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Objective  To  map  the  research  hotspots,  developmental  trends,  and  existing  challenges  in
the integration of artificial intelligence (AI) with multi-omics in traditional Chinese medicine
(TCM) through comprehensive bibliometric analysis.
Methods  China  National  Knowledge  Infrastructure  (CNKI),  Wanfang  Data,  China  Science
and  Technology  Journal  Database  (VIP),  Chaoxing  Journal  Database,  PubMed,  and  Web  of
Science were searched to collect  literature on the theme of  AI in TCM multi-omics research
from the inception of each database to December 31, 2024. Eligible records were required to
simultaneously address AI, TCM, and multi-omics. Quantitative and visual analyses of publi-
cation  growth,  core  authorship  networks,  institutional  collaboration  patterns,  and  keyword
co-occurrence  were  performed  using  Microsoft  Excel  2021,  NoteExpress  v4.0.0,  and  Cite-
Space 6.3.R1.  AI application modes in TCM multi-omics research were also categorized and
summarized.
Results  A total of 1 106 articles were enrolled (932 Chinese and 174 English). Publication out-
put has increased continuously since 2010 and accelerated after 2016. Region-specific collab-
oration clusters were identified, dominated by Beijing University of Chinese Medicine, China
Academy of Chinese Medical Sciences, Shanghai University of Traditional Chinese Medicine,
and  Nanjing  University  of  Chinese  Medicine.  Keyword  co-occurrence  analysis  revealed  that
current  AI  applications  predominantly  centered  on  metabolomics  and  algorithms  such  as
cluster analysis and data mining. Research foci mainly ranked as follows: single herbs, herbal
formulae, and disease-syndrome differentiation.
Conclusion  Machine learning methods are the predominant integrative modality of AI in the
realm of TCM multi-omics research at present, utilized for processing omics data and uncov-
ering latent patterns therein. The domain of TCM, in addition to investigating omics informa-
tion procured through high-throughput technologies, also integrates data on traditional Chi-
nese  medicinal  substances  and  clinical  phenotypes,  progressing  towards  joint  analysis  of
multi-omics, high-dimensionality of data, and multi-modality of information. Deep learning
approaches represent an emerging trend in the field.

 

 1 Introduction

For  decades,  traditional  Chinese  medicine  (TCM)  has

mainly  confronted  three  challenges:  (i)  reconciling  TCM

theory with modern science;  (ii)  objective and standard-
ized  criteria  establishment  for  assessing  the  clinical  effi-
cacy;  (iii)  updating  diagnostic  and  therapeutic  method-
ologies.  Multi-omics,  an  analytical  framework  derived
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from  the  central  dogma  of  biology,  offers  a  hierarchical
and  multidimensional  platform  that  simultaneously  in-
terrogates  genes,  transcripts,  proteins,  metabolites,  phe-
notypes, images, and microbiota [1, 2]. Such holistic profil-
ing can illuminate molecular interactions and regulatory
networks  with  unprecedented  depth,  providing  multi-
omics  as  an  indispensable  tool  for  elucidating  organis-
mal  functions  and  addressing  the  above  challenges.  Be-
yond  canonical  omics  layers,  TCM  community  has  fur-
ther pioneered syndrome phenomics, herbal phenomics,
and  formula  omics,  thereby  expanding  the  conceptual
and  technical  frontiers  of  life-science  research [3].  As  an
emerging  interdisciplinary  field,  TCM  multi-omics  has
become  pivotal  for  TCM  theory  and  herbal  drug  discov-
ery.  Yet,  the  integration  of  these  heterogeneous  big-data
streams  is  inevitably  hampered  by  the  curse  of  dimen-
sionality. AI excels at handling massive datasets, enhanc-
ing both efficiency and precision. Coupling AI with multi-
omics  not  only  maximizes  data  utility,  but  also  refines
conclusions that might be missed by single-omics or non-
AI approaches [4]. Consequently, the convergence of mul-
ti-omics  and  AI  constitutes  a  powerful  catalyst  for  TCM
modernization [5, 6],  underscoring  the  urgency  of  system-
atically  mapping  its  current  status  and  developmental
trajectories.

Bibliometric analysis represents a quantitative appro-
ach that extract patterns and insights through systematic
evaluation  of  scholarly  output,  integrating  mathematics,
statistics,  and  information  science.  This  approach  inte-
grates publication metadata—including citation networks
and temporal publication patterns—as quantifiable indi-
cators  to  map  research  evolution  and  knowledge  diffu-
sion dynamics. This study seeks to delineate the intellec-
tual topography, collaborative architecture, and prospec-
tive  trajectories  of  artificial  intelligence-driven  multi-
omics  investigations within the domain of  TCM, thereby
remedying the conspicuous absence of scientometric and
panoramic analyses in this emerging field.

 2 Data and methods

 2.1 Literature search strategy

During  database  foundation  to  December  31,  2024,  six
databases  were included:  China National  Knowledge In-
frastructure,  Wanfang Data,  China Science and Technol-
ogy  Journal  Database  (VIP),  Chaoxing  Journal  Database,
PubMed, and Web of Science. A three-step Boolean strat-
egy  was  used,  combining  medical  subject  headings
(MeSH) terms and free-text synonyms in each step.

(i)  AI  technologies:  artificial  intelligence OR machine
learning  OR  deep  learning  OR  data  mining  OR  cluster
analysis OR Bayesian network OR neural networks OR al-
gorithm OR association rule.

(ii)  TCM  domain:  traditional  Chinese  medicine  OR
Chinese  herbal  medicine  OR  syndrome  differentiation
OR Zheng OR acupuncture OR electroacupuncture.

(iii)  Multi-omics:  omics  OR  genomics  OR  transcrip-
tomics OR proteomics OR metabolomics OR microbiome
OR microbiomics OR metagenomics OR radiomics.

Within  each  step,  terms  were  linked  with  OR.  The
three  steps  were  combined  with  AND.  In  PubMed  and
Web  of  Science,  both  MeSH/topic  terms  and  title/ab-
stract  fields  were  searched.  Chinese  databases  were
queried  on “subject” or “all  fields” without  language  re-
striction.

 2.2 Data screening

Studies  were  included  if:  (i)  articles  were  publicly  avail-
able in the searched databases; (ii) they explicit coverage
the  three  thematic areas—AI, TCM,  and  multi-omics;
(iii)  they contained complete bibliographic elements,  in-
cluding keywords, abstract, and author information.

Studies were excluded if: (i) they were studies unrelat-
ed  to  human  biomedicine  or  to  drug  research  involving
animals or cell experiments; (ii) they were conference ab-
stracts, calls for papers, popular science articles, consen-
sus  statements,  and  guidelines;  (iii)  they  were  reports
lacking  a  clearly  defined  omics  layer  or  whose  experi-
mental methods could not be classified within any omics
domain;  (iv)  they  were  literature  on  ethnic  minority
medicines not grounded in TCM theory.

 2.3 Data processing and standardization

All  citations  were  imported  into  NoteExpress  v4.0.0  and
deduplicated.  Two  reviewers  independently  screened  ti-
tles,  abstracts,  and  keywords  for  inclusion  or  exclusion.
Disagreements were resolved by a third reviewer.

Prior  to  analysis,  we  standardized  the  remaining
records. Institutional names were updated. For example,
“Henan  College  of  Traditional  Chinese  Medicine” was
merged  under “Henan  University  of  Chinese  Medicine”.
Affiliations  located  in  Hong  Kong  and  Macao  were
recorded as “China”. Keywords and other metadata were
harmonised,  for  example, “data  mining” “big-data  min-
ing” and “data-mining method” were merged under “da-
ta mining”.

 2.4 Statistical analysis

In  this  study,  Excel  2021  was  used  for  data  organization
and  basic  statistical  analysis.  NoteExpress  v4.0.0  man-
aged  the  references  and  performed  preliminary  classifi-
cation.  CiteSpace  6.3.R1  analyzed  keyword  co-occur-
rence,  author  collaboration  networks,  and  institutional
cooperation patterns. Descriptive statistics and visualiza-
tion  techniques  were  employed  to  identify  research
hotspots and collaboration patterns.
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 3 Results

 3.1 Temporal dynamics of publication output

The  initial  search  yielded 2 204 Chinese  and  297  English

records.  After  reconciliation,  932  Chinese  and  174  En-

glish articles were retained. As shown in Figure 1, the ear-

liest relevant records in Chinese databases dated back to

2001.  Publications  began  to  rise  around  2010,  increased

sharply  after  2016,  and  continued  an  upward  trajectory

until  the  end  of  2024.  A  similar  pattern  was  observed  in

English-language articles.

 3.2 Author collaboration networks and thematic affinities

A total of  604 Chinese-language authors and 1 143 inter-
national  authors  were  identified.  In  the  Chinese  dataset
(Mmax = 17),  the threshold was N = 3.09,  yielding 20 core
authors.  In  the Web of  Science/PubMed dataset  (Mmax =
13),  the  threshold  was N =  3,  yielding  100  core  authors.
CiteSpace  6.3.R1  visualisation  revealed  that  these  core
authors  formed  small,  loosely  connected  clusters  with
limited inter-group linkage.  Clustering the most  strongly
collaborating  teams  (Figure  2)  showed  that  research  on
AI-assisted TCM multi-omics is most cohesive in the oph-
thalmic  areas,  cardiovascular  and  rheumatic-immune
diseases,  employing  metabolomics,  radiomics,  and  pro-
teomics.  Methodologically,  network  analyses  and  ma-
chine  learning  algorithms  predominated  in  processing
the underlying omics data.

 3.3 Inter-institutional  synergy  maps  and  geospatial  con-
centration of research hubs

We identified 476 institutions in Chinese corpus and 219
across  the  English  corpus.  The  resulting  collaboration
networks were shown in Figure 3. The field was dominat-
ed by TCM universities and their affiliated hospitals, with
Beijing University of Chinese Medicine as the most prolif-
ic  contributor.  Dense  inter-institutional  links  were  evi-
dent between Beijing University of Chinese Medicine, the
China  Academy  of  Chinese  Medical  Sciences,  Shanghai
University  of  Traditional  Chinese  Medicine,  and  several
other  key  centers,  both  in  Chinese  and  English  publica-
tions.
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Figure 1   Annual publication trends in Chinese and En-
glish publications
A, Chinese publications. B, English publications.
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Figure 2   Core author collaboration network and thematic clusters in AI-driven TCM multi-omics research
Co-authorship clusters were based on research keywords. Labels beneath each cluster denote collaborative thematic foci. Color blocks
differentiate distinct keyword clusters. Nodes represent authors within each cluster, with node and font sizes proportional to each au-
thor’s publication count. Edges between nodes indicate collaborative relationships among authors.
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Keyword-driven cluster analysis beneath each institu-

tional network revealed distinct research profiles. Beijing

University  of  Chinese  Medicine’s  collaboration  web  was

broad,  centring  on  metabolomics  and  employing  AI-

based  clustering  and  dimensionality-reduction  algo-

rithms to interrogate omics data. China Academy of Chi-

nese  Medical  Sciences  focused  on  rheumatoid  arthritis

and other metabolic-immune disorders, prioritising tran-

scriptomics  and  metabolomics,  while  integrating  ma-

chine-learning  approaches  in  data-mining  and  network-

pharmacology studies.  Shanghai  University  of  Tradition-

al  Chinese  Medicine’s  cluster  was  anchored  in  herbal-

medicine  research,  emphasising  metabolomics  and  pro-

teomics.  It  has  also  pioneered  phenomics  adoption  in

TCM,  applying  hierarchical  clustering,  support-vector

machines and decision-tree classifiers  to omics datasets.

Shandong  University  of  Traditional  Chinese  Medicine’s

network  is  distinguished  by  investigations  into  marine-

derived  TCM,  with  frequent  deployment  of  association-

rule-mining algorithms. Institutions, such as Shanxi Uni-

versity  of  Chinese  Medicine,  Shaanxi  University  of  Chi-

nese  Medicine,  and  Shanxi  University  concentrated  on

biomarker  discovery  for  clinical  syndromes,  predomi-

nantly  via  metabolomics  coupled  with  clustering-based

machine-learning techniques. Nanjing University of Chi-

nese Medicine’s collaboration hub excelled in studies on

crude drugs, single compounds and herbal formulae, in-

tegrating  metabolomics,  proteomics  and  genomics  and

routinely  employing  clustering  algorithms  to  interface

with  AI.  Guangzhou  University  of  Chinese  Medicine’s

cluster  was  notable  for  transcriptomic  research,  leverag-

ing  AI  to  orchestrate  multi-omics  integration  and  com-

plex-network  construction  within  network-pharmacolo-

gy-based investigations of herbal formulae.
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Figure 3   Institutional collaboration networks in AI-driven TCM multi-omics research
A, institutional collaboration in Chinese literature. B, institutional collaboration in English literature. Node color indicates publication
year; closer to red means closer to 2024.
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 3.4 Funding  support  from  the  National  Natural  Science
Foundation of China (NNSFC) and thematic distribution
of projects

Funding sources served as a proxy for project impact and
disciplinary  priority.  Among  the  932  Chinese-language
articles,  96  (10.3%)  were  supported  by  NNSFC  (Figure
4A).  Content  analysis  of  these  96  grants  revealed  four
principal  research  themes  (Figure  4B).  The  largest  share
is  devoted  to  herbal-medicine studies—covering re-
source  exploitation,  quality  evaluation,  active-ingredient
identification, and pharmacological mechanisms—where
AI is primarily applied to omics-based clustering and as-
sociation-rule mining.
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Figure  4   Funding  landscape  of  AI-driven  TCM  multi-
omics research in Chinese publications
A, number of studies funded by NNSFC vs. not funded by NNS-
FC among Chinese publications.  B,  distribution of  research di-
rections of projects funded by NNSFC.
 

 3.5 Keyword  evolution  and  burst  dynamics  across  lin-
guistic corpora

Keywords offered a concise distillation of article content,
with the frequency and co-occurrence patterns revealing
prevailing  research  foci [7].  The  top  ten  keywords  ranked
by betweenness centrality are presented in Table 1. In the
Chinese  corpus, “metabolomics” displayed  the  highest
centrality,  indicating  that  metabolomics  was  the  princi-
pal  omics layer  interfacing with AI.  Remaining keywords
confirmed  that  machine  learning  remained  the  domi-
nant  AI  modality  in  this  literature.  In  English-language

articles,  TCM  research  coupled  AI  primarily  with
metabolism,  network  pharmacology,  and  molecular
docking, while the “artificial neural network” signaled the
incipient contribution of deep learning approaches. Key-
word co-occurrence networks are presented in Figure 5.

Clustering  keywords  along  a  temporal  axis  revealed
the  interconnections  among  research  hotspots  and  their
evolution, thereby mapping past trends and future direc-
tions  in  AI-assisted  TCM  multi-omics  studies [7].  These
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Figure 5   Temporal keyword co-occurrence networks de-
lineating the thematic evolution of AI-driven TCM multi-
omics research
A,  keywords  derived  from  Chinese  literature.  B,  keywords  de-
rived  from  English  literature.  The  larger  the  node,  the  greater
the keyword’s betweenness centrality. Nodes closer to red indi-
cate  keywords  whose  active  years  are  nearer  to  2024.  An  edge
between two nodes signifies their co-occurrence.

 

Table 1   Top 10 keywords by betweenness centrality in Chinese and English publications

Rank Keyword in Chinese publications (centrality, count) Keyword in English publications (centrality, count)

1 Metabolomics (0.20, 57) Traditional Chinese medicine (0.49 36)

2 Traditional Chinese medicine pattern (0.08, 27) Network pharmacology (0.20, 17)

3 Cluster analysis (0.08, 17) Metabolomics (0.14, 6)

4 Data mining (0.06, 15) Chinese herbal medicine (0.12, 4)

5 Machine learning (0.05, 5) drug discovery (0.08, 4)

6 Traditional Chinese medicine (0.04, 11) Chronic kidney disease (0.07, 3)

7 Genomics (0.04, 8) Functional dyspepsia (0.06, 2)

8 Transcriptomics (0.03, 17) Molecular docking (0.02, 3)

9 Chinese herbal medicine (0.03,15) Artificial neural network (0.02, 2)

10 Artificial intelligence (0.03,11) Asari radix et rhizoma (0.02, 2)
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clusters  against  publication  time  were  presented  in
Figure  6.  Eleven  clusters  (Figure  6A,  Chinese  literature)
were  presented  as  follows.  Metabolomics,  data  mining,
and  cluster  analysis  exhibited  long  temporal  spans,  un-
derscoring  their  status  as  classic  applications  of  AI  in
TCM  omics.  The “artificial  intelligence” cluster  first  dis-
persed  terms  such  as  machine  learning  and  herbal
formulae  around  2016,  followed  by  deep  learning  and
multimodal  nodes  near  2022,  reflecting  the  discipline’s
technological  trajectory.  Seven  clusters  (Figure  6B,  En-
glish  literature)  were  presented.  Metabolomics  was  the
earliest and most enduring, whereas network pharmacol-
ogy remained an active and expanding focus.

A keyword burst was denoted as a sudden, marked in-
crease in frequency within a short period, signaling inten-
sified  scholarly  attention  and  the  shifting  of  research
hotspots.  Among  the  Chinese-language  records,

eighteen  burst  terms  were  detected  (Figure  7A).  Early
bursts  (2006 – 2012)  included “mutual  information”
“cluster  analysis” “mass  spectrometry” and “data
mining”,  indicating  that  machine-learning  approaches
were  already  being  applied  to  extract  features  and  build
models from TCM multi-omics data. During 2010 – 2020,
the  concept  of  multi-omics  gained  prominence,  evi-
denced by “gene chip” bursts, “metabolomics” and con-
text-specific  terms,  such  as “cerebral  hemorrhage” “rat”
and “producing  area”.  This  reflected  progress  in  disease
diagnosis,  animal experimentation,  and herbal  medicine
research  that  were  accelerated  by  bioinformatics  and
computational  biology.  Since  2020, “artificial  intelli-
gence” “transcriptomics” “molecular  docking” and “ra-
diomics” have  emerged  as  new  bursts.  Molecular  dock-
ing  now  was  benefited  from  graph  neural  networks  and
geometric  deep  learning  methods  that  accurately
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predicted  molecular  interactions.  Meanwhile,  the  incor-
poration of radiomics greatly enriched data dimensional-
ity  and  modalities,  necessitating  deep  learning  frame-
works for integrative multi-omics analysis. In the English-
language corpus (Figure 7B), gut-microbiome studies be-
came  the  latest  international  focus,  and  random  forest
highlighted as a key algorithm linking AI to the discipline.
In summary, unsupervised machine learning techniques,
especially  clustering  and  dimension-reduction  algo-
rithms,  remained  central  for  pattern  discovery  in  TCM
omics,  yet  deep  learning  and  multimodal  approaches
rapidly gained traction in integrative multi-omics investi-
gations.
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 4 Discussion

 4.1 Current status of AI in TCM omics research

 4.1.1 Advances in AI-multi-omics integration　Driven by
rapid  improvements  in  high-throughput  technologies,
omics  approaches  have  become  indispensable  through-
out  the  biomedical  spectrum,  with  their  pivotal  roles  in
defining  disease  mechanisms,  biomarkers,  drug  targets,
and  refining  diagnostic  strategies,  thereby  creating  un-
precedented opportunities for translational medicine [8, 9].
Contemporary  studies  increasingly  recognize  that  com-
plex  disorders  arise  from  the  interplay  of  multiple  envi-
ronmental  and genetic  factors.  Integrative  analyses  indi-
cated  that  diverse  omics  layers  can  fully  capture  the
cross-level  molecular  circuitry  underlying  these  condi-
tions. Consequently,  the transition from single-omics in-
vestigations  to  multi-omics  data  fusion  has  become  in-
evitable.

Multi-omics  integration  presented  formidable  chal-
lenges.  The  datasets  are  massive,  heterogeneous  and  in-
trinsically  noisy,  rendering  conventional  analytical
workflows—largely reliant on manual curation and prior
knowledge—insufficient for causal relationships or poten-
tial mechanisms. The central task, therefore, is to distil in-
terpretable  biological  insights  from  these  high-dimen-
sional,  discordant  data,  a  goal  that  depends  on  the  ad-
vanced AI algorithms [10].

In recent years, AI has achieved breakthroughs across
the  entire  bench-to-bedside  continuum  of  biomedical
multi-omics  research.  In  disease-mechanism  discovery,
graph neural networks (GNN) and Transformer architec-
tures  are  deployed for  molecular-property  prediction [11].
Examples  included  DeepVariant,  a  deep  learning  model
that accurately calls genomic variants [12], and TranSVAE,
a  variational  autoencoder  that  enables  cross-omics  dy-
namic modelling [13]. These tools have shifted the analyti-
cal  paradigm  from  static  association  to  dynamic  causal
inference.  For  biomarker  screening,  XGBoost  can  auto-
matically  select  high-dimensional  features  from  multi-
omics  profiles  and  efficiently  pinpoints  candidate  mark-
ers [14, 15],  whereas  random  forest  mitigated  the “small-
sample, high-noise” problem typical of clinical datasets [16].
Multimodal frameworks such as mixture-of-experts mul-
timodal variational autoencoder (MMVAE) and attention-
based  models  like  TabTransformer  further  enhance
biomarker specificity [17],  accelerating risk prediction and
precision-medicine  applications.  In  drug  discovery,  the
synergistic  use  of  AlphaFold2  for  protein-structure  pre-
diction and AutoDock-GPU for molecular docking—aug-
mented  by  knowledge  graphs  and  graph  attention net-
works—has markedly  increased  the  efficiency  of  target
identification.

 4.1.2  Omics  platforms  frequently  applied  in  TCM  and
their  trajectories　 Modernisation  of  TCM  increasingly
relies on elucidating molecular disease pathogenesis and
the  objective  therapeutic  efficacy  of  herbal  compounds.
The systems-biology framework powered by multi-omics
technologies, aligns closely with the TCM holistic philos-
ophy,  offering  innovative  and  efficient  strategies  for  evi-
dence-based  TCM  research,  herbal-resource  exploita-
tion, and digital transformation in diagnostics and thera-
peutics [18]. Subsequent sections reviewed the current ap-
plications  and  emerging  trends  of  three  widely  adopted
omics platforms—metabolomics, proteomics, and transc-
riptomics—in advancing TCM research.

Metabolomics has emerged as a central pillar of TCM
research,  informing  the  biological  substrates  of  syndro-
me  differentiation,  the  mechanisms  of  herbal  formulae,
and the rationale underlying acupuncture. In syndrome-
based investigations, metabolomic profiling has revealed
discrete  metabolic  disturbances  that  map  to  classical
TCM  patterns.  For  example,  blood-stasis  syndrome  is
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underpinned by aberrant amino acid metabolism, where-
as Qi-deficiency syndrome disrupts energy and oxidative
stress  pathways [19].  Studies  of  multi-herb  prescriptions
use  metabolomics  to  identify  blood-borne  active  con-
stituents,  dissect  pharmacokinetics,  and  elucidate  the
systems-level  orchestration  of  therapeutic  effects [20].
Comparative  metabolomic  profiling  of  local  and  sys-
temic  biofluids  demonstrates  differential  metabolic  sig-
natures that underpin acupuncture’s therapeutic efficacy.
Emerging  studies  couple  spatial  metabolomics,  single-
cell  metabolomics,  and  AI-driven  network  modelling  to
acupuncture,  transitioning  the  field  from  macroscopic
symptom description to multi-scale mechanistic insights
spanning cells, molecules and pathways [21]. Despite these
advancements,  metabolomics  remains  largely  descrip-
tive,  with  limited  integration  into  deeper  TCM  frame-
works,  such  as  Yin-Yang  theory,  Zang-Fu  interplay  and
dynamic syndrome evolution. Consequently, a conceptu-
al gap persists between metabolomic signatures and clas-
sical TCM doctrine, and causal links between metabolite
patterns and clinical syndromes remain underexplored.

Proteomics  occupies  a  pivotal  role  in  TCM  research,
as  proteins  serve  as  primary  effectors  of  biological  func-
tion,  mediating  constitutional,  pathological,  and  syn-
drome-related  phenotypes  central  to  TCM  diagnostics.
Comparative  proteomic  surveys  of  biofluids  or  tissues
have identified syndrome-specific protein signatures, es-
tablishing  molecular  foundations  for  objective  and  stan-
dardised diagnosis while elucidating dynamic proteomic
trajectories  underlying  syndrome  evolution [21, 22].  No-
tably,  proteomics  captures  post-translational  modifica-
tions  on  minute-to-hour  time-scales,  enabling  detection
of  acute  disease  shifts  and  early  pharmacological  re-
sponses to acupuncture or herbal interventions with high
sensitivity. Unlike metabolomics—where altered metabo-
lites  required  functional  validation,  so  proteomic  signa-
tures  directly  reflect  effector  mechanisms,  offering  func-
tion-oriented  biomarkers  for  clinical  translation.  In
herbal-medicine  studies,  pre- and  post-treatment  pro-
teomic  comparisons  map  to  systemic  impacts  of  multi-
compound  prescriptions.  Network-based  reconstruction
of drug-modulated protein interactions reveals how indi-
vidual herbs within a formula cooperatively regulate core
protein  modules,  thereby  furnishing  molecular  ratio-
nales for active-ingredient discovery and formula-combi-
nation principles [23].

Transcriptomics  deciphers  the  systemic  regulatory
mechanisms  of  TCM  via  gene  expression,  serving  as  a
pivotal  tool  for  disentangling  the  intricate  relationships
among  disease  pathogenesis,  TCM  syndromes,  and
pharmacotherapeutic  interventions.  In  TCM  syndrome
studies, comparative transcriptome profiling of tissues or
blood from patients  with  distinct  syndrome patterns  has
uncovered  syndrome-specific  gene  modules  that  furnish
objective  molecular  signatures [24, 25].  For  complex  herbal

formulae,  transcriptomics  delineates  multi-target  modes
of action for both whole prescriptions and individual con-
stituents, pinpointing critical pathway genes and extend-
ing the analysis to epitranscriptomic layers [26, 27].  Key ad-
vantages  include  the  ability  to  capture  early  transcrip-
tional events, preceding downstream protein or metabol-
ic  alterations,  and  offering  cost-effective  scalability.  Be-
yond  mechanistic  studies,  transcriptomics  supports  the
sustainable development of medicinal resources by iden-
tifying key genes involved in the biosynthesis of active in-
gredients  in  geo-authentic  herbs,  thereby  guiding  the
high-quality  botanical  drug  production [28, 29].  Neverthe-
less,  a  transcript-only  snapshot  risks  decoupling  mRNA
abundance  from  functional  protein  output.  Future
paradigms in TCM transcriptomics are therefore shifting
toward integrative strategies that combine proteomic val-
idation,  single-cell  and  spatial  transcriptomics  to  map
therapeutic micro-domains, and AI-driven network mod-
els  that  embed “disease–syndrome–formula” relation-
ships within predictive systems [30, 31].

The holistic,  complex,  and spatiotemporally dynamic
nature  of  TCM  naturally  aligns  with  integrative  multi-
omics strategies [32], yet its theory cannot be mapped one-
to-one  onto  any  single  omics  layer.  Driven  by  high-
throughput  technologies  and  a  conceptual  shift  in
biomedicine  from  single-trait  observations  to  systematic
phenotypic  analyses,  the  notion  of  the “phenome” has
emerged. In 2010, David Houle’s review established phe-
nomics  as  a  discipline  leveraging  large-scale,  high-
throughput  techniques  to  dissect  phenotypic  traits  and
their interactions with genotype and environment, there-
by  constructing  comprehensive  genotype–phenotype–
environment  landscapes [33].  Medical  phenomics  inte-
grates  upstream  molecular  multi-omics  data  with  exter-
nal  environmental  exposures  to  yield  high-dimensional
insights into disease mechanisms and individual variabil-
ity. Building on this framework, Chinese scholars such as
Dayue  DUAN  and  Xiaolin  TONG  proposed “TCM  phe-
nomics” in 2016,  creating a translational  bridge between
TCM  theory  and  molecular-level  multi-omics  technolo-
gies [10, 34, 35]. TCM phenomics retains the core attributes of
general phenomics: (i) its central mission is to fuse multi-
dimensional measurements—from molecules  to  the
whole organism—to capture  the  full  spectrum  of  gene-
environment interactions,  rendering the field intrinsical-
ly  multi-modal [36].  (ii)  Its  outputs  simultaneously  illumi-
nate  disease  commonalities  and  individual  differences,
offering  exceptional  potential  for  precision  medicine.
Moreover,  TCM  phenomics  embeds  classical  TCM  con-
cepts,  subdividing  into  clinical  TCM  phenomics  and
herbal  TCM  phenomics,  and  incorporates  diverse  data
types—symptoms, tongue  appearance,  pulse  patterns,
herbal  decoction  characteristics,  and  prescription  rules,
to portray organismic states comprehensively. The result-
ing  high-dimensional  datasets  necessitate  sophisticated
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analytical  and network construction capabilities,  making
the infusion of AI algorithms imperative for discipline ad-
vancement.

 4.1.3 Current landscape of AI applications in TCM multi-
omics　 The  integration  of  heterogeneous  multi-omics
represents  the  most  significant  challenge  in  TCM  re-
search. AI offers a powerful suite of tools to overcome this
challenge,  enabling  the  harmonization  of  disparate
datasets,  the reconstruction of  interaction networks,  and
the  development  and  validation  of  predictive  models.
Through  these  processes,  AI  transforms  extensive,  high-
dimensional  modern  datasets  into  coherent  representa-
tions of  TCM’s continuous theoretical  framework,  bridg-
ing the holistic TCM paradigm with computable network-
based  scientific  models.  At  the  algorithmic  level,  both
machine learning and deep learning have made decisive
contributions.  A diverse array of  algorithms is  applied to
standardise  and  extract  features  from  heterogeneous
TCM  multi-omics data—spanning genomics,  metabolo-
mics,  tongue  images,  pulse  signals,  and  more  thereby
elucidating  the  dynamic  regulatory  relationships  among
“herbal  formula/intervention-biological  network-clinical
phenotype”.  This  enables  precise  forecasting  of  syn-
drome  evolution,  therapeutic  efficacy  and  safety.  Repre-
sentative algorithms and their use-cases are summarized
in Table 2.  In broad terms, machine learning techniques
excel  with  small  samples  and  furnish  interpretable  links

between  omics  data  and  TCM  theory [37],  whereas  deep
learning  approaches  are  adept  at  uncovering  complex,
high-dimensional  interactions.  A  flexible,  task-specific
deployment  of  these  complementary  algorithms  has  be-
come  the  dominant  mode  of  AI-assisted  TCM  multi-
omics research.

A central mission of TCM multi-omics is to render ob-
jectivity  and  quantification  of  TCM  theoretical  construc-
tion [5].  The nascent discipline of TCM phenomics—inte-
grated with AI—seeks to construct evidence networks that
map  microscopic  omics  data  onto  macroscopic  pheno-
typic traits while remaining firmly anchored in TCM the-
oretical principles. TCM phenomics can be further subdi-
vided into Chinese herbal medicine phenomics and clini-
cal  TCM  phenomics,  both  demonstrating  tangible  ad-
vancements through AI integration.

Chinese  herbal  medicine  phenomics  focuses  on  how
environmental  factors  and  growth  cycles  dynamically
influence  the  active  constituents  of  medicinal  plants.
Researchers  typically  combine  multi-omics  with  AI  to
evaluate  crude-drug  quality  and  conduct  pharmacologi-
cal investigations [38, 39]. By integrating multimodal data—
images, mass spectra, chromatograms and spectroscopic
profiles—AI assists in rapid classification, geographical tra-
ceability,  detection  of  toxic  adulterants,  and  qualitative/
quantitative  analysis  of  bioactive  compounds [40, 41].
Indeed,  pharmacological  studies  of  Chinese  materia
medica  are  moving  beyond  single-compound  analyses

 

Table 2   Tasks and algorithm utilization in multi-omics research of TCM

Task Models class Representative
algorithm/architecture Typical scenario Key advantage

Multi-omics data
integration &
alignment

Machine learning

PCA/t-SNE/UMAP High-dimensional
reduction & visualisation

Fast computation; suitable
for small samples

Feature engineering/
multiple-kernel learning

Fusion of heterogeneous
data (e.g., tongue images
and pulse signals)

Preserves original data
structure

Deep learning Autoencoder Joint embedding of multi-
omics & multi-modal data

Learns shared features
across omics & modalities
automatically

Cross-omics
association network
construction

Machine learning Random forest/XGBoost Key pathway identification
High interpretability; easily
maps omics features to
TCM theory

Deep learning GNN
Herb-compound-target-
pathway-phenotype
networks

Multi-layer modelling in a
single framework

Hybrid GNN + attention
mechanism

Pinpointing core
therapeutic targets

Visualises synergistic
weights of formula
constituents; aligns with
TCM concepts

Clinical prediction
modelling

Deep learning

Transformer Dynamic pattern tracking Handles temporal & textual
data via NLP

Generative adversarial
network (GAN) Novel formula generation

Multi-objective
optimisation under TCM
theoretical constraints

Machine learning
XGBoost Efficacy assessment

Gradient-boosted trees
handle small, noisy clinical
datasets

Cox proportional-hazards
model Survival analysis Quantifies TCM protective

effects with censoring
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toward  integrative  investigations  that  capture  dynamic
compositional  changes  and  network  principles  govern-
ing formula compatibility.

Clinical  TCM  phenomics,  encompassing  macroscop-
ic  phenotypic  data  from  the  four  canonical  diagnostic
methods (inspection, auscultation and olfaction, inquiry,
and palpation),  exhibits  an inherently  multimodal  struc-
ture, becoming a focal point for AI innovation. Within this
framework, AI employs multimodal sensors coupled with
deep learning algorithms to achieve objective quantifica-
tion  of  traditional  indicators.  Computer  vision  converts
tongue and facial images into numerical descriptors [42, 43].
Voice-print  recognition  combined  with  Transformer  ar-
chitectures extracts features from cough and vocal tone [44].
Large-language  models  (LLMs)  construct  structured
frameworks for  TCM inquiry [45].  Multi-sensor pulse ana-
lyzers  capture  spatiotemporal  pulse  patterns  whose  3D
(time-frequency-region) signatures are classified via ma-
chine  learning  annotation [46].  Across  these  applications,
machine  learning  enhances  the  efficiency  and  accuracy
of  heterogeneous  TCM  multi-omics  data  and  of  identi-
fying  critical  network  nodes.  To  accommodate  the
nonlinear,  complex-system  nature  of  TCM  theory,  deep
learning  algorithms  are  particularly  advantageous  for
multidimensional mapping networks between TCM con-
cept  construction  and  biomedical  entities,  as  well  as  the
potential  associations.  The  convergence  of  phenomics
and AI  is  emerging as  an innovation engine for  TCM re-
search,  accelerating  the  objectification  and  moderniza-
tion  of  TCM  theory  through  precise  characterisation  of
herbal  constituents  and  clinical  phenotypes,  and  chart-
ing new avenues for TCM research and application.

 4.2 Prospects  for  AI  application  in  TCM  multi-omics
studies

In 2016,  the Chinese government  introduced several  key
policy  documents,  including  the  13th  Five-Year  Plan  for
National  Strategic  Emerging  Industries  Development [47]

and the Development  Plan for  New Generation Artificial
Intelligence [48].  These initiatives have significantly accel-
erated the AI application across multiple sectors, includ-
ing healthcare sectors. Advances in high-throughput and
mass  spectrometry  technologies  have  enabled  compre-
hensive,  multi-dimensional  biological  systems  analysis,
and have been successfully commercialized in China. For
instance,  Beijing  Genomics  Institute’s  launch  of  next-
generation sequencing platforms in 2016 has spurred re-
lated  scientific,  translational,  and  clinical  research [6].
Overall,  these factors—policy support,  technological  in-
novation,  and  disciplinary evolution—collectively drove
the  surge  in  TCM  multi-omics  and  AI  research  output
around  2016.  The  Healthy  China  2030  Outline  issued  in
2016  by  the  Central  Committee  of  the  Communist  Party
of  China  and  the  State  Council [49],  has  also  placed  a

strong emphasis on integrating TCM with modern biolo-
gy,  medicine,  omics,  and computer science. To meet the
contemporary  demands  for  objective  and  personalized
healthcare, TCM must continuously adapt to modern so-
cietal developments by actively engaging with these disci-
plines.  The  natural  progression  of  TCM’s  development
requires deeper cross-disciplinary research.

Bibliometric  analysis  revealed  that  current  institu-
tional  integration  of  AI  into  TCM  multi-omics  research
predominantly  involves  top-tier  TCM  universities  and
tertiary  hospitals  located  in  first-tier  cities,  highlighting
issues of institutional homogeneity, limited collaboration
and  data  bias.  Moreover,  the  depth  of  cross-disciplinary
integration remains superficial, with the majority of stud-
ies  employing  basic  AI  techniques,  such  as  data  mining
and cluster analysis to address straightforward data strat-
ification  problems  within  the  overlap  of  AI  and  mathe-
matical  statistics.  To  advance  the  field,  targeted  institu-
tional  support  should  be  strengthened  for  primary  re-
search entities, while multi-center and cross-regional col-
laborations  should  be  systematically  facilitated.  And
more  industry  standards  and  norms  for  TCM  should  be
established.  Additionally,  the  establishment  of  informa-
tion-sharing  platforms  and  the  release  of  open-source
TCM datasets are essential  to promote the integration of
TCM  multi-omics.  These  measures  are  fundamental  for
achieving  objective  quantification  of  TCM  therapeutic
mechanisms and establishing globally recognized evalua-
tion paradigms.

The  rapid  advancement  of  high-throughput  multi-
omics  platforms  has  precipitated  a  paradigm  shift  in
biomedical  research,  transitioning  from  single-omics
analyses to integrative systems-level approaches, with AI
for  high-efficiency,  multi-dimensional  data  analysis  be-
coming  integral  to  this  shift.  Given  TCM’s  reliance  on
omics technologies for modernisation, the AI integration
is equally critical.  Bibliometric analysis showed that pre-
2015 research largely focused on single-omics data analy-
sis,  such  as  genomics-based  predictions  of  herbal  com-
pound properties,  and was  dominated by  theoretical  ex-
ploration and small-sample validation.  Since 2018,  three
key  transformations  have  occurred  in  multi-omics  inte-
gration:  (i)  transition  from  single-omics  to  multi-omics
data fusion, leveraging AI to align TCM’s holistic philoso-
phy  with  systems  biology;  (ii)  extension  from  basic  re-
search  to  clinical  translation,  particularly  in  developing
intelligent  correlation  models  between  TCM  pattern
identification  and  molecular  subtypes;  (iii)  expansion
from  technology  validation  to  real-world  applications
such as smart monitoring of herbal drug quality, person-
alised  medicine,  and  clinical  decision-support  systems.
Through  bibliometric  analysis  and  keyword  frequency
studies,  four  major  research  hotspots  have  emerged:
(i)  AI-assisted  molecular  subtyping  and  biomarker
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discovery  for  TCM  patterns;  (ii)  mechanisms  of  herbal
formulae  with  integrated  multi-omics  data;  (iii)  AI-driv-
en  precision  matching  systems  for “disease-pattern-for-
mula” relationships  to  support  clinical  decision-making;
(iv)  multimodal  fusion  models  for  disease  prediction  in-
tegrating TCM and western medicine.

 5 Conclusion

Employing  bibliometric  mapping,  this  study  delineated
the  evolutionary  trajectory  of  AI-driven  TCM  multi-
omics: a metabolomics-machine learning dyad dominat-
ed,  while  deep  learning  and  multimodal  fusion  were
rapidly  ascending.  Collaboration  networks  exhibited  a
“top-tier TCM universities-led yet regionally fragmented”
topology,  calling  for  inter-institutional,  interdisciplinary
synergy and open data ecosystems.  Additionally,  we tax-
onomized current algorithmic implementations, furnish-
ing a roadmap for precision TCM research.
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中医药研究中多组学与人工智能结合应用的进展与前景分析

刘桂成a, 龙茜a, 彭清华a, b*, 田赛男a*, 胡淑娟 aa*

a. 湖南中医药大学中医学院, 湖南 长沙 410208, 中国

b. 湖南中医药大学中医诊断研究所, 湖南 长沙 410208, 中国

 
【摘要】目的  利用文献计量学方法，分析人工智能（AI）结合中医药多组学研究领域的研究热点、发展趋

势及面临的问题。方法  研究者检索了中国期刊全文数据库（CNKI）、万方数据知识服务平台、中文科技期

刊数据库（维普）、超星中文学术期刊全文数据库，以及 PubMed 和 Web of Science，收集了从建库截至

2024 年 12 月 31 日的 AI 结合中医药多组学研究相关主题文献。使用 Excel  2021、NoteExpress  v4.0.0、

CiteSpace 6.3.R1 软件对文献数据进行可视化分析，包括发文趋势、作者、发文量、研究机构和关键词。并

对中医药多组学研究中 AI  应用模式进行分类总结。结果   纳入文献共计 1106 篇（中文 932 篇，英文

174 篇）。自 2010 年起，相关文献发文量持续增长，且在 2016 年后增长速度明显加快。学科在国内形成了

多个机构区域合作网络，核心机构包括北京中医药大学、中国中医科学院、上海中医药大学、南京中医药大

学等。关键词分析显示，AI 技术在中医药多组学研究中的应用主要集中在代谢组学研究，常用聚类分析、

数据挖掘等算法，以中药研究为主，其次为复方和疾病证候研究。结论  机器学习方法是当前 AI 在中医药结

合多组学研究领域最主要的结合形式，被用于处理组学数据与探索数据潜在规律。中医药领域除了研究使用

高通量技术的组学信息，还纳入中药、临床表型等数据，向多组学联合分析、数据高纬度、信息多模态方向

发展，深度学习方法是学科热点趋势。

【关键词】中医药；多组学；人工智能；文献计量学；CiteSpace
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