
struction  toward  a  more  collaborative  and  intelligent  paradigm.
Beyond  these,  interactive  machine  learning  (iML)  integrates  the
strengths of human-computer interaction and knowledge discov-
ery/data mining by embedding human feedback into the learning
loop, enabling more effective, transparent, and adaptive KG con-
struction  241–243.  In  this  process,  human  experts  are  not  merely
data  annotators  but  active  participants  in  data  exploration  and
feature extraction, engaging with the model through intuitive in-
terfaces  and  iterative  feedback  244–246. Such  collaboration   en-
hances  both the  accuracy and interpretability  of  AI  systems, po-
tentially  improving  the  interpretability  and  clinical  relevance  of
AI-assisted TCM applications.

Another  aspect,  an  integrated  TCM  KG  serves  to  formalize
TCM knowledge and bridge macro-level (phenotypic) and micro-
level (molecular)  perspectives  between  TCM and  modern  medi-
cine.  As  such,  it  establishes  a  solid  knowledge  foundation  for
tasks  such  as  clinical  causal  inference,  therapeutic  mechanism
elucidation,  and  evidence-based  clinical  decision-making.  How-
ever, TCM data is typically multi-sourced and heterogeneous. The
integration of multi-modal data, such as images, texts, and wave-
forms,  into  KGs  has  become  a  critical  trend  in  precision  medi-
cine  65,247,  and  is  equally  applicable  and  urgently  needed  in  the
context of TCM.

In the era of LLMs, the integration of KGs with these models
has emerged as  a  cutting-edge research frontier.  This  synergy is
poised  to  build  interpretable,  transparent,  and  reliable  systems
for  new drug discovery  and clinical  decision support  in  TCM  248.
By leveraging the structured, semantically rich data embedded in
KGs,  covering  drug  properties, disease  mechanisms,  and  clinical
outcomes, and combining them with the advanced reasoning and
generative  capabilities  of  LLMs,  researchers can  gain  deeper   in-
sights  into  TCM.  This  integration  facilitates  the  identification  of
novel  therapeutic  targets,  the  prediction  of  treatment  efficacy,
and  the  personalization  of  TCM  therapies.  Furthermore,  it  en-
hances the interpretability of AI models, ensuring that their out-
puts  are  transparent,  evidence-based  and  clinically  meaningful.
Ultimately, this convergence will promote the modernization and
global acceptance of TCM, strengthening both its scientific found-
ation and clinical applicability.

 4.3. Biological  mechanism of  clinical  effectiveness:  development  of
the new paradigm of AI for science in TCM field

The fundamental  scientific  challenge in both clinical  and ba-
sic TCM  research  centers  on  definitively  establishing  its   thera-
peutic  effectiveness, encompassing both clinical  outcome valida-
tion  and  the  investigation  of  underlying  biological  mechanisms.
This necessitates analyzing the microscopic biological causal rela-
tionships  between  interventions,  patient  characteristics,  and
therapeutic  outcomes.  Such  analysis  requires  identifying  active
substances  or  functional  components  within  interventions,  as
well  as  the  regulatory  pathways  through  which  they  function
to  treat  disease  and  restore  systemic  balance  in  the  human

body 249–251.
Herbal medicine remains the cornerstone therapeutic modal-

ity within TCM. Recent years have witnessed significant progress
in herbal compound analysis, driven by improvements in sample
pretreatment  optimization,  advanced  analytical  instrumentation
development,  and  the  integration  of  AI-based  data  processing
with  online  bioactivity  evaluation  252.  These  developments  have
expanded both the scope and precision of  compound analysis  in
TCM,  enabling more  thorough  investigations  into  herbal   medi-
cines’  complex  constituents.  Significantly,  these  advances  have
enhanced  the  quality  and  diversity  of  datasets  available  for  AI
models, providing an essential  foundation for utilizing AI to elu-
cidate TCM therapeutic mechanisms and accelerate their transla-
tion into clinical applications.

Modern  biomedical  technologies,  including  high-throughput
multi-omics,  single-cell  analysis,  and  spatial  transcriptomics,
have created unprecedented opportunities and data resources for
understanding the mechanistic basis of clinical efficacy 253,254. Ad-
ditionally, emerging computational biology methods, particularly
network  medicine  255  and  network  pharmacology  124,  enable  re-
searchers  to  examine  disease-symptom relationships  and   pre-
scription mechanisms through complex biological network inter-
actions and dynamic system processes 127,256. Combined with high-
quality  clinical  data  and  KGs,  these  approaches  provide  novel
perspectives  for  understanding  TCM  syndromes’  biological
foundations and CHM pharmacological mechanisms.

Future research must clearly define the roles of AI and exper-
imental modules  in  TCM  while  maximizing  their  synergistic   po-
tential.  Experimental  studies  provide  AI  models  with  validated,
high-quality  biological  data, establishing a  foundation for  robust
model development 257.  Conversely, AI generates data-driven hy-
potheses, reveals hidden patterns, and provides prior knowledge
to  guide  experimental  design  and  target  selection  258.  Establish-
ing  an  iterative  feedback  loop,  where  AI-driven predictions   un-
dergo experimental validation and subsequently refine the mod-
els, will enhance TCM research efficiency and precision, facilitat-
ing progression toward an integrated, mechanism-informed, data-
driven discovery paradigm.

The  integration  of  real-world  clinical  data  with  network
medicine  and  the  development  of  an  AI-driven research   frame-
work  focused  on  clinical  effectiveness  mechanism  investigation
shows  considerable  promise.  Recent  proof-of-concept  studies
demonstrate the  viability  of  combining  AI  techniques  with   net-
work-based  approaches  to  explain  efficacy  within  TCM’s  syn-
drome  differentiation  and  treatment  framework.  For  example,
the  mechanistic  relationship  between  drugs  and  symptoms  in
TCM  can  be  represented  through  network  coupling  between
herbal  target  networks  and  symptom-related mechanism   net-
works.  The  development  of  a  network  topology  coupling  index
demonstrates  strong  predictive  capability  in  assessing  whether
specific herbs may alleviate particular symptoms 259.  While these
studies represent significant progress,  they mark only the initial
phase of AI-based exploration into clinical efficacy mechanisms.

A  promising  direction  emerges  with  the  establishment  of
large-scale,  high-quality,  closed-loop RWD  resources  and   com-
prehensive  KG  infrastructures,  where  the  integration  of  KGs
between  TCM and  modern  medicine  will  enable  macro-to-micro
knowledge domain  linkage.  Through  the  incorporation  of   net-
work  medicine,  reinforcement  learning,  and  advanced  causal
learning methodologies, the development of a dual-validation and
optimization  system  for  both  clinical  effectiveness  mechanisms
and  therapeutic  prescription  evaluation  becomes  feasible.  This
approach will  support  the development of  a  clinically  grounded,
mechanistically informed AI system for TCM with iterative optim-
ization capabilities. This integrative strategy represents a signific-
ant innovation at  the intersection of  AI and TCM, potentially en-
hancing scientific  understanding  and  global  acceptance  of   tradi-
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tional practices.

 4.4. Causal evidence  inference:  finding reliable  TCM clinical  know-
ledge from real-world clinical data

The  identification  of  high-quality  causal  evidence  remains
central to clinical research. Such evidence guides healthcare prac-
titioners in decision-making and provides a foundation for trans-
lating  RWD into  actionable  clinical  insights  and  decisions  260–262.
However,  current  mainstream  ML  approaches  primarily  rely  on
statistical  associations  between  features, with conditional   prob-
ability  underlying  many  deep  learning  methods,  including
LLMs  263.  Given  RWD’s  complexity  and  heterogeneity,  which  of-
ten  contains  latent  pseudo-correlations or  inconsistent   associ-
ations  (e.g.,  Simpson’s  paradox  264),  existing  AI  techniques  face
challenges in reliably identifying true causal relationships, partic-
ularly in distinguishing confounding factors from genuine causal-
ity.

A  significant  challenge  in  AI-driven  real-world clinical   re-
search  on  TCM  lies  in  extracting  high-quality  clinical  causal
knowledge and  robust  clinical  effectiveness  evidence  from   het-
erogeneous  and  noisy  clinical  data.  The  development  of  novel
causal  learning methodologies  (e.g., causal representation  learn-
ing and counterfactual  inference)  has emerged as  a  crucial   tech-
nical  pathway  for  advancing  causal  evidence  discovery  in  both
general medicine and TCM clinical studies 265,266. However, the in-
dividualized and holistic  nature of  TCM diagnosis  and treatment
presents additional complexities. Critical aspects such as the Four
Diagnostics,  etiology  and  pathogenesis,  and therapeutic   prin-
ciples  are  frequently  subjective  or  incompletely  documented  in
clinical  records  267.  Moreover,  TCM interventions  primarily   in-
volve  herbal  formulas  comprising  thousands  of  ingredients  with
complex pharmacological  mechanisms across  multiple  biological
targets and pathways.

This  complexity  creates  a  substantial  barrier  to  identifying
comprehensive  causal  pathways  that  span  both  macro  (clinical
outcome) and micro (biological mechanism) levels. Despite AI ad-
vancements, uncovering multi-layered causal evidence in TCM re-
mains a significant scientific and computational challenge. Never-
theless, this complexity offers a unique experimental domain for
developing  and  applying  causal  inference  and  representation
learning  techniques.  Grounded  in  a  systematic  and  networked
medical paradigm, including theories of Yin-Yang, Five Elements,
meridians,  Zang-Fu  organs,  and  Chinese  materia  medica,  TCM
demonstrates an  intricate  interplay  between  therapeutic   inter-
ventions,  physiological  systems,  and  disease  processes.  These
conceptual frameworks correspond to extensive, non-linear caus-
al networks  involving  both  abstract  medical  constructs  and  bio-
chemical entities. Given the sparsity and incompleteness of many
RWD datasets, discovering causal structures and assessing treat-
ment  effects  in  TCM  necessitate  not  only  novel  algorithms  but
also substantial advances in computational efficiency and robust-
ness.

Promising advances  have  emerged  in  this  domain.  For   in-
stance,  in  2020,  Richens  et  al.  266  developed  a  counterfactual-
based  algorithm  and  evaluated  it  against  44  physicians  using
1671  clinical  vignettes,  achieving  expert-level diagnostic   accur-
acy —particularly  for  rare  and  very  rare  diseases.  In  2022,
Charpignon  et  al.  268  implemented  a  rigorous  causal  inference
framework addressing competing risks in emulated clinical trials
using data  from  two  electronic  health  record  systems.  Their   re-
search indicated that metformin may reduce dementia risk in dia-
betic  patients  through  non-glycemic  mechanisms.  These  studies
demonstrate  the  feasibility  of  discovering  high-quality  causal
evidence  within  complex  RWD  environments.  Additionally,  the
integration  of  KGs  with  causal  learning  represents  an  emerging
research frontier.  KGs  can  encode  and  provide  rich  prior  know-

ledge  structures,  from  herbal  functions  to  disease  mechanisms,
potentially  supporting  causal  discovery  and  effect  estimation  in
TCM.  This  combination  of  structured  knowledge  and  advanced
causal  inference  techniques  offers  the  potential  to  establish  a
novel  and  systematic  framework  for  identifying  and  validating
clinical effectiveness in real-world TCM studies 269.

 4.5. Personalized clinical decision support: empowering TCM preci-
sion diagnosis and treatment with AI capabilities

Enhancing  clinical  diagnostic  and  therapeutic  capabilities
represents  a  fundamental  goal  for  high-quality TCM   develop-
ment.  Consequently,  developing AI  technologies  for  clinical   de-
cision support based on syndrome differentiation and treatment
constitutes a critical focus in real-world clinical decision and ser-
vices.  Throughout  the  past  five  decades,  numerous TCM   syn-
drome  diagnosis  models  have  been  developed  using  supervised
learning  techniques  such  as  decision  trees,  Bayesian  networks,
and  support  vector  machines  �161,270,271. Despite  these   develop-
ments, current AI models for syndrome differentiation remain re-
stricted  in  scope,  typically  addressing  fewer  than  10  different
syndromes,  whereas  real-world  clinical  practice  encompasses
hundreds  of  distinct  syndromes,  particularly  in  high-incidence
chronic  diseases  such  as  diabetes,  cardiovascular  diseases,  and
cancer.  Moreover,  enhancing  the  accuracy,  robustness,  and gen-
eralizability of  AI  models in real-world, multi-center clinical  set-
tings remains  a  significant  challenge  for  future  research.   Re-
search on prescription recommendation has  remained relatively
limited, primarily due to TCM prescriptions’ inherent complexity.
A  critical  challenge  in  developing  prescription  recommendation
algorithms is the scarcity of real-world clinical prescription data-
sets 47.

AI  models  based  on  deep  learning  or  even  LLMs  encounter
significant challenges in clinical diagnostics and treatment. These
include  deficiencies  in  basic  professional  knowledge,  limitations
in real-world diagnostic capabilities, and critical constraints such
as  explainability  and  generalizability  272.  TCM  clinical  decision
support systems face similar challenges. In an open clinical envir-
onment,  practitioners require  both  accurate  and  reliable   de-
cision  support,  as  well  as  a  credible  rationale  for  their  decisi-
ons 273,274. This dual requirement is essential for enhancing the ef-
ficiency and practicality of human-machine collaborative decision-
making. TCM clinical decision-making is characterized by the long-
term integration of individual patient data and theoretical know-
ledge. TCM KGs through the fusion of structured knowledge with
empirical  data  demonstrate  robust  reasoning  capabilities  275.
When combined with advanced reasoning technologies, their po-
tential for clinical decision support is further enhanced 276.

The inherent “black box” nature of deep learning algorithms
has  drawn  increasing  attention  to  the  interpretability  of  the
knowledge reasoning process. Significant advances have emerged
in this domain, with techniques such as SHapley Additive exPlan-
ations  (SHAP)  and  attention  mechanisms  offering  insights  into
model  decision  pathways  277,278.  For  example,  Lin  et  al.  279  de-
veloped  a  textual  inference  framework  that  effectively  utilizes
structured  commonsense  KGs  alongside  a  hierarchical  path-
based  attention  mechanism,  generating  more  transparent  and
trustworthy inferences. Interpretable models facilitate human-AI
collaboration  and  enable  practitioners  to  make  better-informed
decisions  beyond  simple  class  labels  280.  Additionally,  enhanced
interpretability  promotes  accountability  and  builds  trust  in  ML
systems.  Thus, developing clinical  decision support  technologies
based  on  high-quality  real-world  clinical  datasets,  enriched  by
clinical evidence and KGs, and designed with strong interpretabil-
ity, shows significant potential for advancing medical AI through
improved  human-AI  collaboration,  informed  decision-making,
and  trust.  This  approach  remains  fundamental  for  developing
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reliable clinical decision-making tools and translating real-world
TCM  clinical  evidence  into  personalized  treatment  strateg-
ies 281,282.

For AI models in TCM to achieve true global applicability, val-
idation across diverse ethnicities, geographic regions, and cultur-
al  contexts  is  essential.  Evidence  indicates  that  models  trained
primarily  on datasets  from a  single  population may significantly
limit generalizability and risk producing biased results when ap-
plied  to  other  demographic  populations  283–285.  These  disparities
highlight  the  necessity  for  systematic  cross-population  evalu-
ation.  Methodological  approaches,  including  transfer  learning
and domain adaptation, present viable solutions to enhance mod-
el generalizability while accounting for regional variations in clin-
ical  presentation  and  diagnostic  patterns  286–288.  Implementation
of  these  strategies  will  be  crucial  for  the  equitable,  trustworthy,
and effective globalization of AITCM in the future.

 5. Conclusions

In the AI era, establishing a new data-driven and knowledge-
enhanced paradigm for  TCM clinical  services  and basic  research
is both promising and essential. The application of AI technology
to analyze and optimize individualized TCM therapies, form pre-
cise syndrome classifications, and investigate the underlying sys-
tem  biological  mechanisms  of  clinical  effectiveness,  addresses
long-standing challenges in TCM. AI’s extensive development his-
tory demonstrates that knowledge and data function as dual en-
gines  powering  intelligent  systems,  integrating  both  deductive
and  inductive  reasoning  methodologies.  Therefore,  developing
high-quality  real-world  clinical  datasets  and  integrated  KGs  that
bridge TCM and western medicine is crucial for creating a clinic-
ally  applicable  and  scientifically  efficient  AITCM  technological
system.  Moreover, TCM presents  a  complex  and  challenging  do-
main  for  AI  techniques  and  systems.  The  development  of  novel
causal  reasoning/learning  algorithms  and  KG  enhanced  clinical
decision support  techniques  represents  a  major  technical   re-
quirement for AITCM. If these challenges are properly addressed,
this historical opportunity for TCM through the AITCM approach
will promote its high-quality development in the AI era.
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