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Abstract 

Network pharmacology plays a pivotal role in systems biology, bridging the gap between traditional Chinese 
medicine (TCM) theory and contemporary pharmacological research. Network pharmacology enables researchers 
to construct multilayered networks that systematically elucidate TCM’s multi-component, multi-target mechanisms 
of action. This review summarizes key databases commonly used in network pharmacology, including those focused 
on herbs, components, diseases, and dedicated platforms for network pharmacology analysis. Additionally, we 
explore the growing use of network pharmacology in TCM, citing literature from Web of Science, PubMed, and CNKI 
over the past two decades with keywords like “network pharmacology”, “TCM network pharmacology”, and “herb 
network pharmacology”. The application of network pharmacology in TCM is widespread, covering areas such as iden-
tifying the material basis of TCM efficacy, unraveling mechanisms of action, and evaluating toxicity, safety, and novel 
drug development. However, challenges remain, such as the lack of standardized data collection across databases 
and insufficient consideration of processed herbs in research. Questions also persist regarding the reliability of study 
outcomes. This review aims to offer valuable insights and reference points to guide future research in precision TCM 
network pharmacology.
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Introduction
In October 2007, British pharmacologist Andrew L. 
Hopkins first introduced the concept of “network phar-
macology” in Nature Biotechnology, establishing it as a 
specialized branch of pharmacology that utilizes biologi-
cal network approaches to analyze the synergistic inter-
actions between drugs, diseases, and therapeutic targets, 
focusing on “multi-target, multi-pathway” mechanisms 

[1, 2]. According to Hopkins, drugs exert their therapeu-
tic effects through interactions among multiple targets 
within biological networks. Network pharmacology has 
emerged as a natural extension of life sciences, advanc-
ing towards systems biology. It synthesizes elements 
from systems biology, bioinformatics, and computational 
network science to analyze the complex molecular rela-
tionships between drugs and the human body from a sys-
temic perspective, offering insights into comprehensive 
pharmacological mechanisms. This integrative approach 
now plays a pivotal role in guiding both new drug devel-
opment and clinical practices. As a cutting-edge disci-
pline, it leverages artificial intelligence (AI) and big data 
to drive more systematic approaches in pharmaceutical 
research [3–5].
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Network pharmacology emphasizes the importance of 
biological network equilibrium and perturbation, assert-
ing that the fundamental cause of disease is network 
imbalance [6]. Key technologies in network pharmacol-
ogy analysis include random network generation and 
comparison, network stratification and clustering, net-
work visualization, and network topology analysis. Net-
work topology analysis specifically involves parameters 
like degree, betweenness, shortest path, central nodes, 
and modularity. By leveraging network topology analy-
sis, researchers can examine multi-layered networks to 
isolate critical chemical components and core targets, 
allowing for the prediction of essential drug components 
and therapeutic targets. This approach enables a thor-
ough clarification of the underlying mechanisms of drug 
action [7, 8].

Traditional Chinese medicine (TCM) is a profound 
cultural heritage of China, known for its comprehensive 
and systematic approach to healthcare. What set TCM 
apart is its emphasis on treating the human body as an 
integrated system, a holistic principle that defines its 
diagnostic and therapeutic methods. According to TCM 
theory, the body functions as a complex, interconnected 
system, and diseases emerge from the imbalance caused 
by the interaction of multiple factors. Illness disrupts this 
intricate network, leading to an imbalance that underlies 
the development of disease. TCM uses herbal formulas 
based on the principles of “the seven relations of medici-
nal compatibility” and the roles of “chief, deputy, assis-
tant, and envoy”. This approach customizes treatment 
according to individual patient presentations—whether 
cold, heat, warmth, or coolness—targeting specific symp-
toms to restore balance and optimize the body’s func-
tional networks [9]. As TCM continues to gain global 
recognition, its integration with modern scientific meth-
ods remains a key challenge. The traditional research 
model, focused on “single target, single disease, and sin-
gle drug” has long been the standard in pharmacology. 
However, this reductionist approach fails to address the 
multi-component, multi-target mechanisms of TCM for-
mulas, which presents an ongoing challenge for research-
ers [10]. To address this gap, innovative approaches are 
needed to better understand the scientific mechanisms 
underlying TCM’s therapeutic effects, bridging the divide 
between traditional practices and modern scientific 
understanding.

The integration of TCM and network pharmacology 
dates back to the 1990s (Fig.  1). In 1999, Li Shao from 
Tsinghua University introduced the hypothesis linking 
TCM and biomolecular networks at the annual meeting 
of the China Association for Science and Technology, 
marking the beginning of research in TCM network phar-
macology [11]. Since 2002, Li Shao’s team has pioneered 

research from a systematic network perspective, explor-
ing the biomolecular networks underlying TCM syn-
dromes and how these networks are modulated by the 
herbal formulas. They were the first to illustrate the bio-
molecular networks of cold and heat syndromes and the 
regulatory impact of corresponding herbal formulas. 
Their findings uncovered a modular relationship linking 
TCM phenotypes, molecular mechanisms, and herbal 
treatments. They clarified the pathway of herbs leading 
to active components, which then interact with biological 
targets to influence diseases, providing insight into the 
synergistic multi-component and multi-target regulatory 
mechanisms of herbal formulas in disease treatment [12–
14]. Extensive practice over the years has demonstrated 
that network pharmacology shares core principles with 
TCM. The alignment between network pharmacology’s 
systems-based methodology and TCM’s foundational 
holistic theories has proven highly complementary [15, 
16]. A comprehensive literature review spanning the past 
two decades was conducted using the keywords “network 
pharmacology”, “TCM network pharmacology”, and “herb 
network pharmacology” across major databases such as 
Web of Science, PubMed, and CNKI. The findings indi-
cate that network pharmacology has been extensively 
applied to explore and elucidate the pharmacological 
mechanisms underlying traditional Chinese medicine 
(TCM) [17–19].

This review aims to provide a comprehensive overview 
of the databases and methodologies used in network 
pharmacology, as well as its applications in exploring the 
active components, mechanisms of action, safety, and 
development of new drugs from TCM, offering a refer-
ence for future research in the field.

Common databases in TCM network pharmacology
Network pharmacology research relies heavily on a 
diverse array of databases. In recent years, the rapid 
advancement of big data and AI has led to the emergence 
of numerous databases. Most of these databases encom-
pass a vast collection of foundational experimental data, 
along with potential chemical components and target 
information predicted through various algorithms [20]. 
These databases form the bedrock of network pharma-
cology studies and can be categorized into herbal data-
bases (Table 1), chemical component databases (Table 2), 
disease databases (Table  3), and network pharmacology 
analysis platforms (Table 4). This section offers an over-
view of the key content and functions of frequently uti-
lized databases in network pharmacology research.

Herbal databases
Traditional Chinese Medicine Systems Pharmacology 
Database and Analysis Platform (TCMSP) [21] includes 
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500 varieties of herbs from 38 categories as outlined in 
the 2010 edition of the “Chinese Pharmacopoeia”. It pro-
vides related chemical components and pharmacokinetic 
characteristics such as oral bioavailability (OB), drug 
similarity (DL), permeability in intestinal epithelial cells, 
the blood–brain barrier, and water solubility, alongside 
3,339 potential targets sourced from the DrugBank data-
base. Accessible at https://​tcmsp-e.​com/, it supports data 
queries related to herbs, chemical components, targets, 
and diseases, enabling users to delve into detailed pages 
via the corresponding TCMSP ID. One notable feature 
of TCMSP is its capability to screen and analyze chemi-
cal components, allowing users to filter pharmacokinetic 
parameters like OB and DL to identify target chemical 
components and their corresponding targets. The filtered 
information can then be imported into Cytoscape soft-
ware for visual network analysis.

The Encyclopedia of Traditional Chinese Medicine 
(ETCM) [22, 23] encompasses 403 kinds of herbs from 
the 2015 edition of the “Chinese Pharmacopoeia”, along 
with 3,962 Chinese herbal formulations approved by 
the China National Medical Product Administration, 
7274 chemical components obtained through manual 
retrieval from the PubChem database, and 3,027 dis-
ease entries sourced from HPO, OMIM, DisGeNET, 
and ORPHANET databases. Available at http://​www.​
tcmip.​cn/​ETCM/, it offers comprehensive information 
on herbs, Chinese herbal formulations, chemical com-
ponents, and corresponding targets, along with GO and 
KEGG enrichment analysis functions. Users can also pre-
dict new drug target information based on known chemi-
cal structures, and ETCM includes a systematic analysis 
function to explore relationships between herbs, formu-
lations, components, gene targets, relevant pathways, and 
diseases, thereby establishing connected entity networks.

Symptom Mapping (SymMap) [24] includes 499 kinds 
of herbs from the 2015 edition of the “Chinese Pharma-
copoeia”, 1717 manually organized and standardized 
Chinese medicine symptoms, 961 Western medicine 
symptoms mapped to Chinese medicine symptoms via 
the UMLS database, 19,595 drug components from 
TCMID, TCMSP, and TCM-ID databases, 4302 drug 
targets from HIT, TCMSP, HPO, DrugBank, and NCBI 
databases, and 5235 diseases from OMIM, MeSH, and 
Orphant databases. SymMap contains 6638 connec-
tions between herbs and Chinese medicine symptoms, 
2978 connections between Western medicine and TCM 
symptoms, 12,107 connections between Western medi-
cine symptoms and diseases, and 48,372 connections 
between herbs and components. Available at http://​www.​
symmap.​org/, it serves as an integrative database focused 
on the interplay between TCM and Western medicine. 
Users can browse and download entity information and 

interaction relationships from the homepage. Further-
more, the SymMap database presents an association net-
work between entities, where information can also be 
filtered by parameters such as P values, FDRs (BH), and 
FDR (Bonferroni).

A Bioinformatics Analysis Tool for Molecular Mecha-
nism of Traditional Chinese Medicine (BATMAN-TCM) 
[25] features 54,832 Chinese herbal formulations from 
TCMID, TCM-Suite, LTM-TCM, and ITCM databases, 
8404 herbs from TCMID, TCM-Suite, HERB, and ITCM 
databases, 39,171 chemical components from TCMID, 
TCM-Suite, HERB, and ITCM databases, 9927 target 
proteins from the SWISS-PROT database, 217 pathways 
from the KEGG database, 11,931 functional entries from 
the Gene Ontology database, 5128 diseases from the 
OMIM database, and 1504 disease entries from the TTD 
database. Accessible at http://​bionet.​ncpsb.​org.​cn/, it is 
dedicated to analyzing the action mechanisms of medi-
cine, featuring functions such as chemical component 
target prediction, functional analysis, and visualization of 
component–target–disease/pathway networks. Users can 
input herbal formulations, herb names, PubChem IDs, or 
InChIKey codes, and BATMAN-TCM will automatically 
retrieve constituent compounds and targets for further 
analysis. Additionally, it supports multi-threaded analy-
sis, enabling users to submit multiple tasks, with a Venn 
diagram displaying target comparisons between tasks 
and enrichment results shown in a consolidated manner 
on the functional enrichment analysis page.

Traditional Chinese Medicine Integrative Database 
(TCMID) [26] compiles 46,914 herbal formulations from 
literature mining, 8159 herbs from the TCM-ID database 
and literature sources, 25,210 chemical components of 
from TCM-ID, HIT, TCM@Taiwan databases, and litera-
ture mining, 17,521 targets from HIT, STITCH, OMIM, 
FrugBank, and literature, 3791 disease entries from the 
OMIM database, and 6,826 drugs from the DrugBank 
database. Accessible at http: //wwwmegabionet.org/
tcmid/, it aims to establish connections between disease 
targets and those of herbs, inferring potential therapeu-
tic targets. Its primary focus is on network visualization 
and predicting unknown drug targets. If two chemical 
components interact with the same protein or different 
proteins based on the network, users can infer potential 
synergistic or antagonistic effects. If a component of herb 
interacts with a disease target protein, it suggests thera-
peutic mechanisms, and if the components share action 
targets with drugs in the DrugBank database, it infers 
potential therapeutic targets.

A High-throughput Experiment-and Reference-guided 
Database of Traditional Chinese Medicine (HERB) [27] 
includes 7263 kinds of herbs and their processed products 
from SymMap, TCMID, TCMSP, and TCM-ID databases, 

https://tcmsp-e.com/
http://www.tcmip.cn/ETCM/
http://www.tcmip.cn/ETCM/
http://www.symmap.org/
http://www.symmap.org/
http://bionet.ncpsb.org.cn/
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49,258 chemical components, 1037 high-throughput 
sequencing experimental data from the NCBI GEO data-
base, and 1966 references related to herbs and its com-
ponents from the past decade, along with 12,933 targets 
from SymMap, HIT, TCMSP, and TCMID databases, and 
28,212 diseases from the DisGetNet database. Accessible 
at,http://​herb.​ac.​cn/ it integrates high-throughput exper-
imental data with literature data mining, offering func-
tions like browsing, searching, viewing, and downloading 
data related to herbs, components, target genes, diseases, 
high-throughput experiments, and reference data, while 
displaying GO and KEGG enrichment results. The high-
throughput data within HERB is also visualized, allowing 
users to select different datasets for display.

Similar databases include TCM Database@TaiWan 
[28], which features 443 herbs, over 20,000 compounds, 
and their three-dimensional structural information. 
Accessible at http://​tcm.​cmu.​edu.​tw/, it enables docking 
of small molecule drugs with macromolecules for com-
puter-aided drug design. The Traditional Chinese Medi-
cine Information Database (TCM-ID) [29], developed 
by the National University of Singapore, includes 1588 
herbal formulations, 1313 herbs, 5669 chemical com-
ponents, and 3725 three-dimensional structures. Avail-
able at https://​www.​bidd.​group/​TCMID/, it supports 
drug target enrichment analysis and visualization of 
gene expression from individual patient samples. Herbal 
Ingredients’ Targets Database (HIT) [30] features 1250 
varieties of herbs, 1237 chemical components, 2208 tar-
gets, 10,031 compound-target activity pairs, 1231 thera-
peutic targets, and 56 micro-RNA targets. Accessible at 
http://​www.​badd-​cao.​net:​2345/, it supports drug target 
prediction alongside querying functions.

Databases such as TCMSP, ETCM, and HERB repre-
sent some of the most widely recognized resources for 
herbal information. TCMSP exclusively catalogs plant-
based herbs, omitting data on minerals and animal-
derived substances. In contrast, HERB is considered one 
of the most comprehensive herbal repositories, incorpo-
rating a broad spectrum of data on plant-derived, animal-
based, and mineral-origin herbs, alongside information 
on processed herbal products. Furthermore, specialized 
databases like SymMap, BATMAN-TCM, and TCMID 
extend beyond basic herbal data, emphasizing the intri-
cate associations between herbs and various diseases.

Chemical component databases
PubChem (https://​pubch​em.​ncbi.​nlm.​nih.​gov/) [31] is 
an extensive database that encompasses 118,596,691 
compounds, 322,395,335 substances, and 295,360,133 
biological activities, along with 41,558,769 literature ref-
erences, 113,242 gene records, 248,298 protein entries, 
and 241,163 pathway details. It facilitates the retrieval 

of compounds through various identifiers such as names 
and molecular formulas and supports the download of 
both 2D and 3D structural representations. Users can 
find detailed information regarding the chemical and 
physical properties, biological activities, safety and toxic-
ity, patents, and literature citations.

Swiss ADME (http://​www.​swiss​adme.​ch/) [32] serves 
as a small molecule drug design platform, enabling 
researchers to compute physicochemical descriptors and 
predict ADME parameters, pharmacokinetic properties, 
drug-like characteristics, and the medicinal chemistry 
friendliness of single or multiple small molecules, thereby 
aiding in drug discovery efforts.

ChEMBL (https://​www.​ebi.​ac.​uk/) [33] features 
2,431,025 distinct compounds, nearly 16,000 targets, and 
20,772,701 recorded activities, along with 89,892 publi-
cations and 262 deposited datasets. This platform allows 
users to retrieve comprehensive information about com-
pounds and targets, predict therapeutic targets, and 
search for structurally similar compounds based on spe-
cific structures.

The Drug-Gene Interaction Database (DGIdb) (https://​
www.​dgidb.​org/) [34] hosts data on over 10,000 genes 
and 20,000 drugs linked to nearly 70,000 drug-gene inter-
actions, classified into 43 potentially druggable gene cat-
egories. Users can explore drug–gene interactions and 
input lists of genes to identify all known or potentially 
druggable genes within their specified sets.

The Comparative Toxicogenomics Database (CTD) 
(https://​ctdba​se.​org/) [35] includes information on 
17,100 chemicals, 54,300 genes, 6100 phenotypes, 7270 
diseases, and 202,000 exposure statements. It allows 
users to investigate the chemical–gene/protein interac-
tions, chemical–disease relationships, and gene-disease 
relationships.

Search Tool for Interactions of Chemicals Dataset 
(STTTCH) (http://​stitch.​embl.​de/) [36] is designed for 
predicting interaction relationships between chemicals 
and genes. Users can input individual or multiple genes/
chemicals, chemical structures, or protein sequences 
to ascertain predicted chemical compound–gene 
interactions.

DrugCentral (https://​drugc​entral.​org/) [37] features 
4927 active chemical compounds and 112,359 FDA-
approved drugs, providing comprehensive information 
on active ingredients, chemical entities, drug products, 
mechanisms of action, indications, and pharmacological 
properties. It also supports drug similarity searches.

DrugBank (https://​go.​drugb​ank.​com/) [38] hosts a 
comprehensive database containing 4563 FDA-approved 
drugs, 6231 investigational compounds, 6231 drug–drug 
interactions, 2475 drug–food interactions, and 5236 
drug-related targets, alongside thousands of pathways. 

http://herb.ac.cn/
http://tcm.cmu.edu.tw/
https://www.bidd.group/TCMID/
http://www.badd-cao.net:2345/
https://pubchem.ncbi.nlm.nih.gov/
http://www.swissadme.ch/
https://www.ebi.ac.uk/
https://www.dgidb.org/
https://www.dgidb.org/
https://ctdbase.org/
http://stitch.embl.de/
https://drugcentral.org/
https://go.drugbank.com/
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https://pubchem.ncbi.nlm.nih.gov/
http://www.swissadme.ch/
https://www.ebi.ac.uk/
https://www.dgidb.org/
https://ctdbase.org/
http://stitch.embl.de/
https://drugcentral.org/
https://go.drugbank.com/
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It serves as a powerful tool for searching information on 
drugs, targets, pathways, and indications, as well as for 
querying drug–drug and drug–food interactions.

PubChem is the world’s largest repository of chemical 
compounds, offering comprehensive access to virtually 
any desired compound. DrugBank, on the other hand, 

focuses predominantly on chemical drugs, with limited 
representation of natural small-molecule compounds. 
Swiss ADME stands out for its predictive capabilities, 
enabling researchers to estimate the ADME (Absorp-
tion, Distribution, Metabolism, and Excretion) proper-
ties of input chemical compounds. Additional databases, 

Table 3  Diseases databases related to network pharmacology

Database URL Description Function Refs

DisGeNET https://​disge​net.​cn/ DisGeNET encompasses data on 5,912 diseases, 
1,915 long non-coding RNAs (LncRNAs), 16,065 
protein-coding genes, 2,611 microRNAs, and 447,382 
interactions

– Explore interactions between diseases 
and LncRNAs, protein-coding genes, 
and microRNAs
– Retrieve specific diseases and gene 
information
– Download relevant datasets

[39]

GeneCards https://​www.​genec​ards.​org/ GeneCards hosts 466,227 genes, including 43,850 
HGNC-approved genes, 21,612 protein-coding genes, 
and 291,831 RNA genes (comprising 130,757 lncRNAs, 
111,811 piRNAs, and 49,263 other ncRNAs), as well 
as 20,956 disease-associated genes and 128,261 
functional elements

– Identify disease-related targets
– Access comprehensive gene information
– View interactive pathway network maps

[40]

OMIM
(Online 
Mendelian 
Inheritance 
in Man)

https://​www.​omim.​org/ OMIM includes 17,375 gene descriptions, 14 gene–
phenotype combinations, 6,895 phenotype descrip-
tions with known molecular bases, 1,499 phenotype 
descriptions or loci with unknown molecular bases, 
and 1,736 additional phenotypes, mostly suspected 
of having a Mendelian inheritance basis

– Search for disease-related targets
– Access detailed gene-related information

[41]

HPRD
(Human 
Protein 
Reference 
Database)

http://​www.​hprd.​org/ HPRD provides data on 30,047 protein entries, 41,327 
protein–protein interactions, 93,710 post-translational 
modifications (PTMs), 112,158 protein expression 
profiles, 22,490 subcellular localizations, 470 domains, 
and 453,521 PubMed links

– Offers extensive protein annotations, 
including expression profiles, classifica-
tions, and structural domains

[42]

Table 4  Network pharmacology analysis platforms and databases

Database URL Description Function Ref

STRING https://​cn.​string-​db.​org/ STRING integrates data from 12,535 organ-
isms, 59.3 million proteins, and over 20 billion 
protein–protein interactions

– Search for single or multiple proteins
– Construct protein–protein interaction 
networks
– Perform GO/KEGG enrichment analysis

[43]

RCSB PDB https://​www.​rcsb.​org/ Contains 224,931 protein structures 
and 1,068,577 computed structure models

– Provides access to detailed 3D protein 
structures

[44]

DAVID https://​david.​ncifc​rf.​gov/ A platform for GO/KEGG enrichment analysis – Functional annotation tools
– Gene functional classification tools
– Gene ID conversion tools
– Gene name batch viewer

[45]

Metascape https://​metas​cape.​org/ A GO/KEGG enrichment analysis platform – Gene ID conversion
– Enrichment analysis tools

[46]

MINT
(Molecular 
Interaction 
Database)

https://​mint.​bio.​uniro​ma2.​it/ Includes data on 607 species, 139,547 interac-
tions, 27,756 interactors, and 6,425 publications

– Provides insights into protein–protein interac-
tion networks

[47]

KEGG
(Kyoto 
Encyclopedia 
of Genes 
and Genomes)

https://​www.​kegg.​jp/ Includes 573 pathway maps, 201 functional 
hierarchies, 489 KEGG modules, and 48 reaction 
modules

– Pathway search and visualization
– Search for pathways by gene names

[48]

https://disgenet.cn/
https://www.genecards.org/
https://www.omim.org/
http://www.hprd.org/
https://cn.string-db.org/
https://www.rcsb.org/
https://david.ncifcrf.gov/
https://metascape.org/
https://mint.bio.uniroma2.it/
https://www.kegg.jp/
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including ChEMBL, DGIdb, and CTD, are valuable 
resources for retrieving detailed information on chemi-
cal compounds and their molecular targets. Selecting an 
appropriate chemical database should align with the spe-
cific goals of the research being conducted.

Disease databases
DisGeNet (https://​disge​net.​cn/) [39] encompasses 
5912 diseases, 1915 LncRNAs, 16,065 protein-coding 
genes, and 2611 MicroRNAs, alongside 447,382 interac-
tion relationships. It enables users to query interactions 
between diseases and LncRNAs, protein-coding genes, 
and MicroRNAs while supporting specific disease-gene 
information retrieval and data downloads.

GeneCards (https://​www.​genec​ards.​org/) [40] is a com-
prehensive database featuring 466,227 genes, including 
43,850 HGNC-approved genes, 21,612 protein-coding 
genes, and 291,831 RNA genes, comprising 130,757 lncR-
NAs, 111,811 piRNAs, and 49,263 other ncRNAs. The 
database also lists 20,956 disease-associated genes and 
128,261 functional elements. GeneCards facilitates the 
retrieval of disease-related targets, gene-specific infor-
mation, and provides interactive pathway network maps.

The Online Mendelian Inheritance in Man (OMIM) 
database [41] features 17,375 gene descriptions, 14 com-
bined gene and phenotype entries, 6895 phenotypes with 
known molecular bases, 1499 phenotypes with unknown 
molecular bases, and 1736 entries primarily relating to 
suspected Mendelian phenotypes. The OMIM database 

(https://​www.​omim.​org/) allows users to query disease-
related targets and gene-specific information.

Human Protein Reference Database (HPRD) [42] offers 
30,047 protein entries, 41,327 protein–protein interac-
tions, 93,710 post-translational modifications (PTMs), 
112,158 protein expression datasets, 22,490 subcellular 
localizations, 470 domains, and 453,521 PubMed links. 
HPRD (http://​www.​hprd.​org/) provides a wealth of pro-
tein annotation information, including expression pro-
files, classifications, and structural domains.

Databases like DisGeNet, GeneCards, and OMIM 
serve as rich repositories of disease-related target data, 
though their scope of coverage and data curation stand-
ards differ. To ensure a more comprehensive identifica-
tion of disease-associated targets, researchers typically 
integrate data from multiple sources, leveraging the 
unique strengths of DisGeNet, GeneCards, and OMIM.

Network pharmacology analysis platforms
STRING (https://​cn.​string-​db.​org/) [43] is a comprehen-
sive database comprising 12,535 organisms and over 59.3 
million proteins, encompassing approximately 20 billion 
documented protein interaction relationships. The plat-
form enables users to retrieve information on individual 
or multiple proteins, construct protein–protein interac-
tion networks, and conduct Gene Ontology (GO) and 
KEGG pathway enrichment analyses.

RCSB PDB (https://​www.​rcsb.​org/) [44] hosts 224,931 
protein structures and 1,068,577 computationally derived 

Fig. 1  Timeline of network pharmacology development

https://disgenet.cn/
https://www.genecards.org/
https://www.omim.org/
http://www.hprd.org/
https://cn.string-db.org/
https://www.rcsb.org/
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structural models, providing valuable access to the three-
dimensional structures of various proteins, which is 
essential for understanding their functional mechanisms.

DAVID (https://​david.​ncifc​rf.​gov/) [45] and Metascape 
(https://​metas​cape.​org/) [46] serve as powerful platforms 
for GO and KEGG enrichment analyses, offering func-
tionalities for Gene ID conversion alongside comprehen-
sive enrichment analysis capabilities.

The Molecular Interaction Database (MINT) (https://​
mint.​bio.​uniro​ma2.​it/) [47] consists of data on 607 spe-
cies, encompassing 139,547 interaction relationships and 
27,756 unique interactors, alongside 6425 related publi-
cations. MINT is designed to facilitate the exploration of 
protein–protein interaction relationships.

The Kyoto Encyclopedia of Genes and Genomes 
(KEGG) (https://​www.​kegg.​jp/) [48] comprises 573 path-
way maps, 201 functional hierarchies, 489 KEGG mod-
ules, and 48 reaction modules. This platform allows for 
extensive pathway retrieval and visualization, enabling 
users to search for specific pathways that involve particu-
lar genes by their gene names. In network pharmacology 
research, the STRING and MINT databases are widely 
utilized for constructing PPI networks. For GO func-
tional enrichment analysis and KEGG pathway enrich-
ment analysis, platforms such as DAVID and Metascape 
are frequently employed. The RCSB PDB database is 
indispensable for accessing three-dimensional protein 
structures, which are crucial for molecular docking stud-
ies. Given the diverse functionalities of network phar-
macology analysis platforms, researchers are advised to 
choose the platform that best aligns with their specific 
research objectives.

Conclusion
The herbal, chemical compound, and disease databases, 
along with network pharmacology analysis platforms 
mentioned above, are integral tools in contemporary 
TCM network pharmacology research. Each database 
type offers unique data, as detailed in this discussion of 
their specific contents and functionalities. To enhance 
the reliability and robustness of network pharmacol-
ogy outcomes, researchers are encouraged to synthesize 
data from multiple databases in conjunction with insights 
from existing literature.

Current status of TCM network pharmacology 
research
As research in TCM network pharmacology continues to 
advance, it becomes evident that the primary focus lies 
in four critical areas: the identification of the material 
basis of TCM efficacy, the elucidation of its mechanisms 
of action, the evaluation of TCM toxicology and safety, 
and the development of novel TCM drugs. This section 

will thoroughly explore these focal points, offering an in-
depth analysis of the latest advancements in TCM net-
work pharmacology (Fig. 2).

Exploration of the material basis for the efficacy of TCM
The efficacy of TCM relies on a complex array of chemi-
cal substances within individual herbs or herbal formulas. 
Identifying specific effective components is challeng-
ing due to this complexity. Traditionally, research on 
the material basis of TCM efficacy follows a systematic 
process: extraction, separation, purification, structural 
identification, and experimental validation. While this 
methodology yields relatively reliable results, it is often 
time-consuming and less efficient [49].

In contrast, network pharmacology offers a novel 
approach by constructing networks that link drugs, com-
pounds, targets, and diseases. This method allows for the 
mapping of potential chemical compounds to targets, 
elucidating the material basis for therapeutic effects and 
predicting key intervention targets. As network phar-
macology becomes more prominent, it is increasingly 
employed to predict the efficacy material basis of TCM 
[50, 51]. For instance, Hou et  al. [52] utilized network 
pharmacology to identify the effective components of 
Scutellaria Baicalensis in treating oral leukoplakia. Their 
work involved constructing protein–protein interaction 
(PPI) networks alongside “compound–target–disease” 
and “compound–target–pathway” networks, leading to 
the identification of 25 active chemical components and 
31 key targets. Molecular docking further validated bai-
calein as a principal active ingredient. Similarly, Lou et al. 
[53] investigated the active constituents and mechanisms 
of Morodan, a TCM formulation for atrophic gastritis, 
through network pharmacology. They compiled a “drug–
component–target” network that identified 724 poten-
tial active compounds and 961 targets, from which 179 
potential therapeutic targets for atrophic gastritis were 
identified. Based on their degree of connectivity, the top 
10 targets in the constructed PPI network were selected 
as core targets, which were then subjected to both in vivo 
and in  vitro validation. Thakur et  al. [54] researched 
Thymus linearis Benth. (TL) for gastrointestinal and 
neurological conditions, revealing that the 77 chemi-
cal components and 717 targets identified via network 
pharmacology were significantly linked to the neural 
ligand–receptor interaction pathways. Core therapeutic 
components identified included beta-citronellol, piperi-
tol, p-cymen-8-ol, and alpha-humulene. The integra-
tion of high-performance liquid chromatography-mass 
spectrometry (HPLC–MS) with network pharmacology 
has significantly improved the accuracy of predicting 
active chemical components. Cao et  al. [55] employed 
UPLC combined with network pharmacology to analyze 

https://david.ncifcrf.gov/
https://metascape.org/
https://mint.bio.uniroma2.it/
https://mint.bio.uniroma2.it/
https://www.kegg.jp/
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the chemical components of citrus herbs, which pri-
marily consist of flavonoids, phenolic acids, lignans, 
coumarins, and alkaloids. Notably, Chenpi (Citri Reticu-
latae Pericarpium) exhibit high levels of flavonoids, while 
Huajuhong (Citri Grandis Exocarpium) displays a rich 
presence of coumarins. Guang Chenpi shows signifi-
cantly elevated levels of polymethoxyflavones. By utiliz-
ing HPLC–MS to detect components in blood or tissues 
and constructing a “component–target–network” dia-
gram based on blood components, the actual pharma-
cokinetics of the drug in animal models can be accurately 
represented. Yan et al. [56] utilized UHPLC-Q-TOF–MS 
technology combined with network pharmacology to 
identify the effective components of Suanzaoren decoc-
tion for treating anxiety, identifying a total of 110 chemi-
cal constituents, including 20 that were found in blood 
circulation. They uncovered 21 serum biomarkers related 
to the metabolism of arachidonic acid, tryptophan, sphin-
golipid, and linoleic acid, constructing a comprehensive 
“chemical component–target–pathway” network that 
includes 11 effective components, 4 therapeutic targets, 
and 2 action pathways. Chen et al. [57] investigated the 
material basis and mechanisms of Xijiao Dihuang Tang 
(XDT) in addressing diseases associated with blood-heat 
and blood-stasis syndrome. Utilizing HPLC-QTQF-MS/
MS, they identified 60 serum pharmacochemical con-
stituents of XDT and predicted that these corresponded 
to 338 targets mainly involved in key biological processes 
such as inflammation, coagulation, cell proliferation, and 
apoptosis through network pharmacology. Bai et al. [58] 
examined the active components of Wuwei Shexiang 
pills for anti-gout effects. Their analysis using UPLC-Q/
TOF–MS identified 38 active compounds, and network 
pharmacology in combination with molecular dock-
ing revealed 104 critical targets, with enrichment analy-
sis indicating involvement in signaling pathways such 
as MAPK and NF-κB. Furthermore, deducing chemi-
cal components from targets obtained through omics 
sequencing has emerged as a viable strategy in network 
pharmacology. Zhu et  al. [59] integrated network phar-
macology with metabolomics and 16S rRNA sequencing 
to explore the effective components of Maca Compounds 
Prescription (MCP) against fatigue, yielding 120 active 
components and 116 fatigue-related targets. Gut micro-
biome analysis suggested that MCP could effectively 
reshape the intestinal microbial ecosystem. Zhao et  al. 
[60] utilized network pharmacology to investigate the 
core chemical components and therapeutic targets of 
Kanglaite injection in treating triple-negative breast 
cancer, initially identifying 14 active compounds and 53 
therapeutic targets from public databases. Through bio-
informatics analyses, they further narrowed it down to 2 
active compounds and 3 core targets. Subsequent in vitro 

experiments validated that Kanglaite injection could 
inhibit triple-negative breast cancer by blocking the cell 
cycle and downregulating CDK1 expression. Lastly, Shi 
et al. [61] reported on the components of Eggplant used 
for treating chilblains, identifying 2 natural compounds 
alongside 42 known compounds, of which 11 exhibited 
anti-inflammatory activity and 27 demonstrated antioxi-
dant properties, primarily consisting of fatty acids, flavo-
noids, alkaloids, phenolic acids, saponins, and lignans.

Mechanisms of action of TCM
TCM and its formula have received extensive global rec-
ognition for their clinical efficacy. The multi-component 
nature of TCM enables it to act on multiple pathways 
and targets simultaneously, enhancing its pharmacologi-
cal efficacy in the treatment of various diseases. How-
ever, the understanding of TCM’s therapeutic advantages 
primarily relies on the accumulation of clinical experi-
ences from previous practitioners. Modern scientific 
approaches often employ single-molecule biological 
techniques, which can only validate the mechanisms of 
TCM formulas at individual molecular levels, failing to 
elucidate the broader multi-pathway and multi-target 
mechanisms [62].

Network pharmacology offers a promising alternative 
by constructing a comprehensive biological network of 
“herbs–components–targets–pathways–diseases”. This 
framework allows for the analysis of various signaling 
pathways and target networks regulated by TCM, provid-
ing a systematic understanding of its overall mechanisms 
in disease management [63]. For the effective compo-
nents and key targets identified through network phar-
macology, molecular docking techniques can simulate 
the interactions between drug molecules and their tar-
gets at a computational level, facilitating result validation. 
Additionally, these findings can be confirmed through 
in vivo and in vitro experiments. Shang et al. [64] utilized 
network pharmacology to investigate the mechanisms 
underlying the action of Sijunzi Decoction in treating 
colorectal cancer. Their “component–target–disease” 
network analysis revealed 144 effective components, and 
897 targets associated with Sijunzi Decoction. Molecular 
docking studies confirmed the binding affinities of core 
compounds with essential targets, while both cellular and 
animal model experiments demonstrated that Sijunzi 
Decoction primarily promotes apoptosis and autophagy 
in colorectal cancer cells by modulating the PI3K/Akt/
mTOR signaling pathway, thereby achieving its therapeu-
tic effects.

Zhou et  al. [65] explored the action mechanisms of 
Morodan in the treatment of chronic atrophic gastritis 
using network pharmacology. They constructed a “herbs–
biological functions” network, revealing that Morodan 
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affects several biological functions, including cell pro-
liferation and apoptosis, in the treatment of chronic 
atrophic gastritis. Subsequent cellular experiments vali-
dated that Morodan effectively inhibits the proliferation, 
apoptosis, and differentiation of GES-1 cells induced by 
1-methyl-3-nitro-1-nitrosoguanidine while also reducing 
their inflammatory response. Chen et al. [66] investigated 
the mechanisms of berberine in treating hyperlipidemia. 
Their findings suggested that berberine regulates 13 
metabolites, such as CE (16:1), HexCer (D18:1/19:0), and 
LPC (O-22:0), by targeting key pathways and mecha-
nisms, including CHPT1, PLA2G4A, LCAT, and UGCG, 
through glycerophospholipid and sphingolipid pathways, 
thereby effectively treating hyperlipidemia. Jiao et al. [67] 
investigated the mechanisms by which the active com-
ponent 6-shogaol in ginger exerts therapeutic effects 
on obesity. They found that 6-shogaol improves obesity 
by downregulating the expression of PPAR-γ and C/
EBP-α and reducing the phosphorylation levels of IRS-
1, PI3K, and AKT. Zhang et al. [68] studied the mecha-
nisms underlying the efficacy of the proprietary Chinese 
medicine formula, Zhuanggu Busui Formula (ZGBSF), 
in treating osteoporosis. Their component–target–dis-
ease network analysis revealed that ZGBSF can act on 
22 core targets to treat osteoporosis. Subsequent animal 
experiments confirmed that ZGBSF improves osteopo-
rosis by upregulating the expression levels of Caspase-3, 
Bax, and Prap while downregulating the phosphoryla-
tion levels of Bcl-2, AKT1, and PI3K. Zhu et  al. [69] 
explored the mechanisms of action of Xuanbai Chengqi 

Decoction (XCD) in the intervention of acute lung injury. 
Their component–target network identified 46 active 
components and 280 target genes of XCD. They further 
screened 753 differentially expressed genes (DEGs) from 
the acute lung injury model rats before and after admin-
istration using transcriptome sequencing. PPI network 
analysis indicated that VEGF, mTOR, AKT1, HIF-1α, 
and PI3K are core targets involved in the mechanism 
of action. Animal experiments demonstrated that XCD 
could downregulate the expression levels of TNF-α, IL-6, 
and IL-1β, alleviating pathological damage to lung tissue 
in rats, while also downregulating the protein expres-
sion levels of VEGF, mTOR, AKT1, HIF-1α, and PI3K 
to treat acute lung injury. Wang et al. [70] reported that 
Buyang Huanwu Decoction inhibits the progression of 
myocardial fibrosis by affecting the IL-17 signaling path-
way, improving fibroblast function in rats, and reducing 
the expression of inflammatory factors. Xiong et al. [71] 
discovered that Zuojin Capsule improves precancerous 
gastric lesions by inhibiting the expression levels of cyc-
lins CDK1, CCNB1, and CCNA2 in mice, suppressing 
the abnormal activation of the PI3K-AKT pathway and 
inducing cell cycle arrest at the G2/M phase. Li et al. [72] 
investigated the mechanisms of action of Citri Reticula-
tae Pericarpium (CRP) in treating type 2 diabetic osteo-
porosis. They constructed a “compound–target–disease” 
network revealing 5 chemical components and 63 thera-
peutic targets, with the PPI network analysis identifying 
AKT1, TP53, JUN, BCL2, MAPK1, NFKB1, and ESR1 
as core targets of CRP. Enrichment analysis suggested 

Fig. 2  Schematic diagram of the application of network pharmacology in traditional Chinese medicine research
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that CRP primarily exerts therapeutic effects by regulat-
ing oxidative stress and hormone levels. Kong et al. [73] 
analyzed the mechanisms through which Hydroxysafflor 
Yellow A ameliorates liver aging in mice. They identified 
199 potential targets through network pharmacology and 
480 DEGs via transcriptome sequencing. By integrating 
the two approaches, they identified key targets includ-
ing HSP90AA1, ATP2A1, NOS1, and CRAT, as well as 
critical pathways such as calcium signaling, estrogen 
signaling, and cGMP-PKG signaling. Finally, molecular 
docking was employed to validate the findings.

Toxicology and safety research of TCM
TCM is generally considered to have fewer adverse reac-
tions compared to chemical drugs when treating condi-
tions such as tumors and diabetes [74, 75]. Reports on 
the adverse reactions associated with TCM are limited. 
In recent years, the combination of Chinese and West-
ern medicine for treating complex diseases has become 
increasingly mainstream. However, this combination 
often leads to adverse reactions such as liver and kidney 
damage, which significantly compromise the effective-
ness of clinical treatments. Conventional toxicological 
assessments of TCM rely on patient mortality rates, bio-
chemical markers, and histopathological evaluations 
to determine safe and effective clinical dosages. Unfor-
tunately, these assessments may not comprehensively 
address the toxicological bases of TCM, potentially over-
looking harmful components present in certain formulas. 
Therefore, there is an urgent need to identify new meth-
ods for discovering toxic substances and assessing the 
safety of TCM [76–78].

Network pharmacology offers innovative approaches 
for investigating network toxicology and evaluating the 
safety of TCM. Network toxicology employs an inter-
action network involving “toxic components–targets–
herbs” to analyze the toxicological bases of herbs, predict 
adverse drug reactions. Enrichment analyses generate 
“toxic component–target–pathway” networks to eluci-
date the mechanisms underlying adverse reactions [79]. 
Zhang et al. [80] reported that several herbs induce oxi-
dative stress, by modulating key biomarkers such as 
SOD, MDA, GSH, ROS, GPx, Bax, caspase-3, Bcl-2, Nrf2, 
and NO, thereby causing liver damage. Jiang et  al. [81] 
explored the chemical components and mechanisms of 
liver toxicity induced by Heshouwu (Polygoni Multiflori 
Radix) through a combination of network toxicology and 
spatial metabolomics. They constructed an interaction 
network linking 8 toxic components with their respec-
tive targets, and conducted molecular docking analy-
ses based on enrichment results to evaluate the binding 
affinities of these toxic components with core targets. 
Their assessments, which included histopathological 

and serum biochemical evaluations in mouse mod-
els, indicated that the mechanisms behind Heshouwu’s 
hepatotoxicity are likely associated with lipid metabo-
lism disorders, ROS, and mitochondrial damage. Cao 
et  al. [82] applied network pharmacology to investigate 
the mechanisms underlying the hepatotoxicity induced 
by Shanglu (Phytolaccae Radix) in zebrafish larvae. The 
study revealed that the administration of Shanglu led to 
a significant increase in endogenous arachidonic acid 
levels, triggering oxidative stress responses. PCR analy-
sis demonstrated a marked upregulation of Caspase-3, 
Caspase-8, and Caspase-9 expression, while Western 
blot results confirmed elevated Caspase-3 protein lev-
els. These findings indicate that Shanglu disrupts amino 
acid metabolism in zebrafish, activates apoptosis-related 
proteins, and promotes hepatocyte apoptosis, shedding 
light on its hepatotoxic effects. He et  al. [83] employed 
network pharmacology to elucidate the hepatotoxicity 
mechanism of Esculentoside A, a component of Shanglu. 
They identified 58 critical targets, including albumin, 
MAPK1, and Caspase-3, then analyzed 16 biomarkers, 
such as 5-hydroxykynurenamine and palmitic acid, in the 
blood of rats using metabolomics. Their findings suggest 
that Esculentoside A may induce liver damage by trigger-
ing oxidative stress and impacting energy metabolism, 
which in turn provokes inflammatory responses. Mesa-
conitine, found in Aconitum, is both an active compound 
and is associated with severe cardiotoxic and hepatotoxic 
effects. Chen et  al. [84] investigated the mechanism of 
liver toxicity linked to Mesaconitine. Their network phar-
macology analysis indicated that Mesaconitine modu-
lates signaling pathways, including MAPK and HIF-1, 
through the regulation of key targets such as ALB, AKT1, 
CASP3, and IL2. Validation through molecular biology 
experiments confirmed that Mesaconitine may induce 
liver toxicity by activating oxidative stress pathways and 
triggering apoptosis.

Research on new drug development in TCM
As the landscape of new drug development evolves, the 
traditional approach of designing highly selective drugs 
aimed at a single disease through a specific biological tar-
get may no longer be the most effective strategy [85–87]. 
Recent findings indicate that multiple drugs can often 
treat a single disease, and conversely, one drug may be 
effective against various diseases [88]. Network pharma-
cology, which integrates systems biology and multi-target 
pharmacology, transcends the limitations of single-target 
methodologies. It adopts a perspective in which a single 
chemical compound can interact with multiple targets, 
and different compounds may target the same biological 
pathway. This approach provides innovative strategies for 
the development of natural products and the repurposing 
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of existing drugs [89]. By leveraging chemical compo-
nent databases and employing machine learning or deep 
learning algorithms, researchers can predict the thera-
peutic potential of herbs with similar properties. This 
enhances the efficiency of drug discovery, reduces unnec-
essary experimental efforts, and broadens the selection 
of candidate herbs. For instance, Zhang et al. [90] identi-
fied common pathogenic targets for Alzheimer’s disease 
and rosacea using network pharmacology. Their enrich-
ment analysis revealed that both conditions share path-
ways related to inflammation, metabolism, and apoptosis. 
They constructed a regulatory network of transcription 
factors, identifying 37 core transcription factors and tar-
get genes, and predicted 113 potential therapeutic agents 
using the DGIdb/CMap database. Notably, melatonin 
showed significant interactions with 19 of these key tar-
gets, and subsequent experiments confirmed its efficacy 
in regulating vascularization to treat both diseases.

The complex composition of proprietary Chinese med-
icines often complicates the assessment of their overall 
quality using singular indicators, posing challenges for 
regulatory approval. However, by employing network 
pharmacology to create a biological network connecting 
the medicines, their individual components, and associ-
ated diseases, researchers can more effectively identify 
key constituents that act as reliable indicators of clini-
cal efficacy. This precision approach aids in the develop-
ment of new proprietary Chinese medicine products. For 
example, Zhang et al. [91] combined experimental tech-
niques with network pharmacology to develop a strategy 
for quality control in the “Danshen (Salvia miltiorrhiza) & 
Chuanxiong (Ligusticum chuanxiong)” herbal pair. They 
identified 9 critical chemical components, including tan-
shinone I, tanshinone IIA, cryptotanshinone, salvianolic 
acid B, ferulic acid, salvianolic acid A, rosmarinic acid, 
chlorogenic acid, and coniferyl ferulate, and confirmed 
their presence through HPLC analysis. Additionally, Ma 
et  al. [92] employed chemometrics in conjunction with 
network pharmacology to investigate the pharmacologi-
cal basis of Lanqin Oral Solution (LOS) in the treatment 
of pharyngitis. By correlating LOS efficacy with common 
fingerprint peaks, and using CARS and other chemomet-
ric techniques, they identified chromatographic peaks 
linked to therapeutic effects. Mass spectrometry analy-
sis revealed the active components such as geniposide, 
berberine, palmatine, and baicalin. Network pharma-
cology was then used to construct a compound-target 
network, providing insights into the anti-inflammatory 
mechanisms of LOS and offering a novel strategy for its 
quality control. Furthermore, network pharmacology can 
integrate traditional medicinal knowledge with modern 
clinical research, facilitating network target prediction 
and experimental validation of key therapeutic processes 

in TCM formulas. Based on these findings, the herbal 
formulation can be optimized to address core symptoms 
[93].

Discussion
Challenges and solutions in network pharmacology 
research for TCM
Network pharmacology serves as a crucial methodol-
ogy for elucidating the mechanisms underlying Chinese 
medicine. While network pharmacology has advanced 
fundamental research in TCM and yielded notable 
achievements, several limitations persist. The “herbs–
components–targets–diseases” multi-level biological 
network established through network pharmacology 
effectively addresses the shortcomings of previous single-
target studies. However, in many network pharmacology 
studies, the screening of active compounds is primarily 
guided by pharmacokinetic parameters such as OB and 
DL. This approach frequently disregards the actual abun-
dance of these compounds in the herbal formula. As a 
result, the screened compounds may not represent the 
predominant or most therapeutically relevant constitu-
ents, and significant overlap in identified chemical com-
ponents often occurs across different TCM formula. To 
enhance the reliability and clinical relevance of network 
pharmacology findings, researchers should integrate data 
from existing literature or perform liquid chromatog-
raphy-mass spectrometry (LC–MS) analyses to quan-
tify the concentrations of various chemical components 
within the investigational product of interest. This allows 
for the identification of key active compounds based on 
their relative abundance, thereby producing more robust 
and persuasive results. Moreover, Chinese medicine is 
predominantly administered after specific processing, 
which can significantly alter its chemical composition 
[94, 95]. The formula adheres to the TCM principles of 
monarch, minister, assistant, and envoy. The dosages of 
these herbs, particularly the monarch and minister, vary 
across prescriptions, and the combinations of different 
herbs can significantly influence the concentration of 
active components and the overall therapeutic efficacy. 
However, variations in chemical constituents pre- and 
post-processing, along with the differences in efficacy 
among various “herb pairs” in different formulas, are 
often not adequately captured in most databases, compli-
cating the accurate representation of the true therapeutic 
effects of the formulas. Some researchers employing net-
work pharmacology for target prediction tend to apply 
a mechanistic approach, simply overlaying the targets 
of various herbs within a formula. Nonetheless, factors 
such as the origin of the herbs, processing methods, and 
decoction techniques can all affect the effective compo-
nents, thereby influencing the drug targets. Therefore, it 
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is imperative to have a comprehensive understanding of 
the medicine being studied, integrating data from various 
databases and addressing existing gaps to improve the 
accuracy of predicting chemical components and their 
corresponding targets. Current disease databases gener-
ally overlook environmental factors and ethnic variations 
when predicting targets, which may result in subopti-
mal predictive accuracy. Furthermore, most databases 
incorporate disease nomenclatures aligned with modern 
medical perspectives, which may not always correspond 
with TCM syndromes. Given the rich practical insights 
offered by TCM, investigations into its mechanisms for 
treating specific diseases should explore the underlying 
connections between modern medical terminology and 
TCM syndromes. This approach could lead to the devel-
opment of disease network models that align with TCM 
syndromes, thereby fostering an integration of network 
pharmacology with TCM theories. Ultimately, this holis-
tic approach can provide a comprehensive understanding 
of the molecular mechanisms through which TCM exerts 
its therapeutic effects at the biological network level.

The absence of an evaluation framework for network 
pharmacology is a critical factor undermining the reli-
ability of research in this field. In 2021, Li Shao and 
his team established and released the “Guidelines for 
Network Pharmacology Evaluation Methods”, creat-
ing standards for network pharmacology assessments. 
This initiative has standardized data usability in network 
pharmacology research, enhancing the reliability of find-
ings [96].

Integration of network pharmacology in TCM with AI 
and multi‑omics: current trends
AI technology has significantly bolstered network phar-
macology’s capacity to elucidate the molecular mech-
anisms by which TCM treats diseases. AI has been 
instrumental in addressing challenges in drug target 
discovery, investigating mechanisms of drug action, and 
identifying new applications for natural products [97, 
98]. For instance, Keiser et al. [99] developed a drug tar-
get analysis methodology based on similarity computa-
tions, which compares the chemical structures of drugs 
with ligands that are known to modulate protein recep-
tor functions. This approach facilitates the establishment 
of indirect links between drugs and their targets through 
these ligands. Additionally, Li et  al. [100] introduced a 
target prediction algorithm called drugCIPHER, which 
utilizes a holistic association of “drug network–molecular 
network”. This algorithm predicts drug–target interac-
tions across the genome by analyzing modular relation-
ships observed in pharmacology and genomics. With 
the ongoing accumulation of multidimensional omics 
data—including drug molecular structures, therapeutic 
applications, adverse effects, and laboratory test results—
a robust big data foundation is being established in the 
field of network pharmacology, thereby creating new ave-
nues for AI technologies.

Having evolved over the past decade, network phar-
macology is increasingly integrating with multi-omics 
technologies, such as transcriptomics, proteomics, and 
metabolomics. This integration is being widely applied 
in fundamental research areas, including the 

Fig. 3  Schematic diagram of the paradigm of precision network pharmacology
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pharmacological mechanisms of Chinese medicinal for-
mulas, the development of new Chinese medicines, and 
the investigation of the material basis of TCM efficacy 
[101]. For example, research by Ye et  al. [102] utilized 
metabolomics and transcriptomics in conjunction with 
network pharmacology to reveal that the Dengzhan Shen-
mai capsule can regulate glutamate levels by influencing 
the citric acid cycle and glutamate-related pathways. This 
regulation results in the inhibition of the NF-κB signaling 
pathway, thus providing anti-inflammatory effects and 
neuroprotection in the treatment of ischemic stroke. In 
another study, Liu et al. [103] combined transcriptomics 
and proteomics to analyze peripheral blood mononuclear 
cells from HIV immunological non-responders (INR) 
treated with the Tripterygium Wilfordii Hook F (TwHF) 
pill. This analysis identified the core targets and path-
ways modulated by TwHF, leading to the construction of 
a “TwHF–compounds–targets–INR” network through 
network pharmacology. Their predictions identified 
STAT1 and triptolide as central targets, and subsequent 
cellular experiments demonstrated that the primary com-
ponent of TwHF, triptolide, exerts therapeutic effects by 
inhibiting the activation of immune cells, impacting the 
IFN signaling pathway, and consequently reducing the 
production of IFNγ, the expression of downstream IFN-
stimulated genes, and the phosphorylation of STAT1.

Precision network pharmacology: a new research 
paradigm
Our team has synthesized existing methodologies in net-
work pharmacology and proposed a “precision network 
pharmacology” research model [104] characterized by 
“triple verifications and dual integrations” (Fig.  3). The 
“triple verifications” encompass the verification of drug 
components, overall efficacy, and molecular mecha-
nisms. Component verification involves employing suit-
able experimental techniques to identify and quantify 
the constituents of the drug that enter the bloodstream, 
along with their metabolic products; overall efficacy veri-
fication using animal and cellular experiments to confirm 
both in vivo and in vitro therapeutic effects; and molecu-
lar mechanism verification employs molecular biology 
experiments to verify the relevant targets and pathways 
identified through network pharmacology at the protein 
and RNA levels. The “dual integrations” refer to the inte-
gration of multi-omics and multi-network approaches. 
Multi-omics integration means that, alongside network 
pharmacology, methodologies such as proteomics, tran-
scriptomics, and metabolomics should be employed to 
conduct a comprehensive analysis of the drug’s molecu-
lar mechanisms across different scales. Multi-network 
integration signifies the integration of classical network 
pharmacology constructs—such as PPI networks and 

component–target networks—with ceRNA networks, 
weighted gene co-expression networks, and other rele-
vant frameworks. Chen et al. [105, 106], building on prior 
research into the chemical composition of Si-Miao-Yong-
An Decoction (SMYAD), identified 130 compounds 
within the formula. They subsequently analyzed the 
blood-absorbed components involved in SMYAD’s inter-
vention in myocardial hypertrophy, detecting 32 proto-
type compounds and 59 metabolites in the plasma and 
heart tissue of rats.

This research model provides a standardized, appli-
cable workflow for network pharmacology analysis. 
Initially, LC–MS is employed to identify the chemi-
cal components of the herbs, yielding the prototype 
constituents. Subsequently, blood or tissue samples 
are collected from normal animals as well as those 
post-administration. By analyzing the component dif-
ferences in plasma before and after administration, 
LC–MS identifies all absorbed constituents and their 
metabolites. Finally, a comparison with the previously 
identified herbal components reveals both the proto-
type absorbed components and their metabolic prod-
ucts. These absorbed constituents are then used to 
construct a component–target interaction network. 
Once the active constituents of the herbs are identified, 
their efficacy is confirmed through both in  vivo and 
in  vitro experiments. Using multi-omics approaches, 
the molecular mechanisms of the herbs are further 
explored through GO and KEGG enrichment analyses. 
By integrating target information obtained from multi-
omics with network pharmacology’s PPI network and 
compound–target network, the molecular mechanisms 
underlying the herbal effects can be clarified. Finally, 
molecular biology techniques verify these mechanisms 
at both the protein and transcriptional levels. The pre-
cision network pharmacology model offers a more 
standardized framework for network pharmacology 
research.

In conclusion, future research on network pharma-
cology within TCM is expected to evolve further while 
preserving its unique characteristics. It is reasonable to 
anticipate that precision-driven network pharmacology 
will define the future trajectory of TCM network phar-
macology, emerging as the predominant research para-
digm in the field. As network pharmacology continues 
to intersect with disciplines such as life sciences, TCM, 
and artificial intelligence, it is poised for significant 
innovation in both its algorithms and experimental 
methodologies. These advancements will enable a more 
comprehensive and precise elucidation of the intricate 
chemical composition, mechanisms of action, and ther-
apeutic targets of TCM.
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