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Network pharmacology has gained widespread application in drug discovery, particularly in
traditional Chinese medicine (TCM) research, which is characterized by its “multi-component,
multi-target, and multi-pathway” nature. Through the integration of network biology, TCM
network pharmacology enables systematic evaluation of therapeutic efficacy and detailed elu-
cidation of action mechanisms, establishing a novel research paradigm for TCM moderniza-
tion. The rapid advancement of machine learning, particularly revolutionary deep learning
methods, has substantially enhanced artificial intelligence (AI) technology, offering signific-
ant potential to advance TCM network pharmacology research. This paper describes the
methodology of TCM network pharmacology, encompassing ingredient identification, net-
work construction, network analysis, and experimental validation. Furthermore, it summar-
izes key strategies for constructing various networks and analyzing constructed networks us-
ing Al methods. Finally, it addresses challenges and future directions regarding cell-cell com-
munication (CCC)-based network construction, analysis, and validation, providing valuable
insights for TCM network pharmacology.

1. Introduction

Since its initial proposal by Andrew L. Hopkins in 2007, the
concept of “network pharmacology” has emerged as a revolution-
ary approach to drug discovery, particularly in the research of
traditional Chinese medicine (TCM) '~. Unlike the conventional
“one drug, one target, one disease” paradigm, network pharma-
cology posits that modulating multiple nodes within a disease-as-
sociated biological network is essential for phenotypic regula-
tion °. This principle aligns with the holistic philosophy of TCM,
which emphasizes a “multi-component, multi-target, and multi-
pathway” mode of action *. Through the integration of network
biology, TCM network pharmacology facilitates systematic as-
sessment of therapeutic efficacy and detailed elucidation of ac-
tion mechanisms, establishing a novel paradigm for TCM mod-
ernization °. For instance, Wu et al. developed a network recov-
ery index (NRI) based on constructed diseased and treated biolo-
gical networks derived from genome-wide transcriptional ex-
pression data, providing a quantitative method for evaluating
multi-component drug efficacy °. Similarly, Liao et al. introduced
the NTRA network analysis algorithm, which identifies key nodes
by integrating disease network topology and transcriptomic data,

* Corresponding author.
E-mail addresses: E-mail: xin_shao@zju.edu.cn (X. Shao); pengx@nit.zju.edu.cn
(X. Peng); fanxh@zju.edu.cn (X. Fan)

https://doi.org/10.1016/S1875-5364(25)60941-1

revealing the mechanism of Shen Qi Fu Zheng Injection in treat-
ing myocardial ischemia-reperfusion injury through pathway en-
richment analysis (PEA) ". The significant advances in TCM net-
work pharmacology have been facilitated by rapid progress in ar-
tificial intelligence (Al)-related disciplines and widespread adop-
tion of high-throughput omics technologies, enhancing the ability
to decode TCM’s complex therapeutic mechanisms.

Al encompasses the field of science and engineering focused
on computational understanding and simulation of intelligent be-
haviors, specifically achieving human-level performance in real-
world tasks. The advancement of machine learning, particularly
breakthrough deep learning methods, has accelerated Al techno-
logy development and its applications in biological and medical
research ®. For example, Shao et al. developed scDeepSort, a pre-
trained cell type annotation method for single-cell ribonucleic
acid-sequencing (scRNA-seq) data using a graph neural network
(GNN)-based deep learning model °. This method achieved super-
ior accuracy in cell type annotation across normal and diseased
tissues. Fang et al. introduced KANO, a deep learning method in-
corporating external fundamental domain knowledge for know-
ledge graph-enhanced molecular contrastive learning, demon-
strating enhanced performance in molecular property predic-
tion '. Recently, generative large language models (LLMs) such
as DeepSeek "', ChatGPT **, and LLaMA " have transformed nat-
ural language processing (NLP) tasks, leading to specialized med-
ical LLMs, including TCMChat ' BianQue ", and HuatuoGPT ',
for healthcare and TCM applications. These Al technologies

Copyright © 2025, China Pharmaceutical University. Published by Elsevier B.V. All rights reserved.
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present significant opportunities and challenges for TCM mod-
ernization.

This study first outlines four general steps in TCM network
pharmacology research: ingredient identification, network con-
struction, network analysis, and experimental validation. Sub-
sequently, it details the core methodological steps of network
construction and analysis, summarizing strategies for developing
the ingredient-target network (IN), disease/symptom/syndrome-
protein/gene network (DN), and background network (BN),
along with their analysis. Finally, it addresses challenges and fu-
ture directions, highlighting the integration of single-cell and spa-
tial omics data for network construction at higher resolutions,
anticipated developments in biological cell-cell communication
(CCC) network characterization, and the adoption of advanced
LLM-related Al methods in TCM network pharmacology research.

2. General steps in TCM network pharmacology research

TCM network pharmacology research encompasses four es-
sential steps: (1) ingredient identification, (2) network construc-
tion, (3) network analysis, and (4) experimental validation (Fig.
1A). The fundamental step involves characterizing the chemical
constituents of a specific herbal medicine or formula, establish-
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ing the molecular foundation for subsequent analyses. Current
methodologies primarily utilize liquid chromatography-tandem
mass spectrometry (LC-MS/MS) for structural characterization
and identification of chemical compounds. For complex multi-
herb formulations, DNA barcoding has emerged as an effective
complementary approach . This technique enables accurate
herb identification through alignment with established marker
genes in herbal genomic databases, facilitating the correlation of
detected compounds with their botanical sources.

The second step involves constructing three distinct types of
networks: IN, DN, and BN, which typically encompass the protein-
protein interaction (PPI) network/gene co-expression network,
or recently emerged CCC network. These networks are function-
ally interconnected through protein/gene nodes, which act as es-
sential bridges between the IN and DN. The BN provides biologic-
al context for molecular relationships among protein/gene nodes,
while the DN establishes molecular signatures within disease,
symptom, or syndrome contexts.

Third, network distance metrics and topological analyses are
applied to evaluate therapeutic efficacy through integrated as-
sessment of the IN, DN, and BN. This methodology enables the
identification of significantly enriched pathways and biological
processes based on shared nodes within the integrated network.

A
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Fig. 1 Overview of TCM network pharmacology research. (A) General steps in TCM network pharmacology research including ingredient identification, network construc-
tion, network analysis, and experimental validation. For a given herb or formula, ingredients need to be identified, followed by the construction and analysis of IN, DN, and
BN. The preclinical, clinical, and molecular biology experiments are required to further validate the efficacy and mechanisms. (B) Core steps of TCM network pharmacology
methodology, i.e., network construction and network analysis. The network construction includes the construction of IN, DN, and BN. The evaluation of efficacy refers to the
network recovery and proximity evaluation. The elucidation of mechanisms of action represents enrichment & hub node determination and core ingredients refinement,

corresponding to the biological and chemical aspects, respectively.
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Furthermore, it facilitates the determination of hub nodes associ-
ated with disease pathology and TCM intervention, thereby elu-
cidating the mechanisms underlying TCM'’s therapeutic effects.

The final and most crucial step involves experimental valida-
tion. Based on network analysis results, appropriate preclinical
and clinical experiments are necessary to confirm TCM’s efficacy
in treating the corresponding disease/symptom/syndrome. Re-
garding mechanisms, cellular and molecular biology experiments
must be conducted to verify the identified cell types, pathways,
and hub proteins targeted by TCM. Network construction and
analysis represent the two core components of TCM network
pharmacology methodology. Although these steps vary among
current TCM network research, they substantially rely on bioin-
formatics and computational biology, generating diverse
search strategies and numerous relevant Al methods. Therefore,
the following discussion focuses on network construction and
analysis with Al methods.

re-

3. Network construction with Al methods

Given the distinct characteristics of IN, DN, and BN, the chal-
lenges and strategies for constructing these networks differ signi-
ficantly (Fig. 1B). In IN construction , the primary goal is to
identify intrinsic associations between chemical entities and bio-
logical molecules, particularly mapping ingredients to their cor-
responding target proteins or genes. DN construction entails
identifying key proteins or genes implicated in the onset or pro-
gression of diseases, symptoms, or syndromes, with the object-
ive of establishing robust links between phenotypic traits and
molecular mechanisms. BN construction focuses on elucidating
molecular interaction networks under unperturbed physiological
conditions, providing a foundational baseline. Consequently, con-
siderable research has been devoted to characterizing PPIs and
gene regulatory relationships in normal states. This section sum-
marizes the main strategies for constructing IN, DN, and BN, and
details the related Al methods in this field (Table 1).

3.1. IN construction

Four primary strategies exist for constructing IN: ingredient-
target database-based, docking and dynamics simulation-based,
omics data comparison-based, and knowledge learning and pre-
diction-based, as detailed below:

The ingredient-target database-based strategy enables direct
acquisition of proteins/genes targeted by ingredients from estab-
lished TCM database websites. These databases compile direct
targets of ingredients, encompassing information about ingredi-
ents, targets, their relationships, and associated data regarding
formula, herb, disease, and pathway. The construction of ingredi-
ent-target databases follows three approaches: 1) manual collec-
tion and verification from experimentally validated literature;
2) text mining approaches with manual verification; 3) integra-
tion of high-quality databases combined with Al-based predic-
tion. For instance, TCMSP '* incorporates Chinese herbs manu-
ally collected from the Pharmacopoeia of the People’s Republic of
China. TCMSP obtained herb ingredients through integration with
structure databases like PubChem, while target information ori-
ginated from DrugBank. The drug-target mappings in TCMSP
were derived from either the HIT ' database or predictions us-
ing random forest machine learning. Similar databases include
SymMap *°, HERB *', ITCM **, ETCM *’, TCMBank **, LTM-TCM **,
and DCABM-TCM “°. A notable recent addition, TCMSuite */, fea-
tures 235 470 biological ingredients and 1 251 548 marker gene
sequences. TCMSuite implements DNA-based biological ingredi-
ent identification for herb mixtures. These databases provide an
alternative method for identifying ingredient targets and con-

structing IN for subsequent TCM network pharmacology re-

1360
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search.

The docking and dynamics simulation-based strategy re-
quires three-dimensional structures of ingredients and proteins
for molecular docking or molecular dynamics simulation. Molecu-
lar docking represents a frequently employed method for predict-
ing potential targets of specific ingredients. The process involves
docking the ingredient (ligand) into the protein’s (receptor) bind-
ing cavity and exploring possible conformations. Currently, dock-
ing processes utilize two types of conformational search al-
gorithms: systematic and stochastic search methods **. Methods
such as DOCK *°, FRED *, and Surflex *' employ systematic search
using incremental construction algorithms, progressively build-
ing the ligand in the binding site. Alternatively, Gold ** and Auto-
Dock * utilize stochastic search through genetic algorithms to ad-
dress high computational costs based on evolution and natural
selection principles. Molecular docking algorithms then perform
quantitative predictions of binding energetics, generating rank-
ing scores based on ligand-receptor complex binding affinity, as
seen in eHiTS **, GLIDE **, EUDOC *°, FlexX *’, Flog *, SLIDE *,
Cdocker *, GlamDock *', PLANTS *, MolDock “, and EADock .
Potential targets for specific ingredients can be identified through
ranking scores by incorporating target libraries such as PDB and
Pocketome. Deep learning models like KarmaDock *, Carsi-
Dock *°, and transformer-based FeatureDock *’ demonstrate su-
perior performance in efficient, accurate large library ligand
docking. These approaches, framing molecular docking as a re-
gression problem, significantly reduce runtime compared to tra-
ditional methods. Recent methods conceptualize molecular dock-
ing as a generative modeling problem, achieving improved virtu-
al screening performance “**’. For example, DynamicBind pre-
dicts ligand-specific protein-ligand complex structures using
equivariant geometric diffusion networks *’, while SurfDock em-
ploys generative diffusion models for reliable binding pose gener-
ation *°, demonstrating diffusion models’ advantages in generat-
ive modeling. Molecular dynamics simulation can verify docking
results by assessing the docked ligand-receptor complex stability.
Notable molecular dynamics simulation tools include AMBER *',
CHARMM *, and GROMACS .

In the omics data comparison-based strategy, researchers
commonly analyze differentially expressed proteins (DEPs) or
differentially expressed genes (DEGs) from high-throughput pro-
teomics or transcriptomics data to establish potential associ-
ations between treated compounds and proteins/genes. This ana-
lysis employs statistical models to identify features with signific-
ant expression differences between diseased and treated condi-
tions. The current methodological approaches vary based on data
distribution assumptions, including the conventional T-test and
fold change-based approach, negative binomial-based DESeq2 **,
edgeR *°, and EBSeq *°, log-normal distribution-based Ballg-
own *’, and non-parametric test-based NOISeq *°. Specifically,
omics data from diseased and treated conditions undergo signi-
ficance testing using these statistical models to determine signi-
ficantly differentially expressed genes/proteins through P values.
By combining the fold change of gene/protein expression
between different conditions, significantly high and low ex-
pressed proteins/genes (DEPs/DEGs) are filtered and designated
as ingredient-associated nodes for IN construction (Fig. 2). Ad-
equate biological replicates are essential to minimize expression
variability within conditions and ensure statistical power in de-
tecting differentially expressed features. The comparison can be
conducted in pairwise, multi-conditional, or time series formats
between conditions to identify significantly expressed proteins/
genes for IN construction.

The knowledge-guided prediction strategy requires prior in-
formation on drug-target interactions (DTIs) or drug-target
binding affinities (DTAs), which serve as essential reference data
for model training and validation *°. This approach involves



X. Shao et al.

Table 1 Al methods for network construction and analysis.
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Network
Name Underlying Al algorithm Strategy etyv;[e)r Involved core step URL of web/code
SymMap‘ 0 Merge databases, manual collection  Ingredient-target database IN Network construction http://www.symmap.org/
18 Merge databases, manual collection, . .
TCMSP Ingredient-target database =~ IN  Network construction https://www.tcmsp-e.com/#/home
random forest
HERB" ' Merge databalses, r'nanual collection, Ingredient-target database IN Network construction http://47.92.70.12/
Fisher’s test
HIT Manual collection, PubTator central api Ingredient-target database IN Network construction http://hit2.badd-cao.net/
ITCM" * Manual collection, iDrug algorithm  Ingredient-target database IN  Network construction http://itcm.biotcm.net/
ETCM * Bieell @oltagitan, D3CARP. Simlbwisy Ingredient-target database IN  Network construction http://www.tcmip.cn/ETCM2 /front/#
search, hypergeometric test
TCMBank ** Merge databa;z;}r;;annl?al collection, Ingredient-target database IN Network construction https://tcmbank.cn
TCMSuite” *’ RS database:l,eranual celieetion; Ingredient-target database IN Network construction http://tcm-suite.aimicrobiome.cn/
LTM-TCM * Merge databas;isélr\lnf:i;ual collection, Ingredient-target database IN Network construction http://cloud.tasly.com/#/tcm/home
DCABM-TCM" ** Merge databases, manual collection  Ingredient-target database IN Network construction http://bionet.ncpsb.org.cn/dcabm-tcm/#/Home
DOCK Systerr_latlc dOCklr.‘g’ lncr‘emental_ Docklng and (_1ynamlcs IN  Network construction https://dock.compbio.ucsf.edu/
construction, force-field-based scoring simulation
FRED" SPREEGE dockmg,‘ aienertay Dockmg e qynamlcs IN  Network construction https://www.eyesopen.com/oedocking
construction simulation
Surflex *' Systematic docklng,. incremental Dockmg and tflynamlcs IN Network construction https://htpsurflexdock.biocomp.uenf.br/
construction simulation
eHiTS" ** System.atlc docklpg, 'mcr?mental' Dockmg and c'lynamlcs IN Network COnstl_ucti(mhttps://b1p.welzmannAacA1l/too]box/structure/ehl
construction, and binding site scoring simulation ts.htm
GLIDE' * Systematlcl docklng, Wcremefltal Dockmg and c‘iynamlcs IN Network construction https://www.schrodinger.com/
construction, empirical scoring simulation
EUDOC * Systematic docking, matching algorithm, Dockmg and tflynamlcs IN Network construction R
database simulation
FlexX 7/ Systematic dockmg,_ incremental Dockm_g and (_1ynamlcs IN Network construction http://www.biosolveit.de/FlexX
construction simulation
Flog ** Systematic docking, matching algorithm, Dockmg and qynamlcs IN Network construction R
database simulation
SLIDE™* Systematic docklng,. incremental Dockmg and tflynamlcs IN Network construction https://kuhnlab.natsci.msu.edu/software/slide/
construction simulation
Gold' *2 Stochastic doFklng, genetic a'lgorlthm, Dockmg and c'lynamlcs IN Network construction https://www.ccdc.cam.ac.uk/solutions/software
force-field-based scoring simulation /gold/
AutoDock” ** Stochastic doFklng, genetic a.lgorlthm, Dockmg and c‘iynamlcs IN Network construction https://autodock.scripps.edu/
force-field-based scoring simulation
Cdocker * Stochastic docking, molecular dynamics Dockmg and tflynamlcs IN Network construction https://www.co1nputab10.com/cd0cker-
simulation tutorial.html
GlamDock *! Stochastic doclelg, Monte Carlo Dockm_g and (_1ynam1cs IN Network construction R
algorithm simulation
PLANTS' * Stochastic df)clldng-, ant colony Dockmg and qynamlcs IN Network construction https://github.com/discoverdata/parallel-
optimization simulation PLANTS
MolDock ™ ** Stochastic dockmg,. force-field-based Dockmg and tflynamlcs IN Network construction  http://molexus.io/molegro-virtual-docker/
scoring simulation
EADock” ** B ERHB AR, }.lybnd Soluith Dockmg and c'lynamlcs IN  Network construction https://github.com/wenyizng/EDock
algorithm simulation
KarmaDock ** Graph neural network, mixture density Dockmg and (.iynamlcs IN Network construction https://github.com/schrojunzhang/KarmaDock
network simulation
CarsiDock eeplleannneiioeametyiopunizauon Dockmg el tflynamlcs IN Network construction https://github.com/carbonsilicon-ai/CarsiDock
procedure simulation
FeatureDock' ’  Local environment learning, transformer Dockl:igr::lt:gz:amlcs IN Network construction  https://github.com/xuhuihuang/featuredock
DIFFDOCK Diffusion generative model DOCklgﬁ:ggg:amlcs IN  Network construction https://github.com/gcorso/DiffDock
DynamicBind” *’ Equivariant geometric diffusion network Dockusxigrs:l(;g(};:amlcs IN Network construction https://github.com/luwei0917/DynamicBind
SurfDock’ Surface-informed diffusion generative Dockmg and c'lynamlcs IN e —— htps://github.com/CAODH,/SurfDock
model simulation
AMBER"*' Molecular d‘yn-amllcs, energy Dockmg and c‘iynamlcs IN Network construction https://ambermd.org/
minimization simulation
CHARMM' ** Molecular. d.yn'aml.cs, energy Dockm'g el tflynamlcs IN Network construction https://academiccharmm.org/
minimization simulation
GROMACS" ** Moleculal_‘ d_yn_aml_cs, energy Docklng and (_1ynamlcs IN Network construction http://www.gromacs.org
minimization simulation
DESeq2" ** Negative binomial Omics data comparison ~ IN/DN Network construction https://github.com/thelovelab/DESeq2
edgeR" Negative binomial Omics data comparison ~ IN/DN Network construction https://bioinf.wehi.edu.au/edgeR/
EBSeq *° Negative binomial Omics data comparison  IN/DN Network construction https://github.com/lengning/EBSeq
Ballgown" Log-normal distribution Omics data comparison ~ IN/DN Network construction  https://github.com/alyssafrazee/ballgown
NOISeq’ o Non-parametric test for any distribution Omics data comparison IN/DN Network construction https://github.com/ConesaLab/NOISeq
61 A . Knowledge learning and .
SRP Similarity, nearest neighbors - IN Network construction -
prediction
@ . . Knowledge learning and i
LapRLS Bipartite local model prediction IN  Network construction -
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http://www.symmap.org/
https://www.tcmsp-e.com/#/home
https://www.tcmsp-e.com/#/home
https://www.tcmsp-e.com/#/home
http://47.92.70.12/
http://hit2.badd-cao.net/
http://hit2.badd-cao.net/
http://hit2.badd-cao.net/
http://itcm.biotcm.net/
http://www.tcmip.cn/ETCM2/front/#
https://tcmbank.cn
http://tcm-suite.aimicrobiome.cn/
http://tcm-suite.aimicrobiome.cn/
http://tcm-suite.aimicrobiome.cn/
http://cloud.tasly.com/#/tcm/home
http://bionet.ncpsb.org.cn/dcabm-tcm/#/Home
http://bionet.ncpsb.org.cn/dcabm-tcm/#/Home
http://bionet.ncpsb.org.cn/dcabm-tcm/#/Home
https://dock.compbio.ucsf.edu/
https://www.eyesopen.com/oedocking
https://htpsurflexdock.biocomp.uenf.br/
https://bip.weizmann.ac.il/toolbox/structure/ehits.htm
https://bip.weizmann.ac.il/toolbox/structure/ehits.htm
https://www.schrodinger.com/
http://www.biosolveit.de/FlexX
https://kuhnlab.natsci.msu.edu/software/slide/
https://www.ccdc.cam.ac.uk/solutions/software/gold/
https://www.ccdc.cam.ac.uk/solutions/software/gold/
https://autodock.scripps.edu/
https://www.computabio.com/cdocker-tutorial.html
https://www.computabio.com/cdocker-tutorial.html
https://www.computabio.com/cdocker-tutorial.html
https://github.com/discoverdata/parallel-PLANTS
https://github.com/discoverdata/parallel-PLANTS
https://github.com/discoverdata/parallel-PLANTS
http://molexus.io/molegro-virtual-docker/
http://molexus.io/molegro-virtual-docker/
http://molexus.io/molegro-virtual-docker/
http://molexus.io/molegro-virtual-docker/
http://molexus.io/molegro-virtual-docker/
https://github.com/wenyizng/EDock
https://github.com/schrojunzhang/KarmaDock
https://github.com/carbonsilicon-ai/CarsiDock
https://github.com/carbonsilicon-ai/CarsiDock
https://github.com/carbonsilicon-ai/CarsiDock
https://github.com/xuhuihuang/featuredock
https://github.com/gcorso/DiffDock
https://github.com/luwei0917/DynamicBind
https://github.com/CAODH/SurfDock
https://ambermd.org/
https://academiccharmm.org/
http://www.gromacs.org
https://github.com/thelovelab/DESeq2
https://bioinf.wehi.edu.au/edgeR/
https://github.com/lengning/EBSeq
https://github.com/alyssafrazee/ballgown
https://github.com/ConesaLab/NOISeq

X. Shao et al.

Chinese Journal of Natural Medicines 23 (2025) 1358-1376

Continued
X . Network
Name Underlying Al algorithm Strategy type Involved core step URL of web/code
63 . . Knowledge learning and -
BLM-NII Bipartite local model - IN Network construction -
prediction
NBI * Network diffusion, llnp'arqte network  Knowledge !ea!rnmg and IN Network construction B
topology similarity prediction
NRWRH Network dlffusm.n, random walk Knowledge Fea.mmg and IN Network construction R
algorithm prediction
PSL Network dlffusm.n, pr(.)ba.lblhstlc rules, Knowledge !ea\lrnmg and IN Network construction R
and multiple similarity prediction
DASPfind" *’ Network diffusion, similarity Knowlepig;!s;;r:ng and IN Network construction http://www.cbrc.kaust.edu.sa/daspfind
KBMF2K ** et pEerP O, iyedtm, ity SoondpEmaiget 5y omrkemsmeion )it gmeny i
classification prediction
PMF Matrix factorization, active learning Knowlepdrgez:(z;gr:ng and IN Network construction http://www.csb.pitt.edu/Faculty/bahar/files/
CMF 7 Matrix factorization, dua! similarity, self- Knowledge !ea!rnmg and IN Network construction B
paced learning prediction
WGRME 7! Matrix factorl.zatlfm, graph Knowledge Fea.mmg and IN Network construction R
regularization prediction
NRLMF 7 Matrix factorlzatu?n, r}elghborhood Knowledge !ea\lrnmg and IN Network construction R
regularization prediction
DNILMF" 7 Matrix factorization Knowlepig;!s;l;r:ng and IN Network construction  https://github.com/minghao2016/DNILMF
DrugAl'® Feature vector, GNN, CNN, FCL K“"Wl;‘ige‘;:s;::"g and N Network construction  https://github.com/cutezsq9503/DrugAl
. 74 Feature vector, fuzzy K-nearest Knowledge learning and . o .
GPCR-drug > . E . B
i rug neighbour algorithm prediction IN Network construction http://www.jci-bioinfo.cn/iGPCR-Drug/
EnsemDT ”° Feature ve?tor, demsmr'l tree, kernel Knowledge !ea!rnmg and IN Network construction B
ridge regression prediction
SITAR 7 Feature vector, logistic regression Knowledge Fea.mmg and IN  Network construction -
prediction
RFDT 7 Feature vector, rotation forest algorithm Knowed=g !ea\lrnmg 2nd IN  Network construction =
prediction
PDTPS 7 Feature vector, PCA,' relevance vector ~ Knowledge !ealrnmg and IN Network construction R
machine prediction
ER-Tree "’ Feature vecFor, pseudo-su.bstltutlon Knowledge !ea.mmg and IN  Network construction B
matrix representation prediction
FusionDTA'®"  Feature vector, BILSTM, Linear attention Knowlepdrgez:(z;gr:ng and IN Network construction https://github.com/yuanweining/FusionDTA
IGT"* Feature vector, graph transformer e !ea!rnmg and IN  Network construction L s ey TR
prediction Intermolecular-Graph-Transformer
MolTrans” ** Feature vector, transformer me}epige:i;;r:ng and IN Network construction https://github.com/kexinhuang12345/MolTrans
DeepMGT-DTI ** Feature vector, GCN, CNN, FC Knowlepdf;jis;l(‘)r:ng and IN Network construction https://github.com/zhangpl109/DeepMGT-DTI
MHTAN-DTI % Feature vector, attention, FC Knowlepig;!s;;r:ng and IN Network construction  https://github.com/ranzhran/MHTAN-DTI
GraphormerDTl' % Feature vector, graph transformer, FC inogledzs !ealmmg god IN Network construction g et oy e e G A
prediction TI
g7 Feature vector, graph transformer, Knowledge learning and . . . .
DrugormerDTI . - IN Network construction https://github.com/joannacatj/drugormerDTI
residual2vec prediction
DTITR" * Feature vector, transformer, FC Knowlz{:}ﬂg;!s;l;r:ng and IN Network construction https://github.com/larngroup/DTITR
AttentionMGT-  Feature vector, graph transformer, cross Knowledge learning and . e . .
DTA™* attention, FC prediction IN Network construction https://github.com/JK-Liu7 /AttentionMGT-DTA
MUSE’ Variational expectation-maximization, ~Knowledge !ea\lrnmg and IN Network construction htps://github.com/biomed-Al/MUSE
GNN prediction
DTLLM" *! Pretrained language models, graph Knowledge learning and . . iols :
attention network prediction IN Network construction https://github.com/compbiolabucf/DTI-LM/
DTIAM ** Ehepih G e SalFerperkeipie:  [GomEHRIIGaE gy ek eorsmeien  isy)E by e DA
training prediction
DMFF-DTA™ Feature vector, graph transformer, GNN Knowlepdrgez:(z;gr:ng and IN Network construction https://github.com/hehh77/DMFF-DTA
SP-DTI"** iretiEtaes IEETE R odtals, e e !ea!rnmg and IN Network construction https://github.com/Steven51516/SP-DTI
transformer prediction
OMIM" Manual collection Disease molecular DN  Network construction https://omim.org/
signature database
Merge databases, manual collection Disease molecular
MalaCards *° & 2 > i . alace
alaCards e e ek ey e DN  Network construction https://www.malacards.org/
DisGeNET Merge databases, r{la.nual collection, text Plsease molecular DN Network construction https://www.disgenetorg/
mining signature database
- Merge databases, manual collection Disease molecular . .
TTD g > :
DESeq2, BLAST, iCn3D signature database DN  Network construction https://db.idrblab.net/ttd/
cTD ™ Merge databases, manual collection I?lsease molecular DN  Network construction https://ctdbase.org/
signature database
CHD@ZJU Merge databases, r{la.nual collection, text Plsease molecular DN Network construction s i nEinam/(dhal)
mining signature database
MarkerDB """ Merge databases, manual collection l?lsease molecular DN  Network construction https://markerdb.ca/
signature database
DMRdb" " Merge databases, manual collection I?lsease meltseby DN  Network construction http://www.inbirg.com/DMRdb/
signature database
Dengetal. " Merge databases, manual collection Plsease molecular DN  Network construction https://proteome-phenome-atlas.com/
signature database
IntAct ' Manual collection PPI database BN  Network construction https://www.ebi.ac.uk/intact/
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http://www.cbrc.kaust.edu.sa/daspfind
http://users.ics.aalto.fi/gonen/kbmf2k
http://www.csb.pitt.edu/Faculty/bahar/files/
https://github.com/minghao2016/DNILMF
https://github.com/cutezsq9503/DrugAI
http://www.jci-bioinfo.cn/iGPCR-Drug/
http://www.jci-bioinfo.cn/iGPCR-Drug/
http://www.jci-bioinfo.cn/iGPCR-Drug/
http://www.jci-bioinfo.cn/iGPCR-Drug/
http://www.jci-bioinfo.cn/iGPCR-Drug/
https://github.com/yuanweining/FusionDTA
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/microsoft/IGT-Intermolecular-Graph-Transformer
https://github.com/kexinhuang12345/MolTrans
https://github.com/zhangpl109/DeepMGT-DTI
https://github.com/zhangpl109/DeepMGT-DTI
https://github.com/zhangpl109/DeepMGT-DTI
https://github.com/ranzhran/MHTAN-DTI
https://github.com/ranzhran/MHTAN-DTI
https://github.com/ranzhran/MHTAN-DTI
https://github.com/mengmeng34/GraphormerDTI
https://github.com/mengmeng34/GraphormerDTI
https://github.com/joannacatj/drugormerDTI
https://github.com/larngroup/DTITR
https://github.com/JK-Liu7/AttentionMGT-DTA
https://github.com/JK-Liu7/AttentionMGT-DTA
https://github.com/JK-Liu7/AttentionMGT-DTA
https://github.com/JK-Liu7/AttentionMGT-DTA
https://github.com/JK-Liu7/AttentionMGT-DTA
https://github.com/biomed-AI/MUSE
https://github.com/biomed-AI/MUSE
https://github.com/biomed-AI/MUSE
https://github.com/compbiolabucf/DTI-LM/
https://github.com/compbiolabucf/DTI-LM/
https://github.com/compbiolabucf/DTI-LM/
https://github.com/CSUBioGroup/DTIAM
https://github.com/hehh77/DMFF-DTA
https://github.com/hehh77/DMFF-DTA
https://github.com/hehh77/DMFF-DTA
https://github.com/Steven51516/SP-DTI
https://github.com/Steven51516/SP-DTI
https://github.com/Steven51516/SP-DTI
https://omim.org/
https://www.malacards.org/
https://www.disgenet.org/
https://db.idrblab.net/ttd/
https://ctdbase.org/
http://tcm.zju.edu.cn/chd/
https://markerdb.ca/
http://www.inbirg.com/DMRdb/
https://proteome-phenome-atlas.com/
https://proteome-phenome-atlas.com/
https://proteome-phenome-atlas.com/
https://proteome-phenome-atlas.com/
https://proteome-phenome-atlas.com/
https://www.ebi.ac.uk/intact/
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Continued
X . Network
Name Underlying Al algorithm Strategy type Involved core step URL of web/code
BioGRID" ' Manual collection PPI database BN  Network construction https://thebiogrid.org/
STRING ' e lIees, manual Fu?lectlon, 2ng PPI database BN  Network construction https://string-db.org/
automatic text mining
KEGG '’ Manual collection PPI database BN  Network construction http://www.genome.ad.jp/kegg/
Reactome” "’ Manual collection PPI database BN  Network construction https://reactome.org/
Hitpredict '”’ Merge databases PPI database BN  Network construction https://www.hitpredict.org/
GeneMANIA *° Merge databases PPI database BN  Network construction https://genemania.org/
HumanNet " Merge databases, Bayesian statistics PPI database BN  Network construction  https://staging2.inetbio.org/humannetv3/
HPC-Atlas’ '** Merge databases, deep forest PPI database BN  Network construction http://www.yulpan.top/HPC-Atlas/
Laman etal.” " Data analysis PPI database BN  Network construction httpS://WWW.ebl.ZlC.\,lrk'/blv()StudleS/StudlES/S*
BSST1423
TRRUST '** Manual collection TF-target gene database BN  Network construction https://www.grnpedia.org/trrust/
KnockTF '** Manual collection TF-target gene database BN  Network construction http://www.licpathway.net/KnockTF/index.html
AnimalTFDB" " Merge databases, PfamScan, BLAST ~ TF-target gene database ~ BN Network construction https://guolab.wchscu.cn/Animal TEDB4//#/
hTFtarget "'’ Merge databases, manual collection TF-target gene database BN  Network construction http://bioinfo.life.hust.edu.cn/hTFtarge
118 Merge databases, manual collection, . .
ChIPBase liftover TF-target gene database BN  Network construction http://rna.sysu.edu.cn/chipbase/
TFLink" "’ Merge databases, manual collection TF-target gene database BN Network construction https://tflink.net/
TransmiR" '*’ Ve databa.ses,. manua.l eliestenyly TF-target gene database BN  Network construction http://www.cuilab.cn/transmir
binding motifs
WGCNA" ! Biweight mldzg;‘::i:gg: or Spearman Omics data calculation BN  Network construction https://github.com/cran/WGCNA
122 Mutual information, relevance networks . . .
ARACNE method Omics data calculation BN  Network construction =
ARACNe-AP" '# Mutual u;f::t?:?;:;:’gadaptwe Omics data calculation BN  Network construction https://github.com/califano-lab/ARACNe-AP
CLR ' Wilete! i on, @onie eilved o Omics data calculation BN  Network construction -
relatedness
MRNET ' Mutual mformatloy, max Omics data calculation BN  Network construction -
dependency/relevance, min redundancy
parmigene’ '** Dl mformaz;);:;gérelearest Ceehboy Omics data calculation BN  Network construction https://github.com/sales-lab/parmigene
SIRENE '*/ Local binary c.lassmcz'ntlon, regulatory Omics data calculation BN  Network construction http://cbio.ensmp.fr/sirene
interaction
GENIE3'™* T’ee'basedis?:f;’gﬁ eaulatony Omics data calculation BN  Network construction https://github.com/vahuynh/GENIE3
SpaTalk "' Graph modell.ng, non-negative linear Omics data calculation BN  Network construction https://github.com/ZJUFanLab/SpaTalk
regression, random walk
COMMOT" ' Graph modeling, optimal transport Omics data calculation BN  Network construction https://github.com/zcang/COMMOT
HoloNet™ '** Graph modelmgl,e:t;t::‘tglon-based graph o ics data calculation BN  Network construction https://github.com/lhc17/HoloNet
CellChat” ' Permutation test Omics data calculation BN  Network construction https://github.com/sqjin/CellChat
CellPhoneDB" * Permutation test Omics data calculation BN  Network construction  https://github.com/Teichlab/cellphonedb
NicheNet' "’ Linear regression Omics data calculation BN  Network construction https://github.com/saeyslab/nichenetr
MEBOCOST  *** Permutation test Omics data calculation BN  Network construction https://github.com/kaifuchenlab/MEBOCOST
miRTalk” ' Permutation test Omics data calculation BN  Network construction https://github.com/multitalk/miRTalk
CITEdb" '*° Manual collection CCC database BN  Network construction https://citedb.cn/
MACC™ ! Manual collection CCC database BN  Network construction http://macc.badd-cao.net/
NRI® Regulating score, fold change Network recovery IN+DN  Network analysis -
evaluation
Cmap’ '**'* Scoring of rank-ordered genes Net\:‘?;l;;‘;ior:/ery IN+DN  Network analysis https://github.com/cmap/
Dingetal. ' CIPHER algorithm Core 1.ngred1ents IN+DN  Network analysis -
refinement
Wang etal, 5 Text mining, pharma(lzor.)hore model- Core 1'ngred1ents IN MRk R
based prediction refinement
Chengetal. " Shortest path length of nodes Netm;sgl;ugrt;):;mlty DN +BN  Network analysis https://github.com/emreg00/toolbox
Wang et Al Commy @ heson eSS Network pr9x1m1ty IN + DN + Ny https://gith ub.com/BISLshwang/Commumty-
evaluation BN cohesion-scores
Met. * 148 . . Enrichment & hub node IN + DN + . o !
etascape Enrichment, hypergeometric test determination BN Network analysis https://metascape.org/
o Enrichment, fold change-based gene Enrichment & hub node IN +DN + . . . .
GSEA ranking deramriEdEn BN Network analysis https://www.gsea-msigdb.org/gsea/index.jsp
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https://string-db.org/
https://string-db.org/
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http://www.genome.ad.jp/kegg/
https://reactome.org/
https://www.hitpredict.org/
https://genemania.org/
https://staging2.inetbio.org/humannetv3/
http://www.yulpan.top/HPC-Atlas/
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https://www.ebi.ac.uk/biostudies/studies/S-BSST1423
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http://www.licpathway.net/KnockTF/index.html
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https://tflink.net/
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https://github.com/califano-lab/ARACNe-AP
https://github.com/sales-lab/parmigene
https://github.com/sales-lab/parmigene
https://github.com/sales-lab/parmigene
http://cbio.ensmp.fr/sirene
https://github.com/vahuynh/GENIE3
https://github.com/ZJUFanLab/SpaTalk
https://github.com/zcang/COMMOT
https://github.com/lhc17/HoloNet
https://github.com/sqjin/CellChat
https://github.com/Teichlab/cellphonedb
https://github.com/saeyslab/nichenetr
https://github.com/kaifuchenlab/MEBOCOST
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https://github.com/emreg00/toolbox
https://github.com/BISLshwang/Community-cohesion-scores
https://github.com/BISLshwang/Community-cohesion-scores
https://github.com/BISLshwang/Community-cohesion-scores
https://github.com/BISLshwang/Community-cohesion-scores
https://github.com/BISLshwang/Community-cohesion-scores
https://metascape.org/
https://www.gsea-msigdb.org/gsea/index.jsp
https://www.gsea-msigdb.org/gsea/index.jsp
https://www.gsea-msigdb.org/gsea/index.jsp
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Continued
X . Network
Name Underlying Al algorithm Strategy type Involved core step URL of web/code
* 15 Enrichment & hubnode IN + DN +
EGSEA" % . . . . X . . Dekaoec
Enrichment, collective gene set scoring determination BN Network analysis  http://www.bioconductor.org/packages/EGSEA/
GIGSEA "' Enrichment, weighted linear regression Enrlchment.& hl.lb mode I I Network analysis -
determination BN
*152 Enrichment & hub node IN + DN +
GSVA™'** i i izati i 5://bioc g “kages/GS
Enrichment, matrix factorization determination BN Network analysis https://bioconductor.org/packages/GSVA
5 Enrichment & hubnode IN + DN +
PLAGE '** . . - . i TS ; )
Enrichment, matrix factorization determination BN Network analysis http://dulci.biostat.edu/pathways
* 154 Enrichment & hub node IN + DN + .
R terS 15 i i i S: X sa E rScor
eporterScore Enrichment, generalized reporter score determination BN Network analysis https://github.com/Asa12138/ReporterScore
*15 Enrichment & hub node IN + DN +
CTpath 155 q q q . . s o 5
pathway Enrichment, graph modeling determination BN Network analysis https://github.com/Bioccjw/CTpathway
* 156 Enrichment & hubnode IN + DN +
CADIA" °¢ . . . .. . .
Enrichment, graph modeling determination BN Network analysis https://github.com/pouryany/CADIA
NEA 157 . - Enrichment & hub node IN + DN + . . . ~
Enrichment, fast network randomization determination BN Network analysis http://http/www.meb.ki.se/ ~ yudpaw
EnrichNet "** Enrichment, random walk with restart Ennchment_& hl_lb node IN+ DN+ Network analysis http://www.enrichnet.org
determination BN
* 15 Enrichment, network-based edge Enrichment & hubnode IN + DN +
LPIA" ™ > g . o
e determination BN Network analysis https://math.bu.edu/LPIA/
LEGO ' Enrichment, m?two'rk-based gene Enrlchment& hlllb node IN+DN+ Network analysis http://omics.fudan.edu.cn/static/softwares/Lego
weighting determination BN .tar.gz.
*16 Enrichment, network-based gene Enrichment & hub node IN + DN + . http://cran.r-
GANPA™ ! 2 & P
weighting determination BN eoranalves project.org/web/packages/GANPA/index.html
. « Enrichment & hubnode IN + DN +
MiNEA; 162 . IR . . ) . . . ~ o
i py Enrichment, flux variability analysis determination BN Network analysis https://github.com/vpandey-om/mineapy
NetworkAnalyzer’ - Enrichment & hub node IN +DN + . ’
163 Hub determination, network topology determination BN Network analysis http://www.cytoscape.org
. “ 16 - Enrichment & hub node IN + DN + .
CentiScaPe’ '** :
entiScaPe Hub determination, network topology determination BN Network analysis http://www.cytoscape.org
* 165 Enrichment & hub node IN + DN +
toHubba® 16 3 3 g . . nelr
cytoHubba Hub determination, network topology determination BN Network analysis http://www.cytoscape.org
6 Hub determination, network topolo; Enrichment & hubnode IN + DN +
MCODE !¢ N pology, : . ; .
local neighborhood density determination BN Network analysis  https://ftp.mshri.on.ca/pub/BIND/Tools/MCODE
* 167 Hub determination, network topolo Enrichment & hub node IN + DN + .
ClusterONE" ** » pology, . . ‘ .
u greedy growth process . BN Network analysis http://www.paccanarolab.org/cluster-one/
IPCA 6 Hub determination, netwqu topology, Ennchment& hgb node IN+DN+ Network analysis http://netlab.csu.edu.cn/bioinformatics/limin/IF
sub-graph density determination BN CA
Deepwalk **° Hub determination, network topology,  Enrichment & hl}b node IN+DN + ekt .
random walk determination BN
-+ 170 Hub determination, network topolo, Enrichment & hub node IN + DN + . . . .
SpPICi 7° > pology, X . <
1 heuristic approach determination BN Network analysis http://compbio.cs.princeton.edu/spici
*17 Hub determination, network topolo; Enrichment & hub node IN + DN +
C 171 5 pology, : ./ /alse.cs . .
ore T —— determination BN Network analysis http://alse.cs.hku.hk/complexes/
172 Hub determination, network topology,  Enrichment & hub node IN+DN + . . .
DPCMNE" " ’ > . anem:
deepwalk, core-attachment structure determination BN Network analysis https://github.com/XiangmaoMeng/DPCMNE
PEWCC 17 Hub determination, network topology,  Enrichment & hub node IN + DN + . e ) .
weighted clustering coefficient e BN Network analysis http://faculty.uaeu.ac.ae/nzaki/Research.htm

The asterisk (*) represents databases and Al methods in line with FAIR (Findable, Accessible, Interoperable, Reusable) data principles. -, not available.

learning from known DTI or DTA data to predict unknown inter-
actions using machine learning and deep learning algorithms. The
available drug-related data for knowledge learning encompasses:
1) chemical structure features, including molecular properties
and descriptors; 2) pharmacological information regarding ab-
sorption, distribution, metabolism, excretion, and toxicity; 3) as-
sociated diseases and pathways; 4) drug category information,
such as ATC codes and chemical taxonomy. Target-related data
includes genomic sequences and biological functions, particu-
larly gene ontology (GO) terms. Numerous methods have been
developed to predict DTIs or DTA through knowledge learning *’.
Methods like SRP °' predict by comparing similarities between
drugs with known targets and new compounds, while bipartite
local model-based methods such as LapRLS ®* and BLM-NII
combine predictions from both drug and target perspectives. Net-
work diffusion-based methods employ graph-based techniques
for DTI prediction ***’, while matrix factorization-based methods
reconstruct the DTI matrix through latent feature matrices **7°.
Additionally, some methods utilize machine learning algorithms
with fixed-length feature vectors for DTI prediction "*”°. Recent
approaches increasingly incorporate GNN and transformer meth-
odologies to enhance predictions by learning representations
from known DTI or DTA data from databases including Drug-
Bank, BIOSNAP, BindingDB, DAVIS, and KIBA ****. The process in-
volves learning separate feature vectors from drugs and targets,

which are then integrated into a joint embedding. This embed-
ding is trained with DTI labels and DTA data using attention
mechanisms to construct the prediction model.

In identifying relationships between ingredients and their
protein targets, the accuracy of DTI predictions, including false
positives and false negatives, requires careful consideration
when developing the IN construction strategy. While DTI and
DTA predictions represent classification and regression tasks, re-
spectively, recent Al-based methods have demonstrated high per-
formance metrics in both areas. Notably, deep-learning, trans-
former-based models incorporating attention mechanisms have
shown superior performance compared to traditional machine
learning approaches. The evaluation of DTI prediction methods
employs AUROC and area under the precision-recall curve
(AUPRC), while DTA prediction methods are assessed using con-
cordance index (CI), mean square error (MSE), and regression to-
ward the mean (r’ index). Despite achieving high AUROC, AUPRC,
ClL, and %, along with low MSE on benchmarking datasets, these
computational methods demonstrate significantly reduced per-
formance in cold-start scenarios compared to warm-start config-
urations (Table 2). The cold-start problem, encompassing drug,
target, and drug-target cold-start scenarios, evaluates model per-
formance with unseen inputs. Given that most TCM formula in-
gredients represent unseen molecules for models trained on
chemical drugs, cold-start evaluation better reflects real-world
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Fig. 2 Schematic pipeline for constructing different types of molecular networks. For BN construction , omics data are subjected to statistical significance testing using es-
tablished correlation analysis methods to identify strongly correlated gene pairs across samples. Based on the resulting correlation matrix, gene co-expression or gene regu-
latory networks are generated by linking significantly correlated nodes, while isolated nodes may be excluded to improve network robustness. For DN and IN construction ,
omics data collected under normal, diseased, and treated conditions are analyzed with statistical models to identify DEGs or DEPs P -value thresholds. When combined with
fold-change criteria, the filtered DEGs/DEPs are designated as condition-associated nodes and subsequently used to construct the corresponding networks.

TCM network pharmacology applications. Future research should
focus on reducing false positive and false negative predictions
through enhanced Al methods and increased experimentally val-
idated DTI and DTA data involving TCM ingredients, enabling
more accurate IN construction for herbs or formulas with un-
known targets.

3.2. DN construction

The construction of DN primarily utilizes disease molecular
signature database-based and omics data comparison-based
strategies. A straightforward approach involves obtaining disease-
related proteins/genes directly from curated high-quality dis-
ease molecular signature databases. These databases, including
OMIM %, MalaCards *°, DisGeNET *, TTD *°, CTD %, CHD@ZJU *°,
and MarkerDB "', contain experimentally validated proteins/
genes compiled through manual collection and verification. These
proteins/genes typically either contribute to disease occurrence
and development or result from the disease process. Some data-
bases integrate multiple high-quality sources, while others em-
ploy Al-based prediction methods to establish disease-
protein/gene associations, similar to ingredient-target database
construction. For example, DisGeNET combines expertly curated
resources with text-mining approaches, specifically the condi-
tional random field one and the BeFree system. The current Dis-
GeNET version presents 429 036 gene-disease associations con-
necting 17 381 genes to 15 093 diseases, disorders, and clinical
or abnormal human phenotypes, providing comprehensive re-
sources for DN construction. Additionally, the recently developed
DMRdD evaluates causal relationships between diseases and vari-
ous molecular and phenotypic factors ', while a comprehensive
plasma proteomics atlas containing 168100 protein-disease asso-
ciations and 554488 protein-trait associations has been pub-
lished '”. These resources represent significant advances in un-
derstanding disease mechanisms at the molecular level.

An alternative to the database-based strategy involves identi-
fying potential disease-protein/gene associations through DEPs
and DEGs from high-throughput proteomics or transcriptomics
data for DN construction. This process begins with statistical ana-
lysis of omics data under normal and diseased conditions using
established models such as DESeq2 and edgeR to identify signific-
ant DEPs/DEGs based on P values. The DN is then constructed by
selecting disease-associated nodes from DEPs/DEGs, considering
expression fold changes between conditions (Fig. 2). Similar to IN
construction using omics data comparison, this approach re-
quires adequate biological replicates in pairwise, multi-condi-
tional, or time series formats. The statistical methods for identify-
ing significant expression differences between normal and dis-
eased conditions parallel those used in omics data comparison-
based IN construction strategies.

3.3. BN construction

For constructing BN, two primary strategies exist: PPI/tran-
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scriptional factor (TF)-target gene database-based and know-
ledge learning and prediction-based approaches. The convention-
al method utilizes a human PPI network to elucidate disease and
drug patterns, where proteins and physical interactions serve as
network nodes and edges, respectively. Several PPl databases
have been established, including IntAct 1% BioGRID '*°, STR-
ING '*°, KEGG ", Reactome '*°, Hitpredict '”’, GeneMANIA "’ and
HumanNet '*'. STRING, for instance, encompasses undirected
known PPIs from curated databases, experimentally determined
PPIs, and predicted PPIs represented through various gene rela-
tionships and protein homology. The extensively used KEGG con-
tains multiple types of directed PPIs, including processes such as
activation, inhibition, repression, binding, and other interactions,
manually documented in reference pathway diagrams. The re-
cent HumanNet v3 update expanded its data coverage with en-
hanced network inference algorithms, encompassing 99.8% of
human protein-coding genes. Furthermore, HumanNet v3 offers a
functional network extended by co-citation (HumanNet-XC) and a
functional gene network (HumanNet-FN) with co-functional
links. Recently, researchers developed a human protein com-
plexes atlas (HPC-Atlas) containing 8944 protein complexes in-
volving 16632 proteins through database integration and compu-
tational methods '**. Additionally, the first atlas of tissue-specific
protein associations, comprising 116 million protein associations
across 11 tissues, demonstrated its utility in prioritizing disease
genes and interactions in a tissue-specific context ''. Beyond the
PPI network, the TF-target gene regulatory network represents
another form of BN concerning gene expression regulation
through TFs. Established databases documenting TF-target gene
relationships include TRRUST '**, KnockTF '*°, AnimalTFDB ',
hTFtarget "7 chIPBase ', TFLink '*’, and TransmiR, which con-
tains TF-miRNA regulations '*’.

With next-generation RNA-seq technology advancements,
omics data calculation presents an alternative strategy for BN
construction. Gene co-expression networks, also termed relev-
ance networks, are frequently employed in network pharmaco-
logy research as prior knowledge for BN construction. These net-
works utilize genes as nodes and co-expressed genes as edges
between gene pairs. Co-expressed genes are identified through
correlation coefficients calculated using methods such as Spear-
man, Pearson, Kendall Tau, or mutual information from gene ex-
pression profiles across multiple samples. Statistical significance
testing, including permutation tests, linear regression, Fisher’s
test, supervised machine learning, or rank-based tests, determ-
ines significantly correlated gene pairs. The gene co-expressed
network or gene regulatory network is then constructed by filter-
ing and connecting significantly correlated gene nodes and/or re-
moving isolated nodes (Fig. 2). WGCNA '*', for example, enables
weighted correlation network construction where edge weights
derive from biweight midcorrelation or Spearman correlation.
Methods such as ARACNE %, ARACNe-AP %, CLR '*', MRNET ',
and parmigene *° combine mutual information with additional
statistical approaches to enhance network accuracy. Incorporat-
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Table 2 Summary of representative DTI/DTA prediction methods in recent years.

2

Methods Type Condition AUROC AUPRC CI MSE r Benchmarking datasets
DrugAl DTI Warm start 0.93 0.87 - - - DrugBank
MUSE DTI Warm start 0.92 0.92 - - - ConPLex
Warm start 0.89 0.90 - - - BIOSNAP
Drug cold-start 0.85 - - - - BIOSNAP
MolTrans DTI Target cold-start 0.77 - - - - BIOSNAP
Warm start 091 0.40 - - - DAVIS
Warm start 091 0.62 - - - BindingDB
Warm start 0.87 0.88 - - - DrugBank
Drug cold-start 0.83 0.84 - - - DrugBank
Drug-target cold-start 0.69 0.70 - - - DrugBank
Warm start 0.89 0.79 - - - DAVIS
GraphormerDTI DTI Drug cold-start 0.72 0.47 - - - DAVIS
Drug-target cold-start 0.65 0.42 - - - DAVIS
Warm start 0.92 0.79 - - - KIBA
Drug cold-start 0.86 0.66 - - - KIBA
Drug-target cold-start 0.74 0.46 - - - KIBA
DeepMGT-DTI DTI Warm start 0.90 0.77 - - - DrugBank
Warm start 0.96 0.86 - - - DrugBank
Drug cold-start 0.89 0.67 - - - DrugBank
Target cold-start 0.94 0.82 - - - DrugBank
DTI-LM DTI
Warm start 0.95 0.84 - - - BindingDB
Drug cold-start 0.90 0.74 - - - BindingDB
Target cold-start 0.83 0.46 - - - BindingDB
Warm start - - 091 0.21 0.74 DAVIS
Warm start - - 091 0.13 0.79 KIBA
FusionDTA DTA Drug cold-start - - 0.75 0.48 - DAVIS
Target cold-start - - 0.83 0.33 - DAVIS
Drug-target cold-start - - 0.69 0.72 - DAVIS
Warm start - - 0.89 0.19 0.70 DAVIS
Warm start - - 0.89 0.14 0.79 KIBA
AttentionMGT-DTA DTA Drug cold-start = = 0.70 0.73 0.16 DAVIS
Target cold-start - - 0.83 0.42 0.28 DAVIS
Drug-target cold-start - - 0.61 0.61 0.07 DAVIS
Warm start - - 091 0.21 0.86 DAVIS
Drug cold-start - - 0.73 0.60 0.50 DAVIS
Target cold-start - - 0.87 0.31 0.79 DAVIS
DTIAM DTA
Warm start - - 0.87 0.16 0.88 KIBA
Drug cold-start - - 0.79 0.33 0.73 KIBA
Target cold-start - - 0.77 0.31 0.75 KIBA
Warm start = = 0.89 0.22 0.70 DAVIS
Drug cold-start - - 0.74 0.55 0.23 DAVIS
Target cold-start - - 0.84 0.33 0.50 DAVIS
Drug-target cold-start - - 0.66 0.76 0.10 DAVIS
DMFF-DTA DTA
Warm start - - 0.89 0.14 0.77 KIBA
Drug cold-start - - 0.75 0.41 0.4 KIBA
Target cold-start - - 0.75 0.41 0.45 KIBA
Drug-target cold-start - - 0.67 0.57 0.24 KIBA

DTI, drug-target interaction; DTA, drug-target affinity; -, not available; AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision-
recall curve; CI, concordance index; MSE, mean square error; r regression toward the mean.
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ing known TF genes allows gene co-expression networks to infer
gene regulatory networks with directed edges between correl-
ated TF genes and target genes. SIRENE *” approaches this by de-
composing gene regulatory network inference into multiple local
binary classification problems, focusing on distinguishing target
genes from non-targets for each TF. Similarly, GENIE3 "** em-
ploys tree-based ensemble methods for regulatory network pre-
diction, achieving superior performance in the DREAM challenge.
Both undirected gene co-expression networks and directed gene
regulatory networks provide alternative approaches for BN con-
struction in TCM network pharmacology studies.

While traditional approaches primarily focus on PPl net-
works —given proteins’ central role in biological functions —re-
cent advances have highlighted the significance of CCC networks
in disease pathogenesis and progression *’. These developments
have been facilitated by single-cell omics technologies, enabling
systematic inference of CCC at the cell-type level. In multicellular
organisms, cells communicate through signaling molecules, form-
ing intricate and dynamic CCC networks. The disruption and res-
toration of CCC networks correlate with disease onset and recov-
ery, reflecting the TCM principles of bodily discord and reconcili-
ation. For instance, Shao et al. developed a curated ligand-recept-
or interaction (LRI) database, CellTalkDB '*’, utilizing text min-
ing and manual verification, and created SpaTalk "*' with deep
learning algorithms and CellTalkDB for LRI-mediated CCC net-
work inference. Subsequently, they employed these methods to
elucidate the CCC network dysregulation mechanisms underlying
hepatic ischemia-reperfusion injury following liver transplanta-
tion "**. Notably, COMMOT "** incorporates competition between
various ligands and receptors to enhance the inference of spa-
tially proximal CCC using a collective optimal transport approach.
Furthermore, HoloNet *** analyzes target gene expression in each
cell by separating baseline expression determined by cell type
from expression changes caused by CCC mediated through mul-
tiple LRI pairs, achieving functional CCC event inference using an
attention-based graph learning method. Similar CCC network in-
ference methods include the widely-used CellChat *°, CellPh-
oneDB ", and NicheNet " based on single-cell transcriptomics
data. Complementing LRI-based CCC, MEBOCOST was developed
to study CCC mediated by metabolites from sender cells and
sensor proteins on receiver cells "**, while miRTalk enables the
inference of CCC mediated by extracellular vesicle (EV)-derived
miRNA-target interaction (MITI) **°. CCC databases present an al-
ternative approach to constructing BN. For example, Shan et al.
established CITEdb, a manually curated database of human cell-
cell interactions containing 728 pairs of CCC in specific disease or
tissue contexts '*’. Similarly, Gao et al. developed MACC, a visual
interactive knowledgebase of metabolite-associated cell commu-
nications '*'. Specifically, MACC encompasses 244 human endo-
genous metabolites and 4508 metabolite-related enzymes and
transporters, providing a foundation for constructing CCC net-
works between cells via metabolite secretion and adsorption.
These databases and Al methods offer new perspectives for net-
work construction and analysis in TCM network pharmacology.

4. Network analysis with Al methods

Network pharmacology offers a systematic framework for
evaluating therapeutic efficacy and elucidating mechanisms of ac-
tion from the perspective of network biology. In TCM research,
the primary objectives of network pharmacology are to assess ef-
ficacy and clarify mechanisms of action based on the construc-
tion of IN, DN, and BN (Fig. 1B). For efficacy evaluation, two prin-
cipal strategies have been proposed: network recovery and prox-
imity evaluation . The underlying assumption is that therapeutic
efficacy correlates with the network distance between perturbed
nodes in the IN and DN within the broader biological molecular
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network, with shorter distances indicating greater efficacy. For
mechanism-of-action elucidation, two complementary strategies
are employed: enrichment and hub-node determination , which
addresses the biological perspective, and core-ingredient refine-
ment , which focuses on the chemical perspective. In this section,
we outline the workflows associated with these primary network
analysis strategies and present the Al methodologies applied in
this domain (Table 1).

4.1. Network recovery evaluation

Network recovery describes the biological network trans-
itioning from a disease state to a normal state after treatment,
aligning closely with the disharmony and harmony theory in
TCM. Due to the rapid expansion of high-throughput omics data,
particularly transcriptomic profiling, across multiple domains of
modern molecular biology, network medicine has emerged as a
powerful tool for understanding the relationships between biolo-
gical molecular features and efficacy. Accordingly, Wu et al. pro-
posed a network analysis approach called NRI to quantitatively
evaluate the network perturbation recovery from disease to nor-
mal state by treatment °. The core assumption centers on the re-
covery of expression of DEGs to the normal level, specifically, the
upregulation of lowly expressed genes and downregulation of
highly expressed genes in the disease network after treatment. By
constructing the disease network of MI, Wu et al. applied NRI to
evaluate the efficacy of Shenmai injection (SHENMAI), a widely
used TCM composed of red ginseng (RG) and RO in clinically
treating MI. Consequently, SHENMAI demonstrated a higher NRI
than RG and RO, indicating the synergistic effect of RG and RO on
treating MI by reversing the disease network.

Similarly, based on this strategy, Lamb et al. established the
first-generation connectivity map (Cmap), comprising genome-
wide RNA expression data for 164 distinct bioactive small-mo-
lecule perturbagens and corresponding vehicle controls applied
to human cell lines for a short duration to connect biological mo-
lecular features and efficacy **'*. Specifically, each treatment in-
stance with a rank-ordered signature of approximately 22 000
genes according to the differential expression relative to the con-
trol serves as the reference for comparison to the query signa-
ture. The fundamental assumption is that upregulated query
genes appearing near the top of the reference signature and
downregulated query genes near the bottom indicate positive
connectivity, while the reverse pattern indicates negative con-
nectivity. When examining a query signature from a chemical
perturbation, similar chemicals typically exhibit comparable per-
turbed signatures by recovering the expression of nodes in the
diseased network. Therefore, this approach can evaluate the ef-
ficacy of a query ingredient by analyzing the most similar bioact-
ive small molecule in creating the first-generation Cmap.

Notably, a comprehensive transcriptomic perturbation atlas
forms the foundation for network recovery evaluation, with its
quality substantially influencing the performance of Al methods.
Consequently, significant efforts have been directed toward con-
structing such high-quality atlases. For instance, Tahoe-100M
represents a giga-scale single-cell atlas containing 100 million
transcriptomic profiles that systematically quantify the effects of
1100 small-molecule perturbations across 50 cancer cell lines '*.
Additionally, researchers proposed the first genome-scale per-
turbation atlas of morphology phenotypes in human cells, utiliz-
ing unbiased, high-dimensional image-based profiling and
massively parallel optical pooled CRISPR screening '’°. Specific-
ally, ITCM incorporated a pharmacotranscriptomic map of 496
representative active ingredients using high-throughput experi-
ments “°. Beyond experimental methods, Zhan et al. developed a
genome-scale deep learning model called TranscriptionNet to
predict gene expression changes of genetic perturbations '7°.
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These databases offer potential for systematic evaluation of bio-
logical network recovery towards an ingredient, herb, or TCM
formula from the perspective of perturbed gene expression pro-
files.

4.2. Enrichment & hub node determination

A common approach to interpreting the pharmacological
mechanism of action for TCM involves the integrated analysis of
DN, IN, and/or BN to identify meaningful biological pathways.
The conventional strategy involves performing PEA by mapping
the gene/protein nodes of IN or the shared nodes between DN
and IN to the BN, followed by Al algorithm analysis. In the widely
adopted analytical protocol of TCM network pharmacology, re-
searchers conduct over-representation analysis (ORA) using hy-
pergeometric or Fisher’s exact tests on shared genes/proteins
between DN and IN, constructed from established TCM data-
bases and primary literature. This analysis aims to identify signi-
ficantly enriched pathways or biological processes related to TCM
treatment. Alternatively, DEGs or DEPs derived from omics data
can be utilized for PEA, exemplified by DAVID, WebGestalt, and
Metascape '*’. However, these methods heavily depend on the
number of DEGs or DEPs, which vary with statistical models, res-
ulting in inconsistent outcomes under different parameter selec-
tions and thresholds, such as fold change and P value.

To address this limitation, certain methods consider changes
in all expressed genes to conduct gene set enrichment analysis
(GSEA) """ for determining pathway activation or repression.
Other approaches like GSVA "*” and PLAGE ** employ matrix fac-
torization to estimate pathway activity variation across samples.
Furthermore, ReporterScore implemented generalized reporter
score-based analysis (GRSA) for PEA across multi-group and lon-
gitudinal omics data, applicable to microbiome, transcriptome,
and metabolome omics data '**. These methods can identify signi-
ficantly activated or repressed pathways following TCM treat-
ment. Considering the essential information provided by net-
work nodes’ topological properties for identifying significantly
enriched pathways, network topology-based methods have
emerged that incorporate weighted nodes and/or edges to model
the integrated DN, IN, and BN '**'*', Network topology describes
the arrangement or structure of various elements in the IN, DN,
or BN, defining node interconnections and communications. For
instance, LEGO ' and GANPA '*' utilize network-based gene
weighting, while LPIA "*’ employs network-based edge weighting.
These methods aim to reflect how incident pathways function to
produce similar biological outcomes under specific conditions or
perturbations. Notably, CTpathway '*° incorporates pathway
crosstalk analysis through graph modeling on a curated global
pathway crosstalk map to enhance PEA performance. Regarding
metabolic networks, MiNEApy enables minimal metabolic net-
work computation and performs enrichment analysis based on
flux variability analysis '**.

Network clustering analysis is commonly employed to identi-
fy hub sub-networks or nodes, facilitating the determination of
regulatory targets for specific TCM components or herbal for-
mulas. The conventional approach utilizes network topological
information to extract dense subgraphs '“*'”. For instance,
MCODE '*° employs local neighborhood density to weigh net-
work nodes and segment the network into sub-networks, while
Deepwalk '’ identifies similar node clusters through random
walk algorithms for node embedding vector learning. These
methods enable network node clustering in low-dimensional
space. However, this approach is limited by the uncertainty in
identifying direct targets within large clustered sub-networks. To
enhance the identification of potential regulatory targets, direct
topological measures are utilized to rank and screen hub nodes.
The widely used software Cytoscape '’ incorporates multiple
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modules to calculate common metrics, including Degree,
Betweenness Centrality, and Closeness Centrality for each node
to identify hub genes/proteins as potential TCM active ingredi-
ent targets. Specifically, Degree measures the number of node
neighbors, Betweenness Centrality calculates the frequency of a
node serving as a bridge in shortest paths between other nodes,
and Closeness Centrality indicates the proximity of a node to oth-
ers. Though differently defined, these network topological in-
dexes collectively reflect node importance within the network.

4.3. Core ingredients refinement

After enrichment and hub node determination based on the
DN or combined DN and IN with therapeutic effects for ingredi-
ents on the disease, potential targets can be identified to refine
the core ingredients of specific herbs or formulas. These refined
core ingredients subsequently inform quality control standards
in TCM production. For instance, Ding et al. implemented a sys-
tematic computational approach called CIPHER to develop the
Glomerular Cytoskeleton Network (GCNet), a PPI network de-
signed to identify key cytoskeletal components in glomerular dis-
eases . Through GCNet topological metrics such as degree and
betweenness centrality for prioritizing functionally critical pro-
teins, the network-based analysis identified 21 consistently regu-
lated cytoskeletal genes across five glomerular diseases. This
computational framework demonstrates considerable potential
for enhancing herbal medicine efficacy. Through PPl mapping,
this methodology can identify crucial molecular targets within
disease-associated pathways, enabling the identification of bio-
active compounds in herbal formulations that modulate these tar-
gets. For example, the method's capacity to highlight critical
nodes (e.g., MYL9, PDLIM5) may guide the selection of phyto-
chemicals that restore dysregulated cytoskeletal dynamics in
glomerular diseases. The integration of PPI networks with herbal
compound databases may expedite the discovery of synergistic
multi-target therapies, connecting traditional medicine with
modern systems pharmacology.

Traditional methods that focus exclusively on isolated in-
gredients and their individual pharmacological effects overlook
relative concentrations —a crucial factor in TCM’s holistic effic-
acy. Wang et al. addressed this limitation by developing an integ-
rative computational strategy combining network pharmacology
and quantitative compositional analysis to systematically identi-
fy active ingredients, using Xuesaitong (XST) injection for
myocardial infarction (MI) as a case study '**. Initially, they con-
structed a cardiovascular disease (CVD)-specific PPI network us-
ing databases including STRING and KEGG, followed by topologic-
al analysis to identify hub proteins. Subsequently, potential tar-
gets of XST’s ingredients were predicted through multi-modal
data integration, incorporating microarray-based transcriptom-
ics (e.g., GEO datasets), text mining (e.g., PubMed), and pharma-
cophore modeling (e.g., PharmMapper). These targets were
mapped onto the PPI network to evaluate their regulatory roles.
To prioritize bioactive compounds, they introduced a composi-
tion-weighted index (CWI), which evaluates ingredient efficacy
by combining network centrality metrics with HPLC-measured
ingredient concentrations. This methodology identified notogin-
senoside R1, ginsenosides Rgl, Rb1, Rd, and Re as XST’s key act-
ive components, subsequently validated in MI rat models. By in-
tegrating multi-omics data, network topology, and content-aware
scoring, this framework provides a robust, scalable method for
TCM bioactive ingredient discovery, advancing beyond reduction-
ist approaches to capture herbal medicine’s synergistic complex-
ity. Future enhancements could incorporate machine learning-
based target prioritization and dynamic pharmacokinetic model-
ing to improve predictive accuracy.

To validate the refined core ingredients more thoroughly,
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priority should be given to those derived from herbs or TCM for-
mulas with clinical trial verification, thereby strengthening the
credibility of computational predictions. Specifically, new TCM
drugs with identified core ingredients, evaluated by the Center
for Drug Evaluation (CDE) of the National Medical Products Ad-
ministration (NMPA), provide substantial clinical evidence for
direct validation (Table 3). For instance, Lv et al. employed
network pharmacology methodology to analyze Ramulus
Mori (Sangzhi) alkaloid (RMA) in treating type 2 diabetes mel-
litus (T2DM) '7°. Their analysis identified 1-deoxynojirimycin,
fagomine, and N-methyl-1-deoxynojirimycin as primary active in-
gredients of RMA, targeting carbohydrate metabolism and regu-
lating alpha-glucosidase activity to produce anti-diabetic effects.
Significantly, the core ingredients of Sangzhi Zongshengwujian
Pian, an approved TCM new drug for T2DM treatment with clinic-
al evidence, comprise total alkaloids (Mulberry twig alkalo-
ids) ', aligning with previous findings. Additionally, a recent
study identified several active ingredients, including ginkgolides
A, B, C, and K, in modulating ischemic stroke through network
pharmacology '*’. These active ingredients target common patho-
logical pathways associated with ischemic stroke, with
ginkgolides (A, B, C, and K) emerging as prominent nodes in the
network topology analysis combining IN and DN. Correspond-
ingly, the core ingredients of Yinxing Zongneizhi Diwan, a submit-
ted TCM new drug for ischemic stroke treatment with clinical
evidence, consist of total terpene lactone, including ginkgolides
A, B, and C " '™ In conclusion, core ingredients predicted by
TCM network pharmacology methods could inform new TCM
drug development and undergo clinical trial validation. Further-
more, identified core ingredients with clinical evidence could en-
hance Al methods for core ingredient refinement.

4.4. Network proximity evaluation

Network proximity denotes the network distance between IN
and DN within the BN context. This analysis suggests that shorter
distances between targeted nodes and disease nodes indicate
greater efficacy. Prof. Barabasi's group initially proposed this
concept for network-based prediction of drug combinations '*°.
By quantifying the network-based relationship between drug tar-
gets and disease proteins in the human protein-protein inter-
actome, complementary exposure representing separated drugs
that individually overlap with the disease module demonstrates
statistically significant efficacy for combination therapies. Not-
ably, overlapping exposure, where drug-target modules overlap
with each other and the disease module, shows no significant
therapeutic advantage over monotherapy but exhibits significant
adverse effects. This combination approach aligns with TCM com-
patibility principles, as both seek to enhance efficacy while redu-
cing adverse effects through action on different disease targets.
Subsequently, Prof. Barabasi’s group applied this principle to
evaluate TCM treatment efficacy by examining the topological re-
lationship between disease symptoms and TCM herb targets on
the human protein interactome, revealing that network proxim-
ity of herb targets to symptom modules predicts therapeutic ef-
fectiveness '*’.

Beyond node-based distance for network proximity evalu-
ation, Wang et al. developed a method utilizing edge-based dis-
tance to assess proximity between normal and disease networks.
Specifically, the distance represents the perpendicular distance
between actual pairwise gene expression levels of a diseased case
sample and the simple linear regression modeled with normal
samples ', This approach compares normal and disease gene co-
expression networks based on network edges between identical
pairwise gene nodes. By incorporating treated sample data, this
method can evaluate TCM efficacy through edge-based network
proximity assessment. While this approach does not depend on
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omics data, it requires information similar to network recovery
evaluation methods, where BN, DN, and IN correspond to omics
data in normal, disease, and treated conditions, respectively.

Recent studies increasingly utilize this strategy for TCM effic-
acy evaluation. For example, Zong et al. implemented a modular-
based network proximity approach to compare three formulae:
Shirebi tablets (SRB), Yuxuebi capsules (YXB), and Wangbi-
fukang granules (WBFK) '*'. Their analysis identified optimal
clinical indications based on network proximity Z-scores. SRB
demonstrated the strongest association with gouty arthritis,
while YXB showed connections to atherosclerosis, myocardial
ischemia, rheumatic fever, osteoarthritis, and gouty arthritis.
WBFK exhibited efficacy for myocardial ischemia, systemic lupus
erythematosus, rheumatic fever, and gouty arthritis. These find-
ings establish precise clinical positioning for these formulae. Sim-
ilarly, Zhang et al. employed network-based proximity analysis to
evaluate network distance between Schisandra chinensis active
components and diabetic skin wounds '*. The study revealed
that Gomisin A targets displayed the greatest network proximity
to disease-associated nodes within the PPI network. This compu-
tational finding was corroborated by in vivo experiments, which
confirmed the therapeutic efficacy and clarified the underlying
mechanisms of Gomisin A—an active constituent of Schisandra
chinensis—in facilitating diabetic wound healing.

Both network recovery evaluation and proximity evaluation
assess efficacy based on the network distance between DN and
IN, with their fundamental assumption being that greater shared
nodes or closer network distance indicates enhanced efficacy.
This strategy demonstrates utility in refining core ingredients, as
evidenced by the aforementioned cases. Notably, recent research
has shown that incorporating non-coding RNAs (ncRNAs) into
the PPI network expands both gene quantity and interactions,
substantially enhancing the network’s capacity to identify dis-
ease modules '™. This finding highlights the essential role of
ncRNAs in strengthening network pharmacology’s predictive cap-
abilities. Recent technological advances, including snRandom-seq
and STRS, have achieved enhanced coverage of ncRNAs, particu-
larly miRNAs, enabling concurrent quantification of coding and
ncRNAs at single-cell or spatial resolution ' '*. Future research
should prioritize the development of sophisticated Al methods
for constructing and analyzing heterogeneous biological net-
works using coding RNA and ncRNA co-sequencing data.

5. Challenges and future directions

TCM network pharmacology, an emerging interdisciplinary
field, has achieved broad recognition in TCM research. This ac-
ceptance stems from its alignment with both the holistic per-
spective and the classical discord and reconciliation theories of
TCM, which are increasingly applied to herbal medicine studies
worldwide. The integration of TCM network pharmacology with
Al and omics technologies marks a significant advancement in
TCM research. This approach enables intelligent evaluation of
therapeutic efficacy and precise elucidation of action mechan-
isms, establishing a promising direction for TCM modernization.
Despite substantial Al-driven progress in TCM network pharma-
cology, pressing challenges and future directions concern the ad-
vancement of TCM network pharmacology through rapidly
evolving Al technologies, such as LLMs and single-cell and spatial
omics technologies '***"", particularly in ingredient identification,
network construction, and network analysis (Fig. 3).

Ingredient identification constitutes the fundamental step in
TCM network pharmacology research. The current approach
combines nuclear magnetic resonance (NMR) spectroscopy with
LC-MS/MS data to characterize chemical components qualitat-
ively and quantitatively in herbal medicines or formulas. Tradi-

tional manual identification and annotation of chemical mo-
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Table 3 Submitted new TCM drugs with identified core ingredients in the past decade (2016-2025) from the CDE of NMPA.

Name

Core ingredients Related disease

Related herb Accession

Zhishi Zonghuangtong Pian”

Total flavonoid Dyspepsia

Immature fruit of Seville orange CXZS2200008

Guangjingiancao Zonghuangtong Jiaonang Total flavonoid Ureteral calculi Snowbellleaf Tickclover CXZS2101003
Yinyanghuosu Ruanjiaonang” Icaritin Hepatocellular carcinoma Epimedium CXZS2101001
Huangshukuihua Zonghuangtong Kougiang Tiepian' Total flavonoid Mouth ulcer Setose Abelmoschus CXZS1700004
Sangzhi Zongshengwujian Pian" Total alkaloid Type 2 diabetes Mulberry Leaf CXZS1700008
Yinxing Zongneizhi Diwan Total terpene lactone Ischemic stroke Ginkgo CXZS2500018
S0C201 Jiaonang - - - CXZL2500017
Meilianfuxinye - - - CXZL2500012
Baixintiquwu Keli - Acute upper respiratory tract infection Chinese Bastardtoadflax CXZL2400097
Anemoside B4 Shuan Anemoside B4 Ulcerative colitis Chinese Pulsatilla CXZL2400092

LBZ-18 Koufuru - - - CXZL2400071

Kudingcha Zaogan Pian Total saponin Hyperlipidemia Plumleaf Cratoxylum CXZL2400068

ZY13 Pian - Macular degeneration - CXZL2400042

CRA Pian - Chronic heart failure - CXZL2400030

JKN2303 Xirurongye - - - CXZL2400028
Zhusheyong Qiangjihonghuahuangsesu A Hydroxysafflor yellow A Acute ischemic stroke Safflower CXZS2300027
Yangchangchuntengye KoufuYe - Bronchitis English Ivy CXZL2300058
Sheganzhike Jiaonang - - - CXZL2300046

SZ1108 Pian - Diabetic nephropathy - CXZL2300043

Magianzijian Ningjiaotiegao Strychnine Osteoarthritis Nux Vomica CXZL2300020
Z018B Jiaonang - Nonalcoholic steatohepatitis - CXZL2300019

Renshen Zongcigan Pian - Macular edema in diabetes Ginseng CXZL2300006

Lizhihe Jiaonang - - Litchi Seed CXZL2200039

Gancan Zongchaertong Jiaonang Total chalcone - Root of Ural Licorice CXZL2200021
Xiaozhongshengji Koufuye - Radiotherapy-induced oral mucositis - CXZL2200012
Kaituopu Pian Catalpol - - CXZL2200007

Yanzao Duotang Jiaonang Fucoidan - Brown seaweed CXZL2200002
Buguzhi Zonggan Jiaonang Total psoralenoside Osteoporosis Malaytea Scurfpea CXZL2101037
Zhusheyong Danfensuan A Salvianolic acid A Myocardial infarction Root of Ligulilobe sage CXZL2101034
Yinxing Neizhi Diwan Ginkgo diterpene lactones Cerebral infarction Ginkgo CXZL2000014
Congrongruntong Koufuye Total sugar alcohol Constipation Desertliving Cistanche CXZL1900010
Renshen Zongcigan Kougiang Bengjiepian - Stableanginapectoris Ginseng CXZL1800001
Magianzi Zongjian Nangpao Ningjiao Total strychnine Osteoarthritis Nux Vomica CXZL1700016
Zhimuzaogan BII Jiaonang Timosaponin BII Vascular dementia Rhizome of Common Amarrhe CXZL1700057

Zexie Jiangzhi Jiaonang Alisol Hyperlipidemia Oriental Waterplantain CXZL1600022

The asterisk () represents the approved new TCM drugs. -, not available.

learning-based molecular generation models '**. This method
provides novel perspectives for ingredient identification in TCM
network pharmacology. The emergence of LLMs offers additional
opportunities for advancement. Their exceptional in-context
learning capabilities could significantly enhance ingredient iden-
tification by effectively utilizing chemical structures’ contextual
information. The integration of Al methodologies promises to re-
volutionize the efficiency and accuracy of ingredient identifica-
tion in TCM network pharmacology research.

lecules, relying solely on experimental methods, present consid-
erable challenges: they are time-intensive, lack scalability, and
face reproducibility issues. Recent developments have addressed
these limitations by integrating Al technologies with experiment-
al data for automated ingredient identification. This advance-
ment has been facilitated by increasing the availability of large-
scale experimental datasets for known chemical compounds. A
significant example is MassKG, developed by Zhu et al., which
combines knowledge-based fragmentation strategies with deep
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In TCM network pharmacology, accurate construction and
modeling of biological networks are essential for understanding
the complex mechanisms of herbal compounds, multi-target in-
teractions, and holistic therapeutic effects. While conventional
approaches—including PPI networks and heterogeneous molecu-
lar networks incorporating ncRNAs and proteins —have shown
significant progress over recent decades, these models fre-
quently overlook cellular heterogeneity. This limitation is partic-
ularly significant given that PPI networks can vary across cell
types, disease states, and individuals, as demonstrated by previ-
ous research. Advancing TCM network pharmacology requires
developing more precise biological network models that accur-
ately reflect the molecular characteristics of specific cell types,
diseases, and individuals.

Recent advances in single-cell and spatial omics technologies
have enabled detailed characterization of cellular and molecular
events in diseased individuals '**'*’. Mounting evidence demon-
strates the presence of distinctly different cell types and complex
CCC networks between pairwise cell types through various signal
transmissions within tissue microenvironments. CCC, also termed
cell-cell interaction, represents a fundamental characteristic of
multicellular organisms, servinga vital role in biological pro-
cesses '”. The dysregulation and restoration of CCC networks
correlate with disease onset and recovery, reflecting TCM con-
cepts of bodily discord and reconciliation. Given CCC networks’
capacity to capture precise molecular features in individual- and
disease-specific contexts, the construction and analysis of CCC
networks using single-cell and spatial omics data present both
opportunities and challenges for TCM network pharmacology.

In CCC network construction, a primary challenge involves
accurately inferring CCC between paired cell types. CCC operates
through three primary modes: LRI-based, metabolite-based, and
EV-based mechanisms. While current computational methods
primarily emphasize LRIs, Al-driven approaches for metabolite-
and EV-based CCC inference remain limited. Addressing this lim-
itation, Cui et al. developed MEBOCOST, a tool for studying meta-
bolite-based CCC through sender-cell metabolites and receiver-
cell sensor proteins. Their research demonstrated that macro-
phage Epsins significantly influence lipid metabolism in athero-
sclerosis through CCC '*. Additionally, Shao et al. introduced
miRTalk, an innovative method for inferring CCC mediated by EV-
derived MITI, revealing detailed MITI-mediated CCC mechanisms
in various disease contexts '*’. Despite these developments, sub-
sequent research must utilize advanced Al technologies to en-
hance the precision of metabolite- and EV-based CCC inference.
Moreover, the integration of multi-modal CCC networks remains
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crucial for understanding bodily disharmony and reconciliation
mechanisms from an integrated TCM and Western medicine per-
spective.

In CCC network analysis, the primary challenge involves ac-
curately identifying key CCC network targets, including essential
CCC sub-networks, cell types, and signaling molecules such as
secreted ligands, metabolites, and EVs from sender cells, along
with their corresponding targets in receiver cells. Recent ad-
vances in single-cell and spatial omics technologies facilitate high-
resolution classification of numerous cells while accurately quan-
tifying molecular profiles at single-cell resolution. These develop-
ments provide unprecedented technical support for investigating
TCM targets at the cellular and molecular levels. For example, Li
et al. developed scRank, an Al-driven method that determines
drug-responsive cell types by modeling in silico perturbations us-
ing untreated single-cell RNA-seq data through target-perturbed
gene regulatory networks '”°. This method demonstrated how
tanshinone IIA, a bioactive compound from Danshen, achieves
anti-MI effects by targeting specific pro-inflammatory macro-
phage subpopulations. As single-cell and spatial multi-omics tech-
nologies progress, the integration of multi-modal omics data for
CCC network target inference increasingly relies on Al methods
such as transfer learning '*°. These methods have demonstrated
significant success in integrating multi-view biological networks,
providing robust tools for systematic and precise exploration of
CCC mechanisms in TCM network pharmacology.

In experimental validation of CCC network targets, the
primary challenge centers on accurately identifying target cell
types and corresponding molecules for specific ingredients,
herbs, or TCM formulas. Organoid technology has recently
emerged as a transformative approach for understanding CCC
mechanisms in specific contexts '*’. This system enables re-
searchers to examine how autocrine, paracrine, juxtacrine, and
EV-based signaling regulate tissue homeostasis, disease progres-
sion, and therapeutic responses. Notably, organoids maintain
native human genetic and epigenetic features, enabling more ac-
curate disease modeling and real-time manipulation (e.g., genetic
perturbations, compound treatments) to validate CCC mechan-
isms, as demonstrated in recent studies '***"". However, TCM
syndromes (e.g., “Kidney Yang Deficiency” or “Liver Qi Stagna-
tion”) represent system-level imbalances that prove particularly
challenging to model using current single-tissue organoid sys-
tems, while key syndrome indicators like pulse quality, tongue
coating, or subjective symptoms remain unmeasurable in vitro.
Future developments require breakthroughs in integrated multi-
tissue organoid systems that mimic whole-body “visceral mani-
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Fig. 3 Challenges and future directions. For ingredient identification, the incorporation of Al methodologies such as LLMs promises to transform the efficiency and accur-
acy of ingredient intelligent annotation and identification. For the network construction, the Al-based approaches for metabolite- and EV-based CCC inference are urgent ex-
cept for the LRI-mediated CCC inference. For the network analysis, the key challenge is the accurate identification of the key CCC network targets, including key CCC sub-net-
works, cell types, and signaling molecules such as secreted ligands, metabolites, and EVs derived from sender cells, as well as their corresponding targets in receiver cells.
For the experimental validation, future direction lies in the breakthrough of integrated multi-tissue organoid systems mimicking whole-body “visceral manifestations” and

measurable biomarkers for TCM syndromes.
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festations” and measurable biomarkers for TCM syndromes.

The findable, accessible, interoperable, and reusable (FAIR)
principles and data standardization are fundamental to advan-
cing modern research, particularly in data-driven fields such as
bioinformatics, network pharmacology, and systems biology. The
FAIR principles provide a conceptual framework for optimizing
data usability, and data standardization ensures practical imple-
mentation by establishing consistent formats, protocols, and
metadata schemas. While some databases and Al methods in-
volving TCM network pharmacology are not currently available,
most align with FAIR data principles (Table 1 in our revised
manuscript). Regarding data standardization for databases and
Al methods related to TCM network pharmacology, its imple-
mentation faces significant challenges. One of the primary chal-
lenges is the diversity of data formats, structures, and processing
protocols across different databases, technologies, Al methods,
etc. For instance, the bulk RNA-seq data is a dense matrix with
limited samples. ScCRNA-seq data are typically represented as
sparse matrices and often require imputation of gene expression
values, resulting in diverse and sometimes incompatible stand-
ardization protocols *”'. The lack of universally accepted stand-
ards has further encouraged the use of proprietary or domain-
specific solutions, which hampers data interoperability. Under
such circumstances, researchers frequently prioritize conveni-
ence over compliance, leading to inconsistent practices —an is-
sue particularly problematic for Al-based analyses. This is partly
because certain Al methods require customized or task-specific
standardization to achieve optimal predictive performance in
TCM network pharmacology. Beyond adherence to the FAIR data
principles, future work should emphasize the development of ro-
bust computational and experimental standardization frame-
works, capitalizing on the rapid progress and reproducibility of
Al methodologies to ensure greater consistency, interoperability,
and reliability in data use.

In summary, the integration of Al-driven computational
methods with high-resolution and high-throughput single-cell or
spatial omics technologies establishes a transformative research
paradigm for advancing ingredient identification, network con-
struction, and network analysis in TCM network pharmacology.
The field requires the development of TCM-specific Al methodo-
logies and validation approaches that incorporate traditional
medical knowledge and theoretical frameworks. These special-
ized approaches will enhance the systematic evaluation of thera-
peutic efficacy and elucidate the mechanisms of action and active
ingredients, also known as functional components of TCM. The
convergence of advanced computational and experimental tech-
nologies with TCM principles creates a bridge between modern
systems biology and traditional medicine, providing significant
opportunities for advancing TCM network pharmacology re-
search and modernization.
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The cover design illustrates the advancements in the network pharmacology of tradi-
tional Chinese medicine (TCM) driven by artificial intelligence. The herbal plant sym-
bolizes the chemical characterization of the material basis in TCM. The glowing and
translucent human figure, along with several luminous spheres, represents the com-
plex and dynamic cell-cell communication (CCC) network in the healthy and diseased
human body, highlighting its crucial for understanding the physiological, pathological,
and pharmacological mechanisms. Furthermore, the background visible binary codes
and the connection between the herbal plant and human body emphasize the develop-
ment trend and future direction of Al-driven TCM network pharmacology, including
the ingredient identification, CCC network construction, and CCC network analysis us-
ing Al methods. In summary, the cover employs symbolic visuals to align with the art-
icle’s emphasis on the Al technology and CCC network as the next paradigm-shifting
force in TCM network pharmacology.
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