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Due to its synergistic effects and reduced side effects, combination therapy has become an im-
portant strategy for treating complex diseases. In traditional Chinese medicine (TCM), the
“monarch, minister, assistant, envoy” compatibilities theory provides a systematic frame-
work for drug compatibility and has guided the formation of a large number of classic formu-
las. However, due to the complex compositions and diverse mechanisms of action of TCM, it is
difficult to comprehensively reveal its potential synergistic patterns using traditional meth-
ods. Synergistic prediction based on molecular compatibility theory provides new ideas for
identifying combinations of active compounds in TCM. Compared to resource-intensive tradi-
tional experimental methods, artificial intelligence possesses the ability to mine synergistic
patterns from multi-omics and structural data, providing an efficient means for modeling and
optimizing TCM combinations. This paper systematically reviews the application progress of
Al in the synergistic prediction of TCM active compounds and explores the challenges and
prospects of its application in modeling combination relationships, thereby contributing to

the modernization of TCM theory and methodological innovation.

1. Introduction

Against the backdrop of the increasing number of complex
diseases and the continuous evolution of drug resistance mechan-
isms, modern medicine is increasingly emphasizing multi-drug
combination therapy strategies to enhance treatment efficacy and
reduce side effects "**. However, accurately predicting the syner-
gistic effects of drug combinations remains a major challenge due
to factors such as dose dependency, intricate drug-drug interac-
tions, and poorly understood mechanisms of action > °.In re-
sponse, researchers have increasingly adopted artificial intelli-
gence (Al)-based computational methods, which have demon-
strated significant progress "*. This success is largely attribut-
able to the ability of Al technologies to leverage large-scale multi-
omics, structural, and phenotypic data to uncover potential syn-
ergistic relationships and facilitate the identification of highly ef-
fective drug combinations with diverse chemical spaces in com-
plex disease contexts, including cancer, infectious diseases, and
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E-mail addresses: zjuwangyi@zju.edu.cn (Y. Wang); lizheng@tjutcm.edu.cn (Z.
Li)
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neurological disorders ",

Traditional Chinese medicine (TCM) has long regarded the
compatibility of herbal medicines as a core therapeutic princi-
ple **. Among various theories, the “monarch, minister, assistant,
envoy” model provides empirical guidelines for the classification
of drug functions, mutual coordination, and overall therapeutic
harmony. TCM formulas (TCMFs), widely used in clinical prac-
tice *°, embody the synergistic mechanisms of multiple com-
pounds and targets “°*’. The potential pharmacological interac-
tion networks within these formulas constitute a natural multi-
drug synergy network “°. However, due to the large number of
active compounds and the complexity of their targets and signal-
ing pathways, traditional empirical formulations struggle to elu-
cidate their underlying molecular mechanisms *~*. As a result,
applying modern technological approaches to model and validate
the “monarch, minister, assistant, envoy”compatibility theory at
structural and mechanistic levels has become a key challenge in
the modernization of TCM. In response, the theory of molecular
compatibility has emerged, aiming to transform traditional prin-
ciples into molecular formulations with clearly defined struc-
tures and mechanisms *'**. This approach seeks to establish a
unified framework linking compound structure, pharmacological
function, and therapeutic mechanism in TCM **° thereby

Copyright © 2025, China Pharmaceutical University. Published by Elsevier B.V. All rights reserved.
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providing a theoretical foundation for Al-based modeling.

However, the application of Al in the collaborative modeling
of TCM remains in its infancy, facing significant challenges such
as high data heterogeneity, limited model interpretability, and
difficulties in quantifying traditional theories ****. Building upon
molecular compatibility theory, this article proposes a research
framework that integrates TCM knowledge, molecular mechan-
isms, and Al technologies. It systematically organizes core con-
cepts such as the “monarch, minister, assistant, envoy” hierarchy
within the compatibility system and elucidates their relevance to
modern drug synergy and molecular compatibility modeling. Fur-
thermore, itexamines the adaptability of mainstream Al al-
gorithms in predicting the synergistic effects of active TCM com-
pounds, and discusses strategies for managing heterogeneous
data and enhancing model interpretability. Emphasis is placed on
analyzing the potential and pathways for Al to simulate the intric-
ate structure of the “monarch, minister, assistant, envoy” model.
Through the integration of theoretical foundations, technological
tools, and data resources, this study aims to advance the innovat-
ive development of TCM theory in the context of modern science
and technology.

2. From classical compatibility to molecular modeling: Al-
driven exploration of the “monarch, minister, assistant, en-
voy” theory

The theory of herbal formula in TCM is a concentrated ex-
pression of the TCM principle of syndrome differentiation and
treatment. Its core lies in the synergistic effects of multiple herbs
to achieve a holistic therapeutic effect '~*2. The “monarch, minis-
ter, assistant, envoy” compatibility theory first appeared in the
classical TCM text the Yellow Emperor’s Inner Canon (Huangdi
Neijing) **. This formula theory was refined through the clinical
practice of subsequent generations of TCM practitioners, eventu-
ally forming a relatively complete system of “monarch, minister,
assistant, envoy” compatibility theory “**. The monarch medi-
cine in a prescription is an indispensable core medicine that plays
a major therapeutic role in the treatment of the main disease, and
its medicinal power is the strongest in the prescription. The min-
ister medicine is used to assist the monarch medicine in strength-
ening the treatment of the main disease or plays a major thera-
peutic role in important complications. Its medicinal power is
weaker than that of the monarch medicine. The assistant medi-
cine is auxiliary, an assistant medicine, or a counter-assistant
medicine, and its medicinal power is weaker than that of the min-
ister medicine. The envoy medicine is a guiding medicine or a
harmonizing medicine, and its medicinal power is weak.

The “monarch, minister, assistant, envoy” compatibility the-
ory of TCMFs clarifies the primary and secondary roles, division
of labor, and coordination of drug combinations, allowing the for-
mula to exert a comprehensive preventive and therapeutic eff-
ect “°. In essence, this is not a simple arrangement of drugs, but a
logical sorting of the condition, achieving overall intervention in
the cause and location of the disease through the combination of
drug properties *. This structured approach to drug use not only
reflects the holistic treatment concept of TCM, but also provides a
theoretical template for model analysis. The corresponding for-
mula entities transform the idea of combination into specific drug
combinations and dosages. Their design is based on a holistic un-
derstanding of the condition and demonstrates the synergistic ef-
fects of the active compounds *’. Each formula contains the logic
of mutual promotion and restraint between drugs, which is a dir-
ect reflection of the wisdom of TCM combinations.

Building on the hierarchical framework of drug functions
represented by the “monarch, minister, assistant, and envoy’
compatibility theory, modern pharmacological research seeks to
elucidate the compatibility mechanisms of TCMFs at the molecu-
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lar level “°. This approach aims to tackle challenges such as the in-
trinsic complexity of TCM, the presence of multiple interacting
compounds, the difficulty in identifying active compounds, and
the lack of clear mechanistic interpretation within the frame-
work of modern biomedicine *>*~*. As shown in Fig. 1, the mo-
lecular compatibility theory was developed based on the tradi-
tional compatibility concept, aiming to clarify the active com-
pounds in TCM and their mechanisms of action *. Through sys-
tematic identification and optimization of structure, efficacy, and
targets, it achieves organic synergy among multiple compounds
and constructs "molecular formulas" based on modern science *’.

%,
o
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IR Y
Monarch v Envoy
Minister Assistant

Extraction of active compounds in TCM
from TCMFs

o o o (=)
AT oo o< o0

Know active compounds in TCM
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Advanced pharmaceutical technology
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Fig. 1 The transition from the “monarch, minister, assistant, envoy” compatibil-
ity theory to Al-driven molecular compatibility theory. The figure shows the pro-
cess of transforming the traditional “monarch, minister, assistant, envoy” compat-
ibility theory into molecular compatibility theory, which involves extracting act-
ive compounds from TCMs, combining them using Al based on the “monarch, min-
ister, assistant, envoy” theory according to their specific structures, known ef-
fects, and mechanisms of action, determining the optimal dosage and efficacy,
forming molecular formulations with good synergy and low toxicity, and then
manufacturing modern TCMs using advanced pharmaceutical processes.

In recent years, modern TCM developed based on the mo-
lecular compatibility theory has achieved clinical success ** .
Take Xie Tian’s team’s olibanum liposome as an example **~** %%,
p-olibanum is used as the monarch medicine due to its significant
anti-tumor effect, while y and §-olibanum are used as minister
medicines to synergistically enhance the efficacy of the medicine,
and the envoy medicine is used to achieve precise delivery of the
efficacy through the construction of a carrier. This division of
roles at the molecular level not only demonstrates the extension
of traditional combination thinking in the modern drug system,
but also provides a basic template for structured modeling of Al
models. Another classic case is Chen Zhu’s team’s compound
Huang Dai Tablets, which achieved a complete remission rate of
96.7%-98% and a 5-year disease-free survival rate of 86.88% in
the treatment of acute leukemia ****"®’. The tetrasulfide in the
compound is the monarch medicine, which directly degrades can-
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cer proteins; the indigo red and tanshinone II A in the compound
are minister medicines, which promote cancer protein degrada-
tion and cell differentiation, and inhibit the cell cycle and divi-
sion and proliferation of cancer cells; Indigo also acts as an assist-
ant medicine to reduce the toxicity of the monarch medicine,
while tanshinone and indigo can also increase the number of
channel proteins that transport arsenic tetrasulfide, increase the
concentration of arsenic tetrasulfide entering leukemia cells, and
play the role of envoy medicine.

These “monarch, minister, assistant, envoy” combinations at
the molecular level forms a complementary network of medicinal
effects and is a model for the “monarch, minister, assistant, envoy”
relationship in modern Chinese medicine *. This method of com-
bining active compounds in TCM according to the “monarch, min-
ister, assistant, envoy” theory not only adheres to the holistic
view of TCM and gives full play to the comprehensive therapeutic
advantages of TCMFs’ multiple targets, multiple links, multiple
channels, and multiple active compounds, but also intuitively
demonstrates the mechanism of action and rationality of combin-
ations of active compounds in TCM at the cellular and molecular
levels °"*°, overcoming the shortcomings of traditional TCMFs’
unclear active compounds and unknown mechanisms of action.
Most importantly, this theory transforms traditional empirical
knowledge from vague, qualitative expressions into a modern sci-
entific framework that is quantifiable and verifiable at the mo-
lecular level, thereby providing a structured and operational
modeling theoretical basis for Al in Chinese medicine compatibil-
ity theory.

Currently, in the field of western medicine, research on drug
synergistic effects has established a relatively mature modeling
system, particularly in the prediction of binary synergistic com-
binations """, Researchers have developed a standardized evalu-
ation system based on mathematical scoring models such as
Bliss *°, Loewe *’, and HSA . These systems are primarily used
to determine whether the combination of two drugs produces an
effect exceeding the additive effect of using them separately. Fur-
thermore, Al-based drug synergistic prediction models such as
DeepSynergy *°, MatchMaker °, and TranSynergy ' have been
developed. With the deepening of research, the focus of syner-
gistic modeling has gradually expanded from binary combina-
tions to ternary and higher-order multi-drug synergies, and ulti-
mately to multi-drug combination therapy modeling used in real
clinical practice *. In this context, the multi-compounds multi-
level structure and functional characteristics of TCMFs provide a
natural complex interactive system for Al to model drug syner-
gistic relationships.

The concept of modeling synergistic interactions among act-
ive compounds in TCM draws inspiration from synergy research
in modern pharmacology *’. In western medicine, a relatively ma-
ture modeling system has been developed, progressing from bin-
ary combination scoring to high-order interaction modeling .
This reflects an ongoing evolution toward mechanism-oriented
approaches. While TCMFs differ from western multi-drug regi-
mens in origin and theory, they share key structural and func-
tional parallels *. At the molecular level, TCMFs can be con-
sidered analogous to combination therapies, where multiple act-
ive compounds interact in ways comparable to complex multi-
drug synergies ’*. The synergistic relationships among specific
compounds in TCMFs also exhibit structural and functional simil-
arities to binary drug combinations in modern medicine. As illus-
trated in Fig. 2, integrating a comprehensive understanding of the
structural and multi-omics characteristics of active compounds in
TCM with Al-based modeling frameworks from western medi-
cine enables the systematic prediction of synergistic effects
among active compounds in TCM. Al can identify potential syner-
gistic interactions between these compounds, offering a founda-
tion for the development of a functional drug hierarchy, role-
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based interaction network, and dose control model. This ap-
proach presents a viable pathway for computational mod-
eling of the “monarch, minister, assistant, envoy”compatibility
theory.

3. Basic data resources and evaluation standards for syner-
gistic prediction of active compounds in TCM

The actual effectiveness of Al methods in predicting syner-
gistic effects between active compounds in TCM depends not only
on the architecture and learning ability of the model itself, but
also heavily on the quality of the training data used and the sci-
entific nature and suitability of the evaluation criteria *”’°. TCM
data exhibits distinct characteristics from western medicine data
due to its extensive historical span, heterogeneous knowledge
systems, and complex structure ’~’°. In this context, integrating
classical literature, modern multi-omics data, and pharmacology
research findings to establish a TCM data system that can be effi-
ciently processed by Al models, and developing corresponding
synergistic scoring frameworks constitutes foundational work for
advancing TCM synergistic intelligent modeling.

3.1. Characteristics and challenges of TCM data

The task of modeling the synergistic effects between active
compounds in TCM is significantly multi-level and multi-modal.
Because its synergistic mechanism covers multiple levels, from
molecular structure complementarity and target interaction to
pathway regulation and phenotypic response, it relies on the
comprehensive input of structural, functional, and semantic in-
formation "’. As shown in Table 1, different types of data play dif-
ferent roles in modeling, from drug structure and composition,
compound activity, to multi-omics data, TCM knowledge, and
clinical phenotypes. Molecular structure data supports graph rep-
resentation learning and feature extraction of the structure of
active compounds in TCM, which is the underlying data founda-
tion for Al modeling. Target and pathway information helps to
construct a network of active compounds in TCM, targets, and
diseases, supporting structural learning methods such as graph
neural networks; while multi-omics data such as genomes, tran-
scriptomes, proteomes, and metabolomes reflect the systemic re-
sponse characteristics after TCM intervention and are suitable for
modeling the overall effects of drug combinations in biological
systems "*"*’. More importantly, TCM knowledge contains tradi-
tional semantic labels such as “monarch, minister, assistant, en-
voy” structure, “medicinal properties”, and “contraindications”.
Although this type of knowledge is difficult to quantify directly, it
can be converted into Al model inputs through knowledge rep-
resentation and role embedding. This knowledge not only carries
the theoretical framework of TCM, but also provides the model
with semantic-oriented “structural guidance”, which is particu-
larly important for constructing explanatory models with TCM lo-
gic 81

Unlike the structured, standardized, and clearly labeled data
systems in western medicine research, TCM data is characterized
by diverse sources, complex structures, and semantic ambiguity,
posing numerous challenges for modeling. For example, classical
texts contain extensive natural language descriptions that lack
unified terminology control and standardized structures ’°. Mod-
ern TCM research offers target and pathway information but suf-
fers from data dispersion and inconsistent naming conventions *’.
In addition, multi-omics and clinical data are often not systemat-
ically archived, making them difficult to directly use for model
training %,

In response to the challenges, as shown in Table 2, several
TCM databases have attempted to achieve structured integration
of basic information. Platforms such as TCMSP **, BATMAN-
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Fig. 2 Flow chart for predicting synergistic effects of drug combinations at the molecular level. This figure presents an integrated workflow for drug synergy prediction (in
TCM), covering the entire process from data acquisition to closed-loop optimization. (A) It begins by collecting and preprocessing input data (in TCM), including molecular
profiles, multi-omics, drug combination experiments, and phenotypic responses. (B) A core predictive model is constructed using either traditional ML methods or DL ap-
proaches. (C) This model is trained on labeled data and evaluated through cross-validation and ROC-AUC metrics. The selected combinations undergo external validation
and are further confirmed by wet-lab experiments both in vitro and in vivo, as well as through clinical trials, with parallel exploration of underlying biological mechanisms.
Experimental outcomes are feedback to refine model parameters, completing the loop to enhance prediction accuracy and accelerate the development of effective drug com-

binations.

TCM *, ETCM *, and HERB ?" cover topics such as herbal medi-
cine-compound-target, pharmacologic activity prediction, drug
meridian affiliation, and formula structure, respectively. Some
databases have also introduced network pharmacology associ-
ation maps. Additionally, platforms like TCM-Mesh * integrate
omics data with target networks, providing foundational data
support for studying synergistic mechanisms at the systems level.
However, these databases generally suffer from issues such as
delayed updates, incomplete coverage, and inconsistent data
quality, particularly lacking specialized structured resources for
synergistic labeling of TCM compound combinations. At the same
time, with the widespread availability of multi-omics data, gen-
omic, proteomic, metabolomic, and transcriptomic data are
gradually being applied to the analysis of TCM synergistic mech-
anisms, providing biological support at the mechanism level for
Al models. The integration of multi-omics and Al is expected to
promote the transformation of TCMFs from empirical expression
to mechanism modeling *’.

In summary, current TCM data exhibits typical characterist-
ics of diverse sources and disorganized structures, as well as rich

1412

content and dispersed semantics, presenting challenges such as
inconsistent input representations, insufficient samples, and
scarce labels for Al modeling. This makes data preparation, rep-
resentation, and conversion the primary tasks in TCM synergistic
prediction modeling.

3.2. Modeling strategies and data organization methods

To meet the requirements of Al models for structured input
and semantic consistency, researchers have proposed various
modeling and organization strategies for TCM data to support ef-
fective prediction of synergistic effects. First, at the semantic
level, unstructured text information must be converted into vec-
tor representations. Some pre-trained models, such as TCM-
GPT '™, TCMChat '*°, Zhongjing '*°, trained on TCM corpora, can
capture the semantic variability of drug terms in context, en-
abling contextual embedding representations of elements such as
drugs, effects, and meridian tropism '*’. Additionally, using em-
bedding methods like Node2Vec to establish semantic similarity
measures between drugs and compounds can also introduce lat-
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Table 1 Foundational data types supporting Al-based modeling of synergistic drug effects in TCM.

The types of data Characteristics Representation
Genomics Reflects the genetic background of cell sensitivity to drugs. Mutations, copy number variation, single nucleotide polymorphism, etc.
Epigenomics Revealdlthediyafinfluence alte‘t,l;;: genelexpiessioneatliation DNA methylation, histone modification, etc.
Transcriptomics * Reflects the gene expression c.hanges in cells before and Gene expression profiles, etc.

after drug treatment.

Proteomics ™" An important mediator of drug-target interactions.

Metabolomics *’

Reflects the cell energy metabolism pathways and toxicity

changes, suitable for multi-targets mechanism research.

Drug structure ** e
composition and structural features of drugs.

Drug activi . R
& v used alone or in combination.

Phenotypic data
L environment.

TCM knowledge **
nowledge diagnostic and therapeutic methods.

Describes the basic characteristics such as the molecular

Basic theories of TCM, principles of combination, and

89 Directly reflects the actual biological effects when drugs are

90  Reflects the results of the interaction between genes and the

Protein expression and interaction networks.

Abundance of small-molecule metabolites.

the simplified molecular input line entry system (SMILES), molecular fingerprints,

physicochemical properties of drugs, etc.
Growth inhibition rate, IC50, synergy score, etc.

Cell morphology, growth inhibition, mortality rate, metabolic changes, mouse
behavior experiments, observation of abnormal zebrafish development, etc.

Yin-yang and five elements theory, viscera-meridian theory, four natures and five

flavors of herbs, "monarch, minister, assistant, envoy" formula principle, four

diagnostic methods, acupuncture and moxibustion therapy, dietary therapy, etc.

ent associations between drugs in structural learning '**.

Furthermore, considering that TCM formulas inherently pos-
sess a multi-level structure, constructing a multi-level heterogen-
eous graph with nodes such as “compounds-target-disease” and
edges such as “contains”, “acts on”, and “treats” has become the
mainstream modeling approach **'*', This graph not only pre-
serves the hierarchical and functional relationships within
TCMFs, but also facilitates subsequent collaborative modeling
and feature propagation of the graph structure using GNN-type
methods, thereby revealing potential synergistic effect patte-
rns ',

It is worth noting that classic formulas themselves contain a
wealth of synergistic experience information, and their drug com-
bination patterns, combination ratios, and “monarch, minister,
assistant, envoy” structures can provide valuable labeling sys-
tems for models. Through natural language processing, relation-
ship extraction, or knowledge graph construction methods, typic-
al synergistic drug pairs, functional role labels (such as monarch
medicine/assistant medicine, etc.), dosage ratios, and four ener-
gies and five flavors can be extracted from the literature. For ex-
ample, the AMFormulaS extracts formula compatibility informa-
tion from ancient books, including drug names, dosages, and us-
age methods "*. This process not only enhances the degree of
data structuring, but also provides semantic support for the sub-
sequent introduction of modeling elements such as role con-
straints and dosage conditions.

In summary, the restructuring of data should achieve three
objectives: first, converting the semantic structure of TCM know-
ledge into vectors or graph structures recognizable by the model;
second, integrating multi-source information to form upstream
and downstream association graphs; and third, extracting impli-
cit knowledge related to modeling from the classical TCM system
to incorporate “TCM logic” into the model.

3.3. Drug synergy scoring criteria

Predicting synergistic effects of active compounds in TCM re-
quires not only structured data support, but also scientific and
reasonable synergy scoring criteria to evaluate and guide train-
ing based on the prediction results. In modern drug research,
models such as bliss independence *°, loewe additivity '**, highest
single agent ***, and zero interaction potency “** are widely used
to quantify the difference between the combined effect of two
drugs and the effect of a single drug. These models are based on
independent probability theory, dose addition hypothesis, or
maximum single drug effect criteria, respectively, and can object-
ively measure whether there is a synergistic effect in the combin-
ation.

However, most of the above-mentioned scoring systems rely
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on accurate dose-response curves and control experiment data,
which are the weakest links in the field of TCM **. Molecular for-
mulas composed of active compounds in TCM are difficult to
standardize in experiments due to their complex composition,
dose variations, and diverse mechanisms. Therefore, the applica-
tion of scoring models used to quantify synergistic effects in
western medicine drug combinations faces significant limitations
inTCM 7,

Currently, in TCM synergistic evaluation research, the follow-
ing strategies are primarily employed to address this challenge **.
First, knowledge-based indirect scoring, which projects TCM
compounds onto existing western medicine target points or path-
way systems and uses western medicine synergistic scoring res-
ults for comparison. Second, semantic scoring based on expert
experience, which combines descriptions of certain formula ef-
fects in TCM literature to establish an expert rule database or
scoring template. Third, experimental indicator construction
based on multi-omics responses to quantify pharmacological syn-
ergy. Fourth, exploring unique scoring indicator systems applic-
able to the TCM system, such as integrating drug properties,
dosage ratios, and formula structures to construct feature-driven
synergy indices.

Although there is currently no unified scoring system for
TCM synergistic effects, with the accumulation of data, the stand-
ardization of experimental protocols, and the increasing involve-
ment of Al, establishing a mechanism-based evaluation system
for TCM synergistic effects that integrates traditional knowledge
systems has become a promising direction.

4. Analysis of the applicability of Al algorithms in the syner-
gistic prediction of active compounds in TCM

4.1. Mainstream Al model principles and cases

4.1.1. Traditional machine learning algorithms

Traditional machine learning methods, including Random
Forest (RF), Support Vector Machine '** (SVM), and Gradient
Boosting (GB), are characterized by relatively simple architec-
tures and lower dependence on large-scale training data. The un-
derlying principles of these algorithms are illustrated in Fig. 3,
highlighting their core mechanisms. They demonstrate strong
discriminative abilities in feature space and are particularly ef-
fective for drug synergy prediction under conditions of limited
samples and low-dimensional inputs. For instance, SVM has been
used to integrate multiple drug feature types to achieve reliable
synergy prediction *°, while GB-based models such as PDC-SGB
enhance predictive accuracy by integrating compound features,
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target information, and pharmacological pathways '*’. Sun et al.
employed RF to screen combinations of Chinese and Western
compounds, identifying synergistic combinations such as
myricetin with celecoxib and rhein with hydroxychloroquine,
which exhibited strong synergistic effects (CI < 0.7) in RAW264.7
cells %,

Despite these advantages, traditional machine learning meth-
ods struggle to model the nonlinear and hierarchical interactions
characteristic of TCMFs. They lack the ability to capture struc-

Table 2 The summary of public databases containing the effective compounds of TCM.
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tured semantic relationships such as the hierarchical roles of
monarch, minister, assistant, and envoy, and their interpretabil-
ity is limited without incorporating external prior knowledge.
Consequently, while suitable for preliminary screening and small-
scale analysis, these methods face challenges in addressing the
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complexity of TCM compatibility modeling .

4.1.2. Deep learning algorithms
Deep Learning is a machine learning method based on neural

Database Type Database Core Data Unique Features Website for database Interoperability References
TCM compounds, targets, Prgwdes information and . Supports linkage w_lth
. . bridges the gap between http://www.megabionet.org/t databases such as UniProt
TCMID diseases, prescriptions, and . . 100
related literature. etc TCM and modern life cmid/ and KEGG, allows export of
T sciences. CSV/TSV format data.
TCMBank provides literature-
Includes chemical structures, based-herb/mgredllent-
- gene/disease mappings to Supports structure
pharmacological effects, and explore mechanisms and similarity search
TCMbank clinical application data of . P s https://tcmbank.cn . ty L 101
. identify treatments, with its interoperable with
TCM formulas, single herbs, . .
) intelligent module PubChem.
and active compounds. . . .
continuously integrating
PubChem-derived TCM data.
Integrates TCM compound, Provides network Provides network-based
target, the clinical symptoms . - . 3 R
. visualization analysis, drug visualizations and user-
SymMap and disease to construct S http://www.symmap.org . 102
- . X repositioning, and target defined GO/pathway
multi-scale biological L . -
prioritization tools enrichment analysis.
networks.
Focuses on association data HIT uniquely SuPp.chS :
. automated target mining Crosslinks were made to
between herbal active i
TCM/Natural compounds and targets from daily PubMed updates databases of TTD,
HIT . ’ and enables personalized http://hit2.badd-cao.net DrugBank, KEGG, PDB, 103
Product-Related covering compound - - .
X online target curation UniProt, Pfam, NCBI, TCM-
Databases structures, target functions, .
X A ; through its My-target ID and others.
and interaction information.
system.
Enhances interoperability
Contains experimental b};;?:eg;?it;ngdirtl: fcr I;’onsls-
validation data for herbal Integrates high-throughput wcing
. . X . . multiple TCM and
HERB active compounds, action transcriptomic data with http://herb.ac.cn/ . ¢ 97
targets, and disease manually curated references biomedical databases,
gass‘;dations Y : including HIT, TCMSP,
’ SymMap, DrugBank,
DisGeNet, and CMap.
Integrates TCM effective Provides A.DME/TOX . .
compounds, action targets property prediction, target- Supports data interaction
ETCM ? .27 disease association analysis, http://www.tcmip.cn/ETCM2 with Pubchem, Uniprot and 96
and pharmacokinetic o
and formula compatibility Genecards,
parameters. .
analysis tools.
Contains TCM compound, Provides compound
target, pathway, and screening (based on OB, DL, The obtained network can
TCMSP pharmacokinetic data, etc.), target prediction, and  https://www.tcmsp-e.com/ be downloaded for further 94
constructing a TCM systems pathway enrichment analysis.
pharmacology network. analysis functions.
Integrates drug chemical Provides drug-target Dl;lélgf(i];li i;ézl;:a:rﬁzl
DrugBank strucltures, targe.t protelns, -interaction query, el https://go.drugbank.com interaction checker and 104
action mechanisms, and  pathway analysis, and drug
R X L . advanced drug search
clinical information. similarity search functions.
features.
Contains small-molecule Pr?‘”des struct_ure—based Compatible with software
virtual screening tools,
compound structures for supports 3D structure such as PyMOL and
Chemical Molecules ZINC virtual screening, supports ppo) http://zinc.docking.org/ AutoDock, allows 105
X . generation and molecular
and Drug Databases fragment and combinatorial - download of SDF format
- docking parameter N
library searches. A files.
optimization.
Provides multi-dimensional
Covers compound search functions for Supports integration with
structures, properties, structure, properties, and https://pubchem.ncbi.nlm.nih. NCBI Gene and PubMed,
PubChem . . L X . A X 106
biological activities,and  biological activity, as well as gov/ allows export of multiple
related literature data. cheminformatics tools and formats.
data visualization functions.
. . Provides target screening
Con‘tams valldatled and (based on disease type, drug TTD provides AP, allowing
potential therapeutic targets, ; .
. - status), target function . users to download data in
TTD covering target-disease X https://db.idrblab.net/ttd/ 81
o annotation, and drug batches and conduct
associations and drug - . .
development pipeline customized analysis.
development status. )
analysis
Provides interaction
Compound-Target Integrates protein- network visualization, Supports integration with
Association compound interaction data functional enrichment . STRING protein interaction
X . o : . http: h. L. 1
STITCH covering direct bindingand  analysis, and compound- nttp://stitch.embl.de networks, allows export of 07
functional associations.  target association prediction network data.
tools.
Stores small molecule- Provides binding data . s
rotein binding affinity data, retrieval, affinity ranking Supports interoperability
BindingDB P > " * https://www.bindingdb.org  with Reactome, provide 108

parameters.

including KD, ICs, and other and molecular docking result
validation functions.

data download and APL
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Continued
Database Type Database Core Data Unique Features Website for database Interoperability References
Integrates protein sequence, IPTUEtes R functlon Supports association with
. . query, sequence alignment,
UniProt functional annotation, post- a . lysi I o) PubMed and PDB, allows 109
translational modification, 2N annotationanalysis ps: UHPIOLore export of FASTA/XML
X X tools, supports customized
and interaction data. formats.
data download.
Provides interaction
Predicted and network visualization, . . .
. ; . Supports integration with
experimentally validated functional module
- . . e . KEGG and GO, allows
STRING protein interaction identification, and https://cn.string-db.org/ 110
. . . . § export of networks for
networks, covering multi-  enrichment analysis tools, Cytoscape
species data. supports cross-species Y pe:
Protein-Protein N
. - Provides interaction data
Interaction and Stores experimentally . -
. . . . retrieval, network analysis, .
Related Information validated protein-protein h Ay . . , .., Provide data download and
MINT . R - and literature mining https://mint.bio.uniroma2.it/ 111
Databases interaction data, covering . APL
. . functions, supports data
multiple species. o
submission.
Inteerates public protein Provides interaction data
ntegrates p p query, network visualization, . . Associated with UniProt
interaction data, supports . https://www.ebi.ac.uk/intact/
IntAct Py and analysis tools, supports and ChEMBL, allows export 112
data validation and . . home .
. community-contributed of multiple formats.
annotation.
data.
Provides interaction data
Contains protein-protein and retrieval, network analysis
. X . - i § — All t of CSV/TSV
BioGRID gene-gene interaction data  and functional enrichment https://thebiogrid.org/ ows E);(}))rc')rl;la(;s / 113
for multiple organisms. tools, supports batch data .
download.
Integrates di - Provides di - . .
ene/protein association  association retreval, Supports interoperabilty
DisGeNET & p . . I https://www.disgenet.org/ with Cytoscape, allows 114
data, sourced from literature enrichment analysis, and > e
L . X X o export of association data.
. mining and genomic studies. network visualization tools.
Disease Target X
Stores chemical-gene- . .
Databases : - Provides chemical-gene- . . .
disease association data, . X Supports integration with
. - disease network analysis, R )
CTD covering toxicology and . https://ctdbase.org/ GO, allows export of 115
. pathway enrichment, and -
environmental health h L . association tables.
. . literature mining functions.
information.
Genomics of Drug Sensitivity Provides drug sensitivity
GDSC in Cancer database, query, genomic variation and http://www.cancerrxgene. Allows export of drug 116
containing cell linedrug  drug response association org/ sensitivity data.
response and genomic data. analysis tools.
Cancer Cell Line Provides cell line
Encyclop_edla, covering gene characterl_stlc retrle\_/al, gene http://www.broadinstitute.or Provide data download and
CCLE expression, mutation, and expression analysis, and e APIL 117
copy number variation data drug sensitivity prediction 8 :
of cell lines. tools.
Catalogue of Somatic Provides mutation retrieval,
COSMIC Mutations in Cancer, tumor type distribution  http://www.sanger.ac.uk/cos Allows download of 118
containing gene mutation analysis, and mutation mic mutation tables.
data in human cancers function annotation tools
International Cancer
Genome Consortium Provides cancer multi-omics
1cGe database, integrating multi- data retrieval, visualization, https://platform.icgc- Supports CSV/TSV format 119
omics cancer data and integrated analysis tools, argo.org/ output.
(genomics, transcriptomics, supports data download.
etc.).
Covers multi-omics data
(clinical, genomic, Provides multi-omics data
expression, epigenetic, etc.) retrieval, integrated analysis, Supports API interface and
TCGA e https: tal.gdc. X . 120
of 33 cancer types, one of the  and visualization tools, BE/jppieled ety standardized data formats.
most authoritative data supports data mining.
sources in cancer research.
. Harmonizome 3.0 also
Omics data . —
Provides nearly 12 million supports cross-dataset . . .
L X . X Supports interaction with
gene associations with analysis, LLM-assisted b X
. § X . . . https://maayanlab.cloud/Har various omics databases,
Harmonizome various attribute types (such  interpretation, diverse . 121
X . . R X monizome/ allows export of Al-
as cells and tissues, diseases, visualization, and provides compatible format data
and pathways). rich omics data in Al-ready p :
formats.
Provides 20 classification,
1 i i i -
“tnske, tatoica ML/DL Supparts compatibilty
Integrates 4 types of omics P . .~ https://github.com/chenzRG/ with common machine
. . baselines, links to biological . L . -
MLOmics data covering 32 cancer Cancer-Multi-Omics- learning frameworks, 122
knowledge databases, and
types and 8,314 samples. Benchmark allows download of
supports downstream .
X . standardized datasets.
toolchains such as survival
analysis.
Provides multi-dimensional
retrieval, UMAP
visualization, multi-omics
integration analysis
Integrates data from 7 single- (including
i ies transcriptome/epigenome/r s:/ /bio.liclz ot /s i =
sclmmOmics cell sequencing technologies p /epig /T https://bio.liclab.net/scimmO Allows export of single-cell 123

including scRNA-seq and
scTCR-seq.

eceptorome), and functional
tools (cell
communication/differentiati
on trajectory) to facilitate
basic and clinical immune
research.

mics/home data.
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Fig. 3 Schematic diagram of classical Machine Learning algorithms. (A) The net-
work architecture of support vector machine. (B) The network architecture of
gradient boosting. (C) The network architecture of random forest.

networks, which excels at handling high-dimensional and un-
structured data '**"'*, In the prediction of drug combination syn-
ergy, drug molecular features and cell line features are typically
high-dimensional multimodal data. Traditional machine learning
methods often struggle to fully extract the underlying informa-
tion from these data, whereas deep learning, through multi-layer
feature transformations and nonlinear representations, is cap-
able of capturing the complex relationships between drugs and
cell lines """,
4.1.2.1 Deep belief networks

As shown in Fig. 4A, deep belief networks (DBNs) consist of
stacked restricted Boltzmann machines and extract high-dimen-
sional features through layer-wise pretraining '*’. The DBN mod-
el by Chen et al. integrates gene expression, signaling pathways,
and biological features to predict drug synergy with favorable
outcomes **. DBNs possess strong generative and abstract fea-
ture learning capabilities, making them suitable for ambiguous or
unlabeled TCM data, including classical texts and omics.
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However, they are prone to overfitting on small datasets, require
complex parameter tuning, and lack interpretability and model-
ing capacity for TCM compatibility logic, limiting their applica-
tion in TCM compound modeling.
4.1.2.2 Feedforward neural network

Feedforward neural networks (FNNs) construct a unidirec-
tional computational path from input to output through multiple
layers of nonlinear mappings, as shown in Fig. 4B, enabling them
to capture complex relationships between high-dimensional fea-
tures '**. The DeepSynergy model developed by Kristina Preuer et
al. predicts the synergistic score of anticancer drug combinations
by inputting drug structural features and cell line expression pro-
files . FNNs offer advantages such as structural simplicity and
flexible training in TCM modeling. They can integrate structural
features of active compounds with gene expression or multi-om-
ics data from cell lines, in a manner similar to models like Deep-
Synergy and AuDNNsynergy '*' used for predicting drug combin-
ation synergy. Its limitations lie in its lack of structural modeling
capabilities, making it difficult to express the hierarchical com-
patibility relationships in TCMFs, and its inability to reflect the
“monarch, minister, assistant, envoy”functional dependencies.
Furthermore, the model is sensitive to feature quality and para-
meters, and its explanatory power is weak. Overall, FNN serves
as an effective tool for multimodal feature fusion. However, it
lacks the ability to capture the hierarchical logic embedded in the
structure of compound, role, and mechanism.
4.1.2.3 Encoder-decoder network

The encoder-decoder network achieves complex nonlinear
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Fig. 4 Diagram of the principles of deep learning algorithms. (A) The architecture of deep belief network. (B) The architecture of feedforward neural network. (C) The archi-
tecture of encoder-decoder network. (D) The network architecture of transformer. (E) The architecture of graph neural network. (F) The relationship between drugs and

cell lines based on hypergraph representation.
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alignment between input and output by embedding input fea-
tures into a high-dimensional latent space and then remapping
them to the output '** (Fig. 4C). SDCNet adopts a multi-channel
encoder-decoder architecture, where graph-based encoders ex-
tract semantic representations from DDI, DTI, and DPI sub-
graphs, and a Transformer-based decoder, guided by cell line
context, infers drug-drug synergy scores through attention-driv-
en interaction modeling '*°. The advantage of this type of model
in TCM modeling is its flexible structure, which facilitates the in-
troduction of heterogeneous information such as “drug proper-
ties, meridian tropism, and role labels”. At the same time, it sup-
ports collaborative classification, regression, and generation
tasks and can be used to learn potential compatibility relation-
ships from data. Its limitations are its complex model structure,
high sensitivity to the number of training samples and feature
coupling, and lack of structural expression paths for knowledge
constraints in TCMFs, such as compounds priority and dose de-
pendence.

4.1.2.4 Transformer-based models

Transformer models utilize self-attention mechanisms to
model long-range dependencies, achieving breakthrough results
in natural language processing before being gradually adopted
for drug interaction prediction tasks '*’*’. They are particularly
well-suited for handling high-dimensional, unstructured, and
cross-modal data features '*°. Based on model scale and task com-
plexity, transformer-based methods can be broadly categorized
into non-LLM transformer models and large language models
(LLMs), each exhibiting distinct characteristics in structural mod-
eling and semantic fusion.

Non-LLM transformer models typically employ standard
multi-head attention mechanisms and encoder structures to em-
bed and model inputs such as drug structures. These architec-
tures enable task-oriented feature extraction and relationship
construction (Fig. 4D). Representative models include TransSyn-
ergy, which constructs gene-gene interaction networks and com-
putes attention weights to uncover associations between drug
synergies and signaling pathways "". SMILESynergy further incor-
porates SMILES strings as drug sequence inputs to enhance struc-
ture-dependent expression and modeling capabilities *’. In the
context of TCM modeling, these models offer the advantage of
flexibly integrating non-structural semantic features such as drug
properties, chemical constituents, and meridian associations.
They support multi-source data fusion through multi-channel at-
tention mechanisms and are well suited for capturing complex re-
lationships among drugs, their pharmacological functions, and
compound interactions. However, non-LLM models often lack a
general understanding of cross-drug systemic semantics and
provide limited support for knowledge abstraction or language-
driven tasks in traditional texts.

Large language models (LLMs) extend the transformer struc-
ture to multimodal modeling based on large-scale pre-training
and contextual learning capabilities and possess powerful se-
mantic understanding and knowledge transfer capabilities. Syn-
erGPT encodes drug combinations, cell lines, and synergistic
scores as language sequences, learns synergistic rules through
pre-training, and achieves “zero-shot prediction” for unknown
combinations "*". BAITSAO introduces a Shapley value interpreta-
tion mechanism on this basis, embedding semantic relationships
between drugs, genes, and cells to complete multi-task modeling
and synergistic mechanism interpretation "*”. LLMs have mul-
tiple advantages in TCM modeling: First, they can use medical
texts, classic formulas, classic TCM works such as “compendium
of materia medica”, and other corpora for cross-contextual know-
ledge mining. Second, they can integrate text elements such as
“drug properties, roles, dosages, and symptoms”to automatically
generate structured embeddings for modeling “monarch, minis-
ter, assistant, envoy” style combination logic. Third, they possess
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the ability to integrate “language-graph-omics” multimodal in-
puts, making them suitable for constructing compound models
with reasoning capabilities. However, their limitations are also
evident: on the one hand, they have high training costs and signi-
ficant computational power requirements and lack a dedicated
TCM corpus system to support them; on the other hand, their ex-
planatory power at the pharmacological mechanism level re-
mains insufficient, making it difficult to accurately map the caus-
al relationships between drug synergistic effects and biological
pathways.

Overall, the transformer architecture has significant poten-
tial in TCM synergistic modeling, especially in modeling complex
hierarchical relationships and text-structure-omics integration. In
the future, if we can combine TCM knowledge graphs and se-
mantic role ontologies to develop lightweight, specialized TCM
language models, transformer is expected to become a key sup-
porting framework for TCM compound Al modeling.
4.1.2.5 Graph neural networks

Graph neural networks (GNNs) are a class of deep learning
algorithms specifically designed for processing graph-structured
data, widely applied in scenarios such as biomolecular network
modeling and drug combination prediction "**. Their core prin-
ciple involves aggregating and updating node features through
graph convolution operations to learn underlying interaction pat-
terns within network structures, particularly suited for captur-
ing complex dependencies among biological entities such as
drugs, compounds, and targets (Fig. 4E). Gu et al. developed a
GNN model to predict TCM compatibility for colorectal adenoma
treatment **. The study constructed a heterogeneous graph net-
work involving herbs, small molecules, and targets, employing
GCN and multi-layer perceptions for collaborative learning high-
potential herb pairs screened by the herbal combination poten-
tial index were validated via molecular docking and CCK-8 cell
proliferation assays, showing significant tumor cell inhibition.
This research indicates that GNNs have inherent advantages in
processing hierarchical and structured TCM data, particularly
suitable for modeling herb-compounds-target ternary networks.

In drug synergy prediction tasks, typical GNN architectures
include GCN ***°, GAT '/, GAE, GraphSAGE, and HGNN. GCN ex-
tracts the topological structure and chemical features of drug mo-
lecular graphs through graph convolution, successfully achieving
joint modeling of drug combinations and cellular responses in the
DeepDDS . GCN is suitable for molecular modeling tasks with
clear TCM compound structures and can characterize the interac-
tions between compounds in TCMs, but it has limited ability to
express the hierarchical structure and high-order compatibility
logic of the “monarch, minister, assistant, envoy” model, making
it difficult to distinguish the role weights and regulatory path-
ways between compounds.

GAT dynamically allocates the weights of adjacent nodes by
introducing an attention mechanism, strengthening the modeling
ability of key compounds and their targets. The JointSyn model is
based on GAT and multi-perspective learning strategies, which
improve the generalization ability of unknown drug combina-
tions *°. GAT is suitable for expressing semantic logic such as
“main drug orientation and assistant medicine toxicity” in com-
bination structures, but due to the large computational overhead,
training efficiency is limited by the complex attention mechan-
ism, and the interpretability of the model needs to be improved.

GAE, as an unsupervised graph autoencoder structure, com-
bines GCN or GAT encoders with structural reconstruction de-
coders and performs well in scenarios lacking labeled data. The
GAECDS model utilizes GAE to learn Chinese medicine compound-
target graph embeddings and achieves collaborative scoring pre-
diction '’. GAE is well suited to TCM research where labels are
scarce and is suitable for modeling traditional literature and for-
mula knowledge extraction, but its semantic logic modeling abil-
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ity is weak and needs to be integrated with prior knowledge to
enhance its explanatory ability.

GraphSAGE uses an inductive learning framework and neigh-
borhood sampling mechanism to solve the scalability problem of
GCN on large-scale graphs and has the ability to process graphs
with millions of nodes '°'. In drug synergy tasks, GraphSAGE can
quickly adapt to new compound nodes and support dynamic up-
dating and iterative modeling of TCM knowledge graphs. It has
high modeling efficiency and strong generalization capabilities,
making it suitable for handling structural evolution problems in
TCMFs, but it is still insufficient for expressing multi-level se-
mantic relationships and modeling combination logic.

HGNNs are a type of deep learning method used to model
complex, multi-dimensional relationships '**. As shown in Fig. 4F,
the core advantage of hypergraphs lies in their ability to repres-
ent multi-dimensional relationships. Their core lies in simultan-
eously connecting multiple nodes through hyperedges, thereby
representing higher-order dependencies between multiple drug
compounds, cell lines, or genes. Compared to traditional graph
structures where each edge connects only two nodes, HGNNs
have a natural advantage in capturing multi-compound interac-
tions. The HypergraphSynergy model developed by Liu et al. rep-
resents the drug-drug-cell triplet as a hyperedge to predict syner-
gistic combination effects, maintaining good performance even in
the absence of combinations '*>. HGNN is particularly suitable for
modeling complex, non-additive, multi-target synergistic mech-
anisms in TCMFs, and can be embedded with “monarch, minister,
assistant, envoy” role information to form a network map with a
Chinese medicine semantic structure. However, HGNN perform-
ance is limited when dealing with sparse data or lacking explicit
role annotations. To address this issue, MHCLSyn introduces a
multi-perspective contrastive learning mechanism and feature
compression enhancement module, improving representation
capabilities and prediction accuracy in sparse graphs '*. The
HGNN method is particularly suitable for characterizing the com-
plex interactions in Chinese medicine molecular combinations
from multiple levels of “structure-semantics-mechanism” and can
provide a high-order topological expression framework for com-
pound combination modeling. However, further exploration is
still needed in the construction of a semantics-driven labeling
system and the fusion of multi-source heterogeneous data.

Overall, GNNs provide powerful structured expression tools
for TCM molecular compatibility modeling, and are particularly
suitable for integrating multi-dimensional heterogeneous inform-
ation such as compounds, targets, pathways, and roles to express
the complex synergistic mechanisms in TCMFs. However, there
are still shortcomings in semantic modeling, interpretability, and
role mapping, and there is an urgent need to combine them with
the theoretical knowledge structure of TCM to improve the logic-
al expressiveness and clinical usability of the model.

4.1.3. Knowledge graph

A knowledge graph is a knowledge modeling framework that
represents entities and their semantic relationships using a graph
structure '*". It constructs a semantic network of multimodal in-
formation in the form of “entity-relationship-entity” triples, ef-
fectively integrating heterogeneous data resources such as drugs,
targets, pathways, and diseases. KG-MTL combines large-scale
biological knowledge graphs with multi-task learning strategies
to integrate molecular graphs and biological entity information,
thereby enhancing the accuracy of molecular interaction predic-
tions '*°. KGANSynergy constructs knowledge graphs containing
relationships such as drug-protein, cell line-protein, and protein-
protein, and introduces attention mechanisms to capture com-
plex synergistic interaction pathways '*°. The main advantage of
knowledge graphs in modeling molecular compatibility theory in
TCM is that they can carry the semantic structure expression of
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compatibility relationships, which is particularly suitable for con-
structing the chain logic of active compounds in TCM, functions,
and dosages between “monarch, minister, assistant, envoy” and
assisting in the discovery of potential synergistic mechanisms
through path inference. At the data level, KG can integrate multi-
source information such as literature, herbal annotations, and
omics experiments to improve the semantic consistency and
mechanism interpretability of TCM modeling. However, its con-
struction relies on high-quality, structurally clear data, and the
TCM field currently faces challenges such as inconsistent termin-
ology and scarce role annotations, which limit the depth of know-
ledge representation and model generalization capabilities.
Therefore, the promotion of knowledge graphs in TCM theory
modeling needs to be combined with the construction of TCM on-
tologies, natural language information extraction, and multi-per-
spective knowledge embedding methods to gradually promote
the closed-loop integration of “traditional semantics-structural
expression-model construction”. Therefore, KG shows good po-
tential in constructing the semantic structure of TCMFs and is ex-
pected to serve as an important modeling vehicle for integrating
knowledge reasoning and mechanism interpretation.

4.2. The analysis of model adaptability

TCM collaborative prediction faces challenges such as data
heterogeneity, complex structure, and strong semantic depend-
ence. The application of Al models in this field must simultan-
eously consider data adaptability, structural expressiveness, and
theoretical interpretability. In terms of data representation, tradi-
tional models such as SVM and RF require fewer samples and are
suitable for preliminary modeling with small samples, but they
have limited support for high-dimensional and structural data.
DNNs have automatic feature extraction capabilities and are suit-
able for processing complex data such as molecular structures or
pharmacological indicators, but they are sensitive to sample size
and distribution. Transformers are suitable for sequence and se-
mantic inputs and have advantages in integrating linguistic fea-
tures such as pharmacological properties and meridian tropism,
but they rely on a large amount of high-quality labeled data. In
contrast, GNNs have inherent structural modeling capabilities
and are suitable for processing TCM compound-target-disease
networks, making them the current mainstream solution. HGNN
and KG models perform better in heterogeneous structure rep-
resentation, but they have a high engineering threshold and rely
on complete and standardized knowledge graph support.

In terms of TCMFs structure and TCM semantic modeling,
GNN-type models can identify higher-order relationships and role
divisions such as “monarch, minister, assistant, envoy” in com-
binations through graph structures and attention mechanisms.
For example, GraphAl for TCM integrates herbal medicine, com-
pounds, targets, and diagnostic information, and embeds semant-
ic nodes such as medicinal properties, medicinal flavors, and me-
ridian tropism, achieving graphical representation of formula
structures and quantitative identification of role contributions. It
accurately identified highly synergistic drug pairs in the Huashi
Baidu formula and validated the mechanisms.

Transformer models excel at extracting semantic features
such as “cold-heat” and “ascending-descending” from literature,
aiding in the discovery of potential formula relationships and
making them more suitable for semantic-structural fusion-as-
sisted modeling. LLMs also demonstrate unique potential in mod-
eling TCM compatibility. For example, models such as Open-
TCM " and Tianyi '* can extract cross-context knowledge and
perform semantic understanding based on medical literature,
classical prescriptions, and texts like Compendium of Materia
Medica. These capabilities support the construction of modern se-
mantic representations of traditional compatibility relationships.
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Furthermore, models like TCMChat '** and TCM-FTP '’ integrate
elements such as medicinal properties, functional roles, dosages,
and symptoms. Using attention mechanisms, they generate struc-
tured embeddings that enable preliminary modeling of the “mon-
arch, minister, assistant, envoy” framework. In addition, ap-
proaches such as OpenTCM and Lingdan " combine language
models with knowledge graph architectures, enabling multimod-
al input fusion across text, graphs, and omics data. This integra-
tion enhances the model’s logical reasoning and interpretability,
offering more structured support for the theoretical foundations
and clinical value of TCM compatibility.

In terms of model interpretability, the “black box” nature of
deep learning models limits the ability to explain the mechan-
isms behind prediction results. Recent progress indicates that in-
corporating knowledge graphs '*, attention mechanisms "', and
path visualization tools, such as SHAP """ and GNNExplainer ',
can effectively enhance model transparency and trustworthiness.
GraphAl for TCM uses multi-layer graph structures and attention
weight mapping to demonstrate the semantic division of labor
and pathway regulation mechanisms of drugs in compound for-
mulas, proving the bridging role of explainable models between
theory and mechanisms '”’. Furthermore, explainability should
not be limited to feature scoring but should also serve the “holist-
ic” combination logic of TCM. Moving from “who is important” to
“how they collaborate” is essential to achieving the deep integra-
tion of TCM theory and modern Al models, driving the transform-
ation of models from predictability to understandability.

5. Exploring Al modeling of the “monarch, minister, assist-
ant, envoy” compatibility theory: from empirical stratifica-
tion to structure-driven

As the core theory of the Chinese medicine combination sys-
tem, the “monarch, minister, assistant, envoy” compatibility the-
ory is not only a summary of traditional clinical experience, but
also reflects the functional division of labor and synergistic rela-
tionship in the structure of TCMFs '”°. This theory emphasizes the
hierarchical structure of drugs in terms of action intensity, func-
tional objectives, combination synergy, and toxicity and side ef-
fect harmonization, which is the “structural logic” unique to
Chinese medicine '’*. In recent years, network pharmacology re-
search has gradually restored the functional hierarchy in combin-
ations from three levels '’*: active compounds in TCM, targets,
and pathways, as well as the holistic regulation of multiple drugs,
multiple targets, and multiple pathways in the human body by
TCM. With the increasing involvement of Al in modern TCM re-
search, whether this combination wisdom can be effectively em-
bedded in the model structure not only affects the accuracy of
predictions but also determines the model's compatibility and ex-
pansion capabilities in TCM theory.

5.1. Expression of “monarch, minister, assistant, envoy” in Al mod-
els

Introducing the “monarch, minister, assistant, envoy” struc-
ture into Al models is a key step in realizing the integration of
Chinese medicine combination modeling and Chinese medicine
theory. On the one hand, it is necessary to convert the functional
roles of “monarch medicine”, “minister medicine”, “assistant
medicine”, and “courier medicine” into recognizable semantic
features. on the other hand, the model structure itself must sup-
port the participation of these roles in training and prediction,
thereby reflecting the hierarchical and synergistic logic of TCMFs.

Existing research has explored the extraction of drug func-
tional roles from databases such as TCMID, ETCM, and HERB, and
integrated them with information on drug properties and meridi-
an tropism as node attributes in GNN models '**. GNNs, espe-
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cially HGNNs, possess inherent structural modeling capabilities,
enabling the representation of compound interactions, function-
al synergies, or target overlaps between herbs. Through atten-
tion mechanisms and edge weight learning, the model can identi-
fy the dominant role of the principal drug and the regulatory and
guiding functions of the auxiliary drugs, achieving a “structure-
function” mapping aligned with TCM principles. Additionally,
through natural language processing and other methods, com-
mon “monarch, minister, assistant, envoy” structural templates
can be extracted from classical formulas, serving as graph struc-
ture priors to guide the model in learning traditional combina-
tion patterns, thereby enhancing stability in small-sample tasks.

Further research, such as GraphAl for TCM, has extended the
“monarch, minister, assistant, envoy” structure modeling to the
molecular level. This model constructs a multidimensional know-
ledge graph (TCM-MKG) of Chinese medicine-compounds-targets-
diseases-semantic tags, integrating more than 120 000 com-
pound structures and 2 million target-related data points, and
modeling the molecular synergistic strength between drugs
through a graph attention mechanism . In the modeling of
Huazhi Baidu Tang, astragalus was given the highest attention
weight, demonstrating its core status as the “monarch medicine”.
The model also introduces virtual nodes such as “pharmacologic-
al properties” and “meridian tropism” to construct an HGNN
structure, thereby strengthening the mapping between TCM se-
mantics and molecular mechanisms. Combined with pathway en-
richment analysis, the study revealed that the Huangqi-Reed Root
drug pair exerts immune regulatory effects by regulating path-
ways such as “neuroactive ligand-receptor interactions”, forming
a “clear hierarchy” in the graph visualization.

5.2. Al modeling of formula changes in classic TCM texts

TCM tailors treatment methods and personalized prescrip-
tions to the specific symptoms of each patient, embodying the im-
portant principles of syndrome differentiation and individual-
ized treatment in TCM theory 176178 The “monarch, minister, as-
sistant, envoy” structure reflects the functional hierarchy and
dosage priorities, embodying the characteristics of personalized
treatment in TCM '"*"**, In the theory of TCM compatibility, not
only are the types and functions of drugs clearly defined, but the
fine adjustment of drug dosage ratios also has an important im-
pact on the efficacy of TCMFs '*'. Even if the types of drugs in a
formula remain unchanged, changes in the dosage ratios of the
drugs in the formula will result in different pharmacological ef-
fects and functions. Take the "Si Ni Decoction" and "Tongmai Si Ni
Decoction" from the Shang Han Lun as examples. Both formulas
share the same herbal compounds, including Aconiti Lateralis
Radix Praeparata (Fuzi), Zingiberis Rhizonma (Ganjiang), and Gly-
cyrrhizae Radix Et Rhizoma (Gancao). However, in the latter for-
mula, the dosage of dried ginger is increased from 1 liang to 3 li-
ang (a TCM unit of weight, approximately 37.3 grams in ancient
times), and Aconiti Lateralis Radix Praeparata is specifically se-
lected as “large”, resulting in a significant adjustment of the
dosage ratios ”°. This change not only enhances the “resuscitate
yang” (hui yang) effect but also reflects an adaptive shift to ad-
dress the more severe pathological mechanism of “yin waxing
with yang waning”. Similarly, in the “Bai Tong Tang” and “Bai
Tong Jia Zhu Dan Zhi Tang” formulas from the Essential Prescrip-
tions from the Golden Cabinet (Jin Gui Yao Lue), while retaining
the Aconiti Lateralis Radix Praeparata and Zingiberis Rhizonma
combination, the formulas are adjusted to address the complex
pathology of “cold-induced diarrhea complicated with dampness’
(han li jia shi). Although Li Shizhen did not explicitly specify
dosage configurations in the Compendium of Materia Medica, he
summarized the complementary effects of the Aconite-Ginger
combination from a pharmacological perspective through de-
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scriptions such as “combined use multiplies efficacy” and
“primarily restores yang” emphasizing their synergistic pharma-
cological basis for “warm yang”. These differences indicate that,
as a stable drug pair, the dosage ratio and functional weight of
Aconiti Lateralis Radix Praeparata-Zingiberis Rhizonma are dy-
namically adjusted based on the pathogenesis, treatment meth-
ods, and the physician’s therapeutic strategy, reflecting the evolu-
tionary mechanism of the theory of TCMFs.

Now, Al can provide a new perspective for modeling and de-
ducing the patterns of changes in the use of Chinese medicine in
terms of the proportions, efficacy, and therapeutic effects of
TCMFs. On the one hand, pre-trained language models or LLMs
fine-tuned with Chinese medicine knowledge can be used to
deeply mine information from classical Chinese medicine literat-
ure such as Treatise on Cold Damage, Essential Prescriptions from
the Golden Cabinet, and Compendium of Materia Medica '**. This
information includes the relationship between drug combina-
tions, dosage changes, and symptoms "*’. Through these models,
it is possible to establish a chain of reasoning between TCMFs,
dosage changes, efficacy, and diseases, further explore the poten-
tial semantic connections between them, and capture the evolu-
tionary process of combination ideas between different periods
and schools of thought. On the other hand, it is also possible to
construct a knowledge graph with drugs, formulas, efficacy,
causes, and main symptoms as nodes. Then, GNN or hypergraph
learning algorithms can be introduced, with dosage ratios as edge
weights and functional weights assigned to simulate the impact of
dosage variations on efficacy and functionality. Additionally, rein-
forcement learning offers a new modeling approach '*’. We can
view ancient medical practitioners’ adjustments to dosage as a
strategy optimization process. Different dosages are treated as
different actions, the patient’s condition as environmental vari-
ables, and treatment efficacy and theoretical consistency as re-
ward functions. Through this approach, we can simulate the dy-
namic optimization process in TCM clinical practice, where treat-
ment plans are continuously adjusted based on efficacy feedback
and theoretical consistency, thereby exploring the optimal solu-
tions for dosage, functionality, efficacy, and disease.

6. Discussion

6.1. Data bottleneck

Although the traditional applications and experiential accu-
mulation of TCM provide a foundation for drug combinations,
current research on TCM combination synergy still largely relies
on experiential inheritance and small-scale experimental valida-
tion. In contrast to the high-throughput screening systems used
in western medicine for drug combination selection, TCM lacks
high-quality, large-scale, and systematic experimental data to
support research in this area *’. Additionally, the quality of multi-
omics data in current TCM research is inconsistent, and the com-
parability of data across different studies is weak ”’. Most exist-
ing data come from individualized treatments or case studies in
traditional literature, which leads to a lack of standardization and
generalizability '**. This creates a significant challenge in integ-
rating multi-omics data across studies and laboratories. Existing
databases, such as TCMSP °*, ETCM, and SymMap '**, although
functional to some extent, still face issues such as insufficient
data coverage and weak integration. These databases urgently
need further improvement. To support the accurate modeling of
TCM efficacy compounds synergy prediction, it is necessary to
build high-quality databases that cover the chemical composition
of TCM, target pathways, pharmacological effects, and omics re-
sponses *’. These databases should not only contain high-quality
data but also provide standardized annotations and ensure con-
tinuous data updates '**.
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6.2. Challenges in the transformation of the connotation of TCM

The compatibility theory of TCM, as a crucial compound of
TCM, embodies rich clinical experience and theoretical know-
ledge. The complexity and systematic nature of these principles
largely reflect the essence of TCM. However, transforming these
compatibility principles, which are based on traditional experi-
ence and intuitive understanding, into modern biological and
computational languages presents numerous challenges '*.
Firstly, the complexity of TCM compatibility makes it difficult to
precisely describe using the language of modern biology. The
mechanisms of action of TCM are not singular or linear but are
multi-factorial and multi-dimensional. Modern biology, on the
other hand, tends to focus on specific molecular mechanisms, at-
tempting to explain therapeutic effects by studying individual
drugs or biological pathways '*’. Secondly, modern biological re-
search generally relies on large-scale experiments and quantitat-
ive analysis, often standardizing disease and treatment pro-
cesses into specific biological markers or therapeutic targets. In
contrast, TCM emphasizes individualized treatment based on pa-
tient differences, with the efficacy of herbal combinations often
varying from person to person “°'¥’.This individualized ap-
proach conflicts with the standardized, systematic nature of mod-
ern biological research '**. It is precisely this variability that com-
plicates the process of translating TCM compatibility principles
into scientific and computational languages. Moreover, the inter-
actions involved in TCM compatibility are often complex and
multi-dimensional. This intricate relationship makes it a signific-
ant challenge to accurately simulate the effects of TCM combina-
tions using computational languages or algorithmic models .
Particularly when considering that the effects of TCM are not due
to a single pharmacological effect but rather the combined action
of multiple effects *°, it becomes evident that computational lan-
guages must possess sufficient flexibility and diversity. However,
existing technologies are still struggling to cope with this com-
plexity. Therefore, despite recent advancements in the moderniz-
ation of TCM compatibility research, how to effectively integrate
this traditional knowledge with modern biological and computa-
tional languages remains a pressing issue.

6.3. Toward a predictive-validation loop in Al-driven TCM modeling

In the future, it will be necessary to promote the establish-
ment of a closed-loop interdisciplinary mechanism of “prediction-
verification-optimization”. When constructing models, TCM ex-
perts should be deeply involved in the definition of labels and the
design of mechanism attribution, clarifying the functions and
dosage requirements of “monarch medicine”, “minister medi-
cine”, “assistant medicine” and “envoy medicine” """, Al re-
searchers should then design model tasks based on this, such as
using multi-layer graph convolutional learning to study role dif-
ferentiation and identifying action pathways through multi-hop
paths, to generate data results with biological mechanism hypo-
theses. Experimental teams can then conduct in vitro or animal
model validation based on these results, forming a controlled bio-
logical validation feedback loop. Even if current work focuses
primarily on computational prediction or pathway analysis, the
results should provide mechanism hypotheses that can be trans-
lated into experimental designs, as well as clear candidate tar-
gets or drug pair structures, to provide concrete support for sub-
sequent validation and model iteration. Research proposals that
encompass the entire process of “modeling-mechanism output-
experimental validation” should be encouraged. Special funding
mechanisms and shared platform construction should be estab-
lished to support the construction of structural a priori models,
multi-center data integration, and experimental feedback itera-
tion. Interdisciplinary integration should not merely be formal
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collaboration but should redefine problem-definition methods,
logical frameworks, and research objectives, establishing a new
paradigm centered on “verifiable predictions” to advance TCM
formula theory toward a unified system of structural modeling,
mechanism explanation, and clinical practice.

7. Conclusion

Grounded in molecular compatibility theory, this article
presents a comprehensive research framework that integrates
TCM principles, TCM data, and Al technologies. It systematically
delineates key concepts within the molecular compatibility the-
ory, highlighting their relevance to contemporary drug synergy
and molecular compatibility modeling. The study further ex-
plores the applicability of mainstream Al algorithms in predict-
ing the synergistic effects of active compounds in TCM, while ad-
dressing strategies for managing heterogeneous TCM data and
improving model interpretability. Emphasis is placed on the po-
tential of Al to simulate the complex structural logic embedded in
the “monarch, minister, assistant, envoy” framework. By bridging
theoretical foundations with technological tools and data re-
sources, this work seeks to promote the innovative advancement
of TCM theory in the era of modern science and technology.
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