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Artificial intelligence (AI) has emerged as a transformative technology in accelerating drug
discovery and development within natural medicines research. Natural medicines, character-
ized by their complex chemical compositions and multifaceted pharmacological mechanisms,
demonstrate widespread application in treating diverse diseases. However, research and de-
velopment face significant challenges, including component complexity, extraction difficulties,
and efficacy validation. Al technology, particularly through deep learning (DL) and machine
learning (ML) approaches, enables efficient analysis of extensive datasets, facilitating drug
screening, component analysis, and pharmacological mechanism elucidation. The implement-
ation of Al technology demonstrates considerable potential in virtual screening, compound
optimization, and synthetic pathway design, thereby enhancing natural medicines’ bioavail-
ability and safety profiles. Nevertheless, current applications encounter limitations regarding
data quality, model interpretability, and ethical considerations. As Al technologies continue to
evolve, natural medicines research and development will achieve greater efficiency and preci-
sion, advancing both personalized medicine and contemporary drug development ap-

proaches.

1. Introduction

Natural products (NPs) are bioactive compounds extracted
from nature, found abundantly in plants, microorganisms, mar-
ine organisms, and other living entities '(Fig. 1). Throughout hu-
man history, NPs have been fundamental to civilization’s devel-
opment. Their distinctive chemical structures and diverse func-
tional properties render them essential in pharmaceutical re-
search and development, healthcare, agriculture, environmental
protection, and the food industry **.

In healthcare, natural plants, herbs, and other naturally
sourced substances serve multiple therapeutic purposes, includ-
ing immune system enhancement, anti-aging effects, and sleep
quality improvement. Many countries legally classify herbal
medicines and plant-based drugs as dietary supplements °. Re-
search demonstrates that fish oil supplementation reduces C-re-
active protein levels in blood dialysis patients, thereby enhan-
cing immunity °. Regarding sustainable agriculture and environ-
mental protection, NPs such as biopesticides and plant extracts
serve essential functions. Plant and microorganism-derived bi-
opesticides, including azadirachtin and matrine, demonstrate
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E-mail addresses: luanxin@shutcm.edu.cn (X. Luan); zhanghao@shutcm.
edu.cn (H. Zhang)
® These authors contributed equally to this work.
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high effectiveness, low toxicity, and biodegradability, thus redu-
cing environmental pollution and pesticide residues in agricultur-
al products ", In food industry applications, NPs provide various
solutions for processing, preservation, and healthy diet promo-
tion. Plant polyphenols, for instance, extend food shelf life while
effectively reducing oil oxidation and preventing spoilage °. The
pharmaceutical field notably benefits from NPs, as evidenced by
landmark drug discoveries such as penicillin, paclitaxel, and aver-
mectin °, Since 1981, approximately 35% of FDA-approved small-
molecule drugs have originated from NPs .

Scientific and technological advancements have transformed
NP research from traditional empirical methods and basic extrac-
tion techniques to more systematic and refined approaches ' **.
Despite extensive history in natural drug development and ongo-
ing exploration of pharmacological mechanisms through modern
scientific methods, significant challenges persist. The chemical
complexity and diversity of natural medicines, often exhibiting
synergistic effects, make isolating single effective components ex-
tremely challenging, resulting in extended research cycles and
high costs . NP extraction and separation processes demand
substantial time, resources, and labor. Seasonal variations and
environmental factors introduce process instability. Additionally,
resource depletion and biodiversity threats impede research pro-
gress ' '°.Many natural medicines' pharmacological mechan-
isms remain incompletely understood, particularly at the molecu-
lar level. Their multi-component nature produces multi-target ef-

Copyright © 2025, China Pharmaceutical University. Published by Elsevier B.V. All rights reserved.
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Fig. 1 Overview of challenges in natural product-based drug research. (A) Natur-
al products are derived from a wide variety of sources, including plants, microor-
ganisms, marine organisms, and other living systems. (B) Challenges in natural
product-based drug research include low bioavailability, complex chemical com-
positions, and unclear safety or toxicity profiles.

fects, complicating research and clinical applications. These
factors present both scientific and practical standardization chal-
lenges '*".

Safety and bioavailability represent crucial concerns in nat-
ural medicine research. While generally considered milder, nat-
ural medicines can produce varying individual responses, and
drug interactions may present risks '* ", Limited bioavailability
often characterizes natural medicines, and improving absorption
and efficacy remains challenging ** *'. Comprehensive natural
medicine development requires addressing pharmacological
mechanism complexities, component analysis, and implementing
advanced technologies to enhance safety, stability, and bioavail-
ability (Fig. 1). Scientists continue exploring novel research meth-
ods and technological approaches to advance natural medicine
development.

Artificial intelligence (AI) encompasses computer systems
designed to perform tasks requiring human intelligence, includ-
ing learning, reasoning, and pattern recognition “*. Al develop-
ment spans three historical stages. The first stage, symbolic Al
(1950s to 1980s), featured rule-based expert systems and logic
programming. The second stage (1980s to 2010s) marked the
emergence of statistical methods and machine learning (ML), in-
cluding support vector machines (SVM), random forests (RF),
and Bayesian methods. The third stage (2010s to present) repres-
ents the deep Learning Revolution, characterized by neural net-
work expansion through big data and Graphics Processing Unit
(GPU) acceleration “>**, While symbolic Al primarily represents
historical development, it maintains relevance in drug discovery
through knowledge graphs, particularly in connecting natural
compounds to molecular targets and disease phenotypes ****. Al
applications in NP research are extensive, enabling rapid classi-
fication of plant-derived molecules and protein targets in virtual
screening and docking. Al facilitates automated mass spectro-
metry (MS)/nuclear magnetic resonance (NMR) spectra match-
ing with known compounds to minimize rediscovery. Graph neur-
al networks (GNNs) analyze enzyme steps in microbial or plant
secondary metabolism for biosynthetic pathway prediction. Fur-
thermore, Al guides optimization of cultivation conditions and
gene editing to enhance desired NP yields *°.

The advanced capabilities of Al in virtual screening *” and
biological activity prediction ** have substantially reduced devel-
opment timelines and associated costs. The ongoing expansion of
open databases and large-scale omics resources enables Al mod-
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els to synthesize dispersed information through multimodal
learning and knowledge graph frameworks *’, facilitating system-
atic and interpretable exploration of NP space. While convention-
al computational and experimental approaches, such as single
target screening or isolated synthesis activities, enhance effi-
ciency in specific steps, they remain less effective than Al's data-
driven reasoning in overall innovation and understanding of
polypharmacology ****. Consequently, Al has emerged as a cru-
cial technology for addressing persistent challenges and identify-
ing novel natural medicines.

Recent years have witnessed significant progress in Al tech-
nology, bringing renewed momentum to NPs research. Specific-
ally, advances in ML, deep learning (DL, and data analysis have
enabled Al to excel in processing big data, recognizing complex
patterns, and developing predictive models (Fig. 2). These Al-
driven approaches have demonstrated remarkable potential in
NP drug screening, pharmacological mechanism elucidation, bio-
active component analysis, and synthetic route optimization,
leading to notable improvements in research efficiency and cost
reduction ****, Despite challenges such as data quality inconsist-
encies and model interpretability issues ***’, ongoing technolo-
gical progress indicates Al's increasingly vital role in NP medi-
cine development (Fig. 3).

This review presents a comprehensive analysis of Al applica-
tions in NP research. Through detailed examination of the con-
vergence between Al and NP-based drug research, it aims to
provide valuable insights for researchers and practitioners in re-
lated fields, supporting the efficient development and application
of NP medicines. Table 1 presents several notable and successful
applications of Al in NP drug discovery.

2. NP data: public repositories, challenges, and solutions

2.1. Public repositories for NP research

Public repositories of NPs serve as essential resources sup-
porting research and applications related to natural compounds.
Chemical Entities of Biological Interest (ChEBI), a prominent free
database, focuses on small chemical compounds, cataloging dis-
tinct molecular entities including atoms, molecules, and ions.
These entities comprise NPs and synthetic compounds utilized in
biological processes, serving as a vital resource for chemistry,
biology, and pharmacology research **. PubChem, maintained by
the National Institutes of Health (NIH), functions as an open-ac-
cess chemical database offering comprehensive information
about small and large molecules, including their properties and
bioactivity, serving scientists, students, and the general public *°.

Kyoto Encyclopedia of Genes and Genomes (KEGG) combines
genomic, metabolic, and disease-related information, utilizing
metabolic pathways and molecular networks to elucidate NPs’
roles in biological systems, thus supporting NP research and drug
development *’. Natural Products Atlas specializes in microbial
NPs, providing compound structures, biological classifications,
synthesis, and ontological information, while offering chemical
structure and text searches, and chemical diversity visualiza-
tion *'. ZINC Database serves as an openly accessible compound
library containing millions of chemical structures, including NPs

: 4 CNN
@ oan
VAE

Fig. 2 Hierarchical relationship of common artificial intelligence (Al) techniques used in natural product research. Machine learning represents the core domain of Al, while
deep learning is a specialized subfield within machine learning, often utilized for its powerful data pattern recognition capabilities in chemical and biological datasets.
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Fig. 3 General workflow and comparative integration of traditional and Al-based
approaches in natural product drug discovery. Natural product drug discovery
generally follows a multi-step process that includes: Natural product resource col-
lection; Structure elucidation and library construction; Bioactivity screening; Lead
compound optimization; Preclinical and clinical research. In this process, tradi-
tional and Al-enhanced approaches differ substantially. Overall, the integration of
Al into natural product research makes the drug discovery process faster, cheap-
er, and more efficient.

Lower cost

and derivatives, commonly employed in virtual screening and
drug discovery . Minimum Information about a Biosynthetic
Gene Cluster (MIBIG) functions as a standardized repository of
biosynthetic gene clusters, offering detailed information on NP
biosynthesis to enhance data standardization and facilitate re-
trieval “.

HypoRiPPAtlas employs ML to predict and identify ribos-
omally synthesized and post-translationally modified peptides
(RiPPs) from microbial and plant genomes, advancing NP discov-
ery and biosynthetic pathway exploration **. Natural Products
Magnetic Resonance Database (NP-MRD) represents an extens-
ive open-access resource containing NMR data for over 41 000
NPs and bio-derived chemicals, supporting structural elucidation,
dereplication, and characterization of NPs and metabolites . Su-
perNatural 3.0 operates as an open-access database encom-
passing 449 058 natural compounds with properties, biological
activity, and potential therapeutic applications, including anti-
viral, anti-bacterial, and anti-cancer activities, emphasizing pre-
diction of compounds with low-calorie sweetener potential *.

A categorized and updated summary of the general data-
bases, as well as specialized repositories dedicated to NP re-
search, is provided in Table 2.

Table 1 Applications of Al in Accelerating Drug Discovery from Natural Products.
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2.2. Challenges faced by public repositories and strategies

Public repositories for NP research, while providing essen-
tial resources, encounter several significant challenges. The ab-
sence of effective incentive mechanisms frequently inhibits data
sharing among researchers and institutions, impeding the accu-
mulation and preservation of NP-related information. Addition-
ally, the diverse nature of NP data, encompassing chemical struc-
tures, biological activities, metabolic pathways, and genetic in-
formation, presents considerable challenges. This diversity fre-
quently results in format inconsistencies, nomenclature discrep-
ancies, and compatibility issues across databases, thereby in-
creasing data management complexity and making integration
processes both time-intensive and susceptible to errors.

Current databases predominantly concentrate on individual
data types, lacking comprehensive cross-disciplinary integration.
Chemical data, genomic information, and metabolomic data are
typically stored in separate systems, creating obstacles for re-
searchers conducting comprehensive analyses. The enhancement
of public repositories for NPs necessitates addressing key issues
including data standardization, sharing incentives, and storage
process optimization.

To overcome these obstacles, the promotion of open data
policies and support for dataset construction adhering to the
findable, accessible, interoperable, andreusable (FAIR) prin-
ciples can minimize copyright and intellectual property con-
straints, thereby enhancing data accessibility *’. Researchers are
developing automated image recognition and ML techniques to
address the challenges of converting spectra and images into
data, enabling structural information extraction from images and
PDF files with reduced manual intervention “*(Fig. 4).

3. Application of Al in component analysis and activity pre-
diction of natural medicines

Natural medicines comprise hundreds or thousands of chem-
ical components derived from diverse natural sources, including
plants, animals, and microorganisms. These medicines contain
highly complex active components, involving numerous com-
pounds that potentially exhibit varied biological activities and af-
fect multiple targets and biological pathways *”*’. Traditional
methods for active ingredient screening primarily utilize high-
throughput screening (HTS) and liquid chromatography-MS (LC-
MS) techniques due to this complexity in both components and
mechanisms of action *’

Natural medicines present distinct analytical challenges com-
pared to synthetic drugs due to their complex and diverse com-
positions. While synthetic drugs typically contain a single active
ingredient or limited components, natural medicines often incor-

Disease Al method Key findings Ref.
A machine-learning-enhanced screening pipeline was developed to identify natural inhibitors
. i targeting the spike receptor-binding domain (RBD) of SARS-CoV-2. The model screened 125
COVID-19 ML-based classification . ) N o . . 216
natural ligands and revealed several high-affinity binding phytochemicals with favorable drug-
likeness profiles.
A machine learning model trained on Plasmodium falciparum transcriptomic data predicted
Malari Transcriptomic ML model (cross- artemisinin resistance across both in vivo and in vitro platforms. The model identified 217
alaria
platform integration) conserved gene expression biomarkers and achieved top ranking in the DREAM Malaria
Challenge.
. Identified Eleutherobin, bruceine D, and phorbol 12-myristate 13-acetate as potent S-tubulin
Cancer (Microtubule target) Deep Neural Network . 218
inhibitors
Parkinson'’s disease (PD) Deep Learning Identified sclareol as selective Cav1.3 blocker; validated in vitro and in PD mouse model 219
Type 2 diabetes (JNK1) ML (SVM, RF, ANN) Tricin identified from 4112 NPs; IC5, 17.68 umol~L’1 against JNK1 220
Identified andrographolide (ICsq 2.9 umol-L™ vs amastigotes); selectivity comparable to
Chagas disease ML (RF, kNN) 221

benznidazole
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Table 2 Examples of databases for natural products research.
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Type Name Website Last updated Ref.
ChEBI https://www.ebi.ac.uk/chebi/init.do 2025 38
SuperNatural 3.0 http://bioinf-applied.charite.de/supernatural_3 2022 46

Chemical Structure and Property Databases
PubChem https://pubchem.ncbi.nlm.nih.gov/ 2025 222
ZINC https://zinc15.docking.org/ 2025 223
MIBiG https://mibig.secondarymetabolites.org/ 2023 43

Genomic and Biosynthetic Databases

HypoRiPPAtlas https://github.com/mohimanilab/seq2ripp 2022 44
Spectral and Structural Analysis Databases NP-MRD https://np-mrd.org 2025 45
Metabolic and Biological Function Databases KEGG http://www.genome.ad.jp/kegg/ 2025 224
Natural Products Atlas https://www.npatlas.org 2024 26
Natural Product Databases COCONUT https://coconut.naturalproducts.net/ 2025 225
SWMD https://swmd.co.in/ 2020 226

Database

Data scarcity and
heterogeneity

.

(22 AVRAVAN
Challenges L d
m % Cross-Platform
t i Y interoperability
A issues
EN I -
Strategies r)\ ; §7
FA principles U
FHH‘&IbIC A

Fig. 4 Challenges and strategic solutions associated with public repositories of
natural product data. Key challenges include data scarcity, heterogeneity, and
cross-platform interoperability issues. To address these, implementation of the
FAIR principles—Findable, Accessible, Interoperable, and Reusable —provides a
systematic approach to improving data quality and reusability in the field.

porate hundreds or thousands of bioactive compounds with vary-
ing chemical structures, bioactivities, and mechanisms of act-
ion *’. This complexity complicates the identification and isola-
tion of therapeutically active components and their bodily inter-
actions °*>**, Furthermore, NPs may exhibit synergistic or antag-
onistic component interactions, adding complexity to their phar-
macological profile determination ** ",

The inherent complexity of NP molecular structures, includ-
ing multi-ring skeletons, high stereochemistry, and extensive
functional group modifications, poses significant challenges for
traditional computational methods such as QSAR modeling and
classical virtual screening, often resulting in limited throughput
and accuracy *°. Al methods offer a robust alternative by automat-
ically learning complex structural patterns, substantially improv-
ing NP drug discovery efficiency. Traditional analytical tech-
niques, while powerful, face considerable limitations in analyz-
ing complex NP mixtures *’. These methods typically require ex-
tensive sample preparation, involve high costs, and may over-
look low-abundance yet pharmacologically significant
pounds **. Moreover, they inadequately address the intricate rela-
tionships between compound chemical structures and biological
activities, particularly with large, diverse datasets > **°",

The advancement of Al technologies, particularly ML and DL,
has revolutionized natural medicine component analysis and
activity prediction °* ®. These technologies efficiently process
high-dimensional, noisy, and heterogeneous data. ML algorithms,

com-

1345

trained on extensive molecular structure and biological activity
datasets, can identify hidden patterns that may elude convention-
al analysis ® *. DL models, especially multi-layer architectures
like convolutional neural networks (CNNs) and GNNs, automatic-
ally extract complex structural features without predefined
descriptors > . These capabilities enable Al methods to rapidly
predict bioactivity, prioritize key components, and reduce experi-
mental requirements, offering an effective alternative to tradi-
tional complex chemical mixture analysis methods in natural
medicines.

Al efficiently processes complex drug data, extracting valu-
able insights from extensive activity data and chemical compon-
ents, automatically learning patterns, and predicting and screen-
ing drug active components. These capabilities significantly en-
hance both drug development efficiency and accuracy **°.

3.1. Application of ML in activity component prediction

ML represents a data-driven methodology that utilizes large
volumes of existing data to train models for predicting outcomes
in new, unseen data. In NP research, ML primarily serves to train
models with historical activity data to predict the biological activ-
ity of unknown compounds *’.

In the component analysis of natural medicines, supervised
learning algorithms in ML, such as SVM, RF, and gradient boost-
ing machines (GBM), are predominantly employed. These al-
gorithms incorporate biological activity data from known NP
compounds to construct predictive models. For instance, Loc
Nguyen and colleagues developed an integrated computational
framework called iANP-EC, which combines ML techniques with
evolutionary computation. The research employed four learning
algorithms (k-NN, SVM, RF, and XGB) and four molecular repres-
entation schemes to construct a series of classifiers. The highest-
performing four classifiers were selected and combined to form
an ensemble classifier. Additionally, particle swarm optimization
(PSO) optimized the weights for combining these classifiers. The
model was developed using a curated dataset of 997 compounds
from the NPACT and CancerHSP databases. The results demon-
strated that iANP-EC is a stable, robust, and efficient framework,
with an AUC-ROC value of 0.9193 and an AUC-PR value of 0.8366.
A comparative analysis of molecular substructures between nat-
ural anti-carcinogens and non-anticarcinogens revealed several
key substructures potentially responsible for anti-cancer activity.
The research team subsequently deployed the ensemble model as
an online web server with a user-friendly interface, supporting
the research community in identifying NPs with anti-cancer po-


https://www.ebi.ac.uk/chebi/init.do
http://bioinf-applied.charite.de/supernatural_3
http://bioinf-applied.charite.de/supernatural_3
http://bioinf-applied.charite.de/supernatural_3
https://pubchem.ncbi.nlm.nih.gov/
https://zinc15.docking.org/
https://mibig.secondarymetabolites.org/
https://github.com/mohimanilab/seq2ripp
https://np-mrd.org
https://np-mrd.org
https://np-mrd.org
http://www.genome.ad.jp/kegg/
https://www.npatlas.org
https://coconut.naturalproducts.net/
https://swmd.co.in/

X Yuan et al.

tential ”’.

Another example involves the ML-based prediction of antimi-
crobial compounds. Many natural plant extracts demonstrate anti-
microbial activity, but identifying potential anti-microbial mo-
lecules from hundreds of plant compounds presents a consider-
able challenge. Roberta Astolfi, utilizing experimental results and
literature data from the AlI4EssOil database, compiled a dataset of
82 essential oils (EOs) along with their known minimum inhibit-
ory concentration (MIC) values. The study employed ML classific-
ation algorithms, including Support Vector Machines, Random
Forest, Gradient Boosting, Decision Trees, and k-Nearest Neigh-
bors, to establish quantitative composition-activity relationship
models. Feature importance analysis, based on the Skater meth-
odology, identified key chemical components that influence EO
activity. Individual chemical components such as limonene, euca-
lyptol, a-pinene, linalool, S-caryophyllene, nerol, S-pinene, neral,
and carvacrol were identified as essential for biological efficacy.
The predictive performance of the ML models was validated us-
ing a test set of freshly extracted and chemically characterized
EOs, achieving a prediction accuracy of 91% for new EO samples.
Additionally, astrong correlation emerged between the pre-
dicted feature importance and experimental inhibition values for
six selected pure compounds (limonene, eucalyptol, a-pinene,
linalool, carvacrol, and thymol). Furthermore, the ML approach
was extended to cytotoxicity data for 61 EOs using 3T3-Swiss
fibroblasts. The analysis revealed that through blending or select-
ively enriching these key components, EOs with both high anti-
bacterial activity and low cytotoxicity could be designed. These
findings establish a foundation for the biological standardization
of EOs and support their rational design and optimization for
clinical applications .

This demonstrates a significant advantage of utilizing ML for
activity prediction in natural medicines: it enables rapid screen-
ing of potential active components, substantially enhancing drug
screening efficiency. Researchers can utilize these predictions to
minimize the randomness and high costs associated with experi-
mental processes, thereby optimizing drug development effi-
ciency.

3.2. DL and structure-activity relationship (SAR)

DL, a fundamental branch of ML, distinguishes itself through
its ability to automatically extract features from large datasets us-
ing multi-layer neural networks, enabling the recognition of more
complex patterns *. In the component analysis and activity pre-
diction of natural medicines, DL presents significant advantages
over traditional ML methods, particularly when analyzing com-
plex molecular structures. It automatically extracts relevant fea-
tures from molecular structures, thus overcoming the limitations
of traditional approaches in SAR analysis ”°.

Traditional activity prediction methods typically rely on fun-
damental chemical features of molecules, such as molecular
weight, polarity, hydrophobicity, and electron distribution. While
these features provide some predictive value, they often fail to
capture the subtle factors influencing activity in complex NP mo-
lecules °'. In contrast, DL algorithms like deep neural networks
(DNNs) and CNN perform end-to-end learning on molecular
structures through multi-layer architectures, enabling automatic
extraction of high-level features and identification of non-linear
relationships between molecules and biological activity *.

Heba Askr et al. developed an innovative model combining
DL, fuzzy rough set theory, explainable Al (XAI), and medicinal
chemistry to identify potential new drug candidates by analyzing
experimental data from Vidarabine. The model’s predictions
were validated through subsequent anti-cancer experiments,
leading to the identification of sulfur and magnesium oxide as
drugs with significant anti-cancer activity, economic feasibility,
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and widespread availability. This research provides novel in-
sights and approaches for drug repurposing research .

DL demonstrates significant potential when trained on phar-
macological datasets, enhancing SAR predictions while determin-
ing key pharmacokinetic [absorption, distribution, metabolism,
excretion, and toxicity (ADMET)] properties, including metabolic
pathways, drug efficacy, and human body half-life. Notably, Dong
Chen et al. developed the Algebraic Graph-Assisted Bidirectional
Transformer (AGBT) framework, which combines algebraic
graph and bidirectional transformer representations with vari-
ous ML algorithms, including decision trees, multitask learning,
and DNNs, for molecular property prediction. The AGBT frame-
work underwent validation across eight molecular datasets, in-
corporating quantitative toxicity, physical chemistry, and physi-
ology data ’°. This framework substantially enhances screening
efficiency and provides essential support for decision-making in
NP drug development, particularly during initial screening pha-
ses.

A notable implementation of DL appears in anti-cancer drug
screening. Yu-Chiao Chiu and colleagues developed DeepDR, a DL
model for predicting drug responses based on mutation and gene
expression profiles of cancer cells or tumors. The model incor-
porates three DNNs: a mutation encoder pre-trained using a com-
prehensive pan-cancer dataset (The Cancer Genome Atlas, TCGA)
to extract core representations from high-dimensional mutation
data, a pre-trained gene expression encoder, anda drug re-
sponse prediction network integrating the previous two subnet-
works. Their model predicted drug responses in 9059 tumors
across 33 cancer types. The model effectively identified both es-
tablished drugs (such as EGFR inhibitors in non-small cell lung
cancer and tamoxifen in ER + breast cancer) and novel drug tar-
gets (such as vinorelbine for TTN-mutated tumors) .

Yongcui Wang et al. developed DeepDRK for drug response
analysis. Their research involved training DNNs using data from
over 20 000 pan-cancer cell line-anticancer drug pairs, facilitat-
ing information transfer between different drugs and cancer
types. The data utilized similarity matrices generated through
kernel methods, incorporating multi-omics data from various
sources, including genomics, transcriptomics, epigenomics,
chemical properties, and known drug-target interactions. The
model demonstrated high accuracy and stability when validated
on newly established patient-derived cancer cell lines. Signific-
antly, DeepDRK’s predictions showed strong correlation with
clinical patient outcomes and identified several potential drug re-
purposing candidates ’°. These DNN-based tools, trained on ex-
tensive datasets, have identified several novel natural
pounds with anti-cancer properties previously undetected
through traditional HTS.

com-

4. Application of Al in the pharmacological mechanism and
multi-target analysis of natural medicines

Natural medicines exhibit complex pharmacological mechan-
isms involving multiple targets and biological pathways ”’. Unlike
conventional single-target drugs, natural medicines typically
modulate biological processes through multiple targets and path-
ways, producing more complex and diverse therapeutic effects *“.
For instance, numerous plant-derived NPs demonstrate anti-in-
flammatory and anti-oxidant effects while potentially influencing
the immune system, nervous system, or metabolic pathways ***.
Several applications of Al in the pharmacological mechanisms
and multi-target analyses of natural medicines are listed in
Table 3. Understanding these comprehensive pharmacological
mechanisms remains essential for advancing clinical applications
and facilitating new drug development.

The evolution of Al technologies, particularly the integration
of ML and DL methods, has revealed significant potential in phar-
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macological mechanism and multi-target analysis ** **. Through

the integration of various “omics” data, including genomics, pro-

teomics, and metabolomics, Al enables the discovery of natural

medicine targets and mechanisms of action in a high-dimension-

al context, providing a more comprehensive and accurate repres-
. . 85,86

entation of drug actions .

4.1. Application of Al in the pharmacological mechanism analysis of
natural medicines

Natural medicines typically involve multiple molecular-level
interactions in their pharmacological actions, and conventional
experimental methods face challenges in revealing these com-
plex mechanisms efficiently. Al, particularly ML, analyzes large-
scale “omics” data—including gene expression profiles, protein-
protein interaction (PPI) networks, and metabolite data—to de-
rive valuable insights and identify the targets and pharmacologic-
al effects of natural medicines *’. Al can identify potential effects
of natural medicines on specific diseases by analyzing gene ex-
pression changes in treated cells or tissues. These genes may
function as direct targets or represent key pathways regulated by
drug intervention. Beyond gene expression analysis, Al integ-
rates PPI networks to identify critical signaling pathways influ-
enced by natural medicines. Through large-scale PPI network
analysis, Al identifies potential target proteins and predicts their
biological process modulation. Additionally, Al serves a crucial
role in metabolomics analysis, examining natural medicine meta-
bolic products and elucidating their biotransformation pathways
and metabolic dynamics ***".

A significant challenge in NP research lies in the often un-
clear or inadequately characterized efficacy of numerous natural
medicines. Traditional methods frequently prove insufficient in
fully capturing or verifying their therapeutic effects due to the
complexity of their multi-component and multi-target actions,
resulting in uncertainties regarding their clinical application and
acceptance *" %, Al presents robust solutions for systematically
elucidating the efficacy of natural compounds. Through the integ-
ration of diverse data sources—including clinical trial outcomes,
real-world patient records, multi-omics data, and literature min-
ing —AI models can detect therapeutic benefit patterns, reveal
hidden connections between compounds and disease pathways,
and predict natural medicines’ clinical efficacy with enhanced
precision *>**, Additionally, XAl approaches facilitate the visualiz-
ation and interpretation of compound pharmacological actions,
thereby connecting molecular mechanisms with observable
therapeutic outcomes ** °°. These capabilities enhance under-
standing of natural medicines’ efficacy while accelerating their
rational development and evidence-based clinical translation ”’.

Miaobo Ye et al. investigated the mechanism of Toujie Quwen
Granules in treating coronavirus disease 2019 (COVID-19) pneu-
monia through network pharmacology, molecular docking, and
integrated surface plasmon resonance (SPR) technology. The re-
searchers integrated chemical constituents and target informa-
tion from various Chinese medicinal herbs to establish a Chinese
medicine-compound-target network. Using Metascape, they con-
ducted PPI network analysis, Gene Ontology (GO) functional en-
richment, and KEGG pathway enrichment analysis on core tar-
gets to elucidate their mechanisms of action. Molecular docking
analysis examined interactions between the top 34 compounds
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and key SARS-CoV-2 enzymes, including 3CL protease and ribo-
nucleic acid (RNA)-dependent RNA polymerase (RdRp). The re-
searchers then evaluated 13 compounds with the lowest affinity
scores for interactions with ACE2, SARS-CoV-2 spike protein, and
interleukin-6 (IL-6). SPR experiments validated the binding affin-
ity and biological activity of selected compounds, including quer-
cetin, astragaloside IV, rutin, and isoquercitrin. These results
provide substantial evidence and theoretical support for Chinese
medicine’s potential mechanisms against SARS-CoV-2 *.

Qin Deng et al. investigated the mechanism of Andrographis
paniculata against solar dermatitis utilizing network pharmaco-
logy, molecular docking, and experimental validation. The study
identified active components and potential targets of Andro-
graphis paniculata from TCMSP and Swiss Target Prediction data-
bases. Potential therapeutic targets for solar dermatitis were
gathered from GeneCards, DrugBank, and OMIM databases. The
researchers constructed PPl networks and compound-target-dis-
ease (C-T-D) networks using Cytoscape to identify key therapeut-
ic targets in solar dermatitis, including AKT-1, TNF-a, IL-6,
MMP9, EGFR, and PTGS2. GO functional analysis and KEGG path-
way enrichment analysis using the DAVID database indicated the
PI3K-Akt signaling pathway’s central role in Andrographis panicu-
lata’s therapeutic effects on solar dermatitis. Molecular docking
assessed binding affinity between key components and target
genes. Using UVB-irradiated HaCaT keratinocytes and UVB-irra-
diated ICR mice as models, they confirmed that Andrographis
paniculata demonstrates significant anti-inflammatory and skin
repair effects through the PI3K-Akt signaling pathway .

ML and DL have gained recognition for their contributions to
pharmacological mechanism analysis '*’. Although these Al tech-
nologies are frequently used interchangeably, they demonstrate
distinct characteristics in natural medicine research applications.
ML techniques, including SVM and RF, typically utilize pre-pro-
cessed, structured data requiring manual feature selection. These
methods prove effective when relationships between variables
are relatively straightforward and datasets are well-defined * """,
Conversely, DL methods, such as CNNs and recurrent neural net-
works (RNNs), demonstrate excellence in analyzing unstruc-
tured, high-dimensional data, including genomics, proteomics,
and metabolomics '">. DL models automatically extract complex
features from data without manual intervention, making them
particularly valuable for large-scale and heterogeneous datasets.

Network-based Al methods, particularly GNNs, allow re-
searchers to model complex relationships between molecules,
targets, and biological pathways '*’. This approach provides a
comprehensive view of pharmacological mechanisms while
improving predictive accuracy for multi-target interactions. Un-
like traditional Al techniques focusing on single-target drug ef-
fects, modern ML/DL algorithms identify subtle, non-linear rela-
tionships between multiple natural medicine components, sub-
stantially enhancing understanding of their therapeutic poten-
tial '** ', These developments establish Al as an essential tool in
pharmacological research, enabling more precise and efficient
mapping of complex molecular networks involved in natural

medicine's actions '*°.

4.2. Application of Al in multi-target drug design

The intricate composition and multi-target mechanisms of

Table 3 Applications of Al in the Pharmacological Mechanism and Multi-target Analysis of Natural Medicines

Tool Description Availability/Website Ref.
TIGER Reveal the target promiscuity of pharmacologically active compounds Not disclosed 192
STarFish A stacked Ensemble Target Fishing Approach https://github.com/ntcockroft/STarFish 227
. Identifying the macromolecular targets of de novo-designed chemical entities
SPiDER http://modlab-cadd.ethz.ch/software/ 228

through self-organizing map consensus
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natural medicines have established them as a crucial focus in con-
temporary drug development. In contrast to conventional single-
target drugs, natural medicines modulate biological systems
through multiple targets and pathways, presenting significant
therapeutic potential across diverse diseases '”’. These medi-
cines comprise multiple bioactive components, each capable of
modulating various biological pathways and cellular processes.
For example, numerous plant-derived compounds demonstrate
multiple therapeutic effects in cancer treatment, targeting vari-
ous mechanisms including inflammation, cell cycle regulation, ox-
idative stress response, and apoptosis, demonstrating particular
effectiveness against cancer, cardiovascular diseases, metabolic
disorders, and other conditions '*. Conversely, traditional single-
target drugs typically address one specific target, potentially lim-
iting their therapeutic efficacy '”. Consequently, the develop-
ment of multi-target drug design has become increasingly critical
in natural medicine research and development.

Al technologies, particularly ML and DL, serve a crucial role
in investigating the multi-target actions of natural medicines
through the analysis of large-scale multi-omics data (including
genomics, proteomics, and metabolomics). Al facilitates the iden-
tification of potential targets for various natural medicine com-
ponents, elucidating their effects on multiple biological pathways
and enabling the development of multi-therapeutic drugs. The
three primary methods of Al applications in this process com-
prise: ligand-based methods, structure-based methods, and lig-
and-target networks. Ligand-based methods utilize drug mo-
lecule (ligand) characteristics for target prediction, fundament-
ally based on ligand similarity and chemical fingerprints (Fig. 5A).
Structure-based methods employ three-dimensional structural
information of the target for prediction, typically utilizing compu-
tational simulations, such as molecular docking and molecular
dynamics simulations, to predict binding modes and affinities
between drug molecules and targets (Fig. 5B). Ligand-target net-
works establish network models between ligands and targets to
reveal complex relationships among ligands, targets, and biolo-
gical pathways, integrating both ligand-based and structure-
based approaches for network-based analysis "' '"'(Fig. 5C).

In drug-target prediction, Al initially processes large-scale
drug-target databases to develop models correlating drugs with
their targets ''”. Through training on natural medicine compound
data, Al identifies potential target interactions . Furthermore,
Al has enhanced the integration of multi-target drug design with
network pharmacology, examining multi-pathway and multi-
level drug effects through layered drug-target-disease networ-
ks ''*. Al analyzes gene, protein, and interaction networks to
identify multiple targets of natural medicines and predict their in-
fluence on various biological pathways '°. Through virtual
screening, Al identifies candidate molecules exhibiting high affin-
ity, favorable pharmacokinetic properties, and low toxicity, sub-
stantially improving drug development success rates """, This
methodology enhances drug design precision while reducing ex-
perimental costs and duration. Al-driven target predictions en-
able researchers to select natural medicine components more ef-
fectively, facilitating advances in multi-target drug design.

Through the application of Al technologies, researchers can
develop more effective multi-target drugs that simultaneously
target multiple disease-related pathways and regulate various
biological processes, resulting in improved therapeutic outcomes.
For example, in a study by Huaguo Liang and colleagues, the
therapeutic potential of Selaginella doederleinii Hieron (S.
doederleinii) was investigated for treating nasopharyngeal car-
cinoma (NPC) —a condition characterized by complex etiology
and late-stage diagnosis. The researchers identified NPC-related
target genes through databases such as GeneCards, OMIM, and
DisGeNET, and conducted weighted gene co-expression network
analysis (WGCNA) on the GSE53819 dataset, revealing several
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Fig. 5 Common Al-based approaches of predicting targets for natural products.
(A) Ligand-based methods utilize the intrinsic chemical features of small mo-
lecules (ligands) to predict potential targets through similarity comparisons and
molecular fingerprints. (B) Structure-based methods rely on the three-dimension-
al structural information of biological targets and use techniques such as molecu-
lar docking and molecular dynamics simulations to estimate binding modes and
affinities. (C) Ligand-target network models integrate both ligand-based and
structure-based data to construct multi-target interaction networks, thereby elu-
cidating complex relationships between compounds, targets, and biological path-
ways.

significant gene modules associated with NPC. Active compon-
ents and their targets from S. doederleinii were identified from
the TCMSP and other databases, revealing 32 overlapping genes.
GO and KEGG pathway analyses identified key biological pro-
cesses, including protein phosphorylation and cell cycle regula-
tion. A PPI network was constructed, with the cytoHubba tool
identifying six critical genes (BCL2, MAPK14, ABCB1, PLK1, ATM,
and HMOX1) that were closely related to NPC prognosis and im-
mune microenvironment, based on Kaplan-Meier survival analys-
is and immune infiltration studies. Additionally, single-cell RNA
sequencing was employed to examine the expression patterns of
these key genes across different immune cell types, and their
roles in malignant cell differentiation were explored using
pseudotime trajectory analysis. Molecular docking and dynamics
simulations further confirmed the strong binding affinity and sta-
bility of the Berberine-MAPK14 and Matairesinol-PLK1 com-
plexes, suggesting their potential therapeutic value. Overall, the
study indicates that the active components of S. doederleinii may
substantially contribute to NPC treatment through synergistic
multi-pathway and multi-target effects "™

In conclusion, Al technology serves a vital role in multi-tar-
get drug design for natural medicines. Through Al implementa-
tion, researchers can elucidate the multi-target action mechan-
isms of natural medicines and expedite drug screening and op-
timization processes, facilitating the development of new natural
drugs. As Al technology advances, the field of multi-target drug
design in natural medicines will enter a new phase of precision
and efficiency.

5. Application of Al in predicting toxicity and side effects of
NPs

Although NPs are generally regarded as having high safety
profiles due to their origins in nature, they can still present tox-
icity or side effects, particularly when used in large doses or over
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extended periods. For example, Gardenia jasminoides J]. Ellis
(Gardeniae Fructus, GF), a commonly used herbal medicine, is
known for its hepatoprotective effects, making it an important
component in the treatment of various liver diseases. However,
long-term use or overdose of GF may lead to hepatotoxicity, rais-
ing concerns regarding its clinical application " *°. Therefore,
despite the broad clinical applications of NPs, their safety must
still be carefully evaluated. Traditional toxicity prediction meth-
ods often rely on animal testing, which involves extensive experi-
ments on animals to assess the toxicity of drugs or their chemical
components. However, animal testing is not only time-consum-
ing and costly (Fig. 6A) but also raises significant ethical con-
cerns '*"'** (Fig. 6B). Moreover, animal models do not always ac-
curately reflect human toxicity responses, posing challenges for
reliable toxicity prediction **'** (Fig. 6C). In this context, Al tech-
nologies, particularly ML and DL, have emerged as essential tools
for predicting the toxicity and side effects of NPs '*°. By analyzing
large toxicity datasets, Al can assist researchers in predicting the
potential toxicity of NPs through data modeling and pattern re-
cognition. This approach helps reduce the failure rates in preclin-
ical and clinical trials and provides a theoretical basis for optimiz-
ing drug development ',
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Fig. 6 Limitations of traditional toxicity assessment methods. (A) Animal testing
is time-consuming, labor-intensive, and expensive. (B) Ethical concerns raise, as
laboratory animals are often subjected to suffering, distress, and aggressive beha-
vioral changes. (C) Animal models do not always accurately reflect human
physiological and toxicological responses, limiting the translatability of the res-
ults.

The implementation of Al technology effectively addresses
the limitations of traditional toxicity prediction methods.
Through analysis of extensive toxicity databases, Al can identify
correlations between molecular structural features and toxicity
profiles. These features, encompassing molecular weight, chemic-
al structure complexity, functional group characteristics, and ad-
ditional parameters, are fundamental determinants of toxicity.
Through training DL models, Al can automatically identify these
features and utilize them to predict the potential toxicity of novel
compounds "*’. Furthermore, Al's contribution to toxicity predic-
tion extends beyond structural analysis. Research has demon-
strated that drug toxicity is intrinsically linked to metabolism,
particularly involving drug-metabolizing enzymes such as the
CYP450 family. These enzymes can generate toxic metabolites
within the body, potentially leading to adverse reactions. Con-
sequently, Al can integrate drug metabolism characteristics with
ADMET properties, enhancing prediction accuracy '**'*". By sim-
ulating drug metabolism pathways, Al can forecast metabolic out-
comes and identify potentially toxic metabolites. Beyond consid-
ering molecular structures and metabolic characteristics, Al can
synthesize toxicity data from multiple sources for comprehens-
ive analysis " *’. This multifaceted approach substantially im-
proves the reliability and precision of toxicity predictions, advan-
cing safer drug development practices.

Al technology has become extensively employed in predict-
ing the toxicity and side effects of NPs. For instance, Qi Yang et al.
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developed a ML-based model for predicting hepatotoxicity and
validated it using 56 chemical constituents of Gardenia jas-
minoides. The model's effectiveness was confirmed through liter-
ature reviews, principal component analysis (PCA), and structur-
al comparison techniques. Their findings revealed that the hep-
atotoxic constituents of Gardenia exhibit dual effects—at certain
doses, they can display both therapeutic and toxic properties '*.
Another significant example comes from Chen Jia et al., who de-
veloped an effective ML model to predict the toxicity of tradition-
al Chinese medicines (TCMs). They correlated the toxicity of
TCMs with analytical descriptors derived from electron ioniza-
tion MS (EI-MS) data. The model achieved a classification accur-
acy of over 0.74, enabling the identification of specific toxic com-
ponents. Furthermore, molecular dynamics simulations were em-
ployed to investigate how these components interact with key
protein targets, such as hepatic cytochrome P450 3A4. This ap-
proach provides valuable insights into the toxicological profiles of
TCMs, facilitating the maximization of therapeutic benefits while
minimizing adverse effects. Additionally, it supports the predic-
tion of toxicity in unknown mixtures found in real-world environ-
ments '*° (Fig. 7A).
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Fig. 7 Application of Al in predicting toxicity and improving bioavailability. (A)
Workflow for predicting the toxicity of traditional Chinese medicines (TCMs) us-
ing EI-MS and machine learning.The process begins with data collection and pre-
processing: TCM samples are selected from the Chinese Pharmacopoeia and sub-
jected to electron ionization mass spectrometry (EI-MS). The spectral data under-
go zero-filling interpolation, feature cleaning, and intensity normalization. Next,
four machine learning algorithms—Random Forest (RF), XGBoost, Support Vec-
tor Machine (SVM), and k-Nearest Neighbors (kNN)—are trained, and their per-
formance is evaluated using five-fold cross-validation. The RF model is selected as
the optimal performer. Feature importance analysis from the RF model is then
used to identify potentially toxic compounds. Finally, molecular dynamics simula-
tions are employed to investigate the interaction mechanisms between the identi-
fied toxic compounds and relevant proteins. (B) Artificial intelligence techniques
are used to predict and optimize key pharmacokinetic and physicochemical prop-
erties, including solubility, membrane permeability, and blood-brain barrier pen-
etration to improve drug bioavailability and safety.

In addition to toxicity prediction, Al technologies serve a cru-
cial role in optimizing the bioavailability and safety profiles of
NPs '**'*, Bioavailability, which refers to the extent and rate at
which an active ingredient is absorbed and becomes available at
the site of action, is a critical factor affecting a compound’s clinic-
al efficacy and safety. Poor bioavailability can result in increased
dosing requirements and a higher risk of adverse effects "*’. Al
models, particularly those based on DL and reinforcement learn-
ing, have been employed to predict and optimize physicochemic-
al properties such as solubility, membrane permeability and
blood-brain barrier penetration, all of which are closely associ-
ated with bioavailability and safety "*""*°(Fig. 7B). For example,
Liu et al. developed and validated advanced Al models—includ-
ing RF, Gradient Boosting Regression Trees (GBRT), and Ex-
tremely Randomized Trees (ERT) —to predict the solubility of
the anti-cancer drug busulfan in a supercritical CO, system.
Among the tested models, GBRT achieved the best performance,
with an RMSE of 1.03 x 10~* and MAPE of 0.362, demonstrating
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high predictive accuracy (R? > 0.9). Furthermore, the model iden-
tified an optimal solubility condition at 38.3 °C and 333.1 bar,
yielding a solubility of 1.36 x 10~ mol fraction. This study high-
lights the potential of Al to support early-stage formulation
design and solubility optimization, which are critical for improv-
ing the bioavailability and delivery of natural and synthetic com-
pounds *.

Overall, the application of Al technology in predicting the
toxicity and side effects of NPs has substantially enhanced the ef-
ficiency and accuracy of toxicity predictions, significantly redu-
cing risks in the drug development process. Through the integra-
tion of extensive toxicity data, analysis of chemical structure and
metabolic characteristics of drug molecules, and combination of
toxicity databases for pattern recognition, Al assists researchers
in identifying potential safe drug candidates. This reduces de-
pendence on traditional experimental methods, decreasing both
experimental costs and time. Additionally, Al's capabilities in DL
and molecular simulations enable more precise safety assess-
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ments, providing a solid scientific foundation for the clinical ap-
plication and market promotion of NPs. With ongoing advance-
ments in Al, the future of toxicity prediction for NPs is positioned
to become increasingly efficient and accurate, heralding a new
era for NP development.

6. Challenges and strategies for further integrating Al with
NP research

As Al continues to be integrated into NP research, significant
advancements have emerged, including the optimization of NP in-
gredient screening, toxicity prediction, and pharmacological
mechanism analysis. Despite these promising achievements, the
application of Al in this field still faces several challenges. Ad-
dressing these obstacles will be crucial for the broader adoption
and success of Al technology in NP research moving forward. A
summary of the challenges and strategies for further integrating
Al into NP research is presented in Table 4.

Table 4 Challenges and strategies for further integrating artificial intelligence with natural products research.

Challenge

Strategies

Data Quality and Diversity

Model Explainability

Interdisciplinary Collaboration

Hybrid Models with Experimental Validation

Ethical Concerns

Cost and Infrastructure

Improve and expand databases

Enhance collaboration with regulatory agencies and big data platforms

Promote data integration and sharing

Develop Explainable Al (XAI) methods, such as attention mechanisms and feature visualization, to enhance transparency.
Foster cross-disciplinary platforms and partnerships among academia, pharmaceutical companies, and Al startups.

Build closed-loop systems combining Al prediction with experimental feedback to iteratively refine drug discovery

Implement data protection measures

Establish Al-specific ethical frameworks

Encourage interdisciplinary ethical review

Provide targeted funding support

Establish shared computational platforms

Encourage cross-institutional collaborations to share costs and resources

6.1. Data quality and diversity

The effectiveness of Al models is fundamentally dependent
on high-quality, diverse, and standardized data. In NP research,
several significant obstacles impede the successful implementa-
tion of Al technologies, including inadequate data standardiza-
tion, limited partnerships with drug regulatory agencies and big
data companies, and insufficient data volume "*"'**. NPs exhibit
complex and diverse compositions, frequently featuring large,
non-standardized chemical structures. While databases such as
ChEMBL, PubChem, and Tox21 have accumulated substantial
data in specific domains ***"*, biological activity data for NPs ori-
ginate from diverse experimental methodologies, potentially
compromising comparability. This fragmentation creates chal-
lenges including data scarcity, imprecise labeling, and irregular
updates, hindering effective cross-source training for Al mod-
elS 145, 146.

Moreover, numerous NP components remain unidentified or
lack standardization, creating obstacles for researchers attempt-
ing to characterize their multiple biological activities accurately.
Future research must prioritize the enhancement of natural NP
databases and the establishment of more comprehensive, high-
quality data systems. Additionally, emphasis should be placed on
improving the integration and sharing of data from multiple
sources "', For instance, partnerships with drug regulatory agen-
cies and Al-driven big data platforms could utilize HTS technolo-
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gies and artificially synthesized chemical substances to systemat-
ically expand NP databases. Such expansion would enhance Al
models’ capacity to adapt to NPs’ inherent diversity and complex-
ity 148,149

Training data that is biased or incomplete can significantly
affect Al-driven drug discovery research in several ways. First,
training data lacking representativeness may cause model over-
fitting within a limited chemical space, restricting the generation
of compounds with novel functions and properties. Second, data
bias may result in models incorrectly estimating the biological
activity of certain compound classes, leading to elevated rates of
false positives or false negatives. Third, given that NPs typically
operate through complex multi-objective mechanisms, training
data that is incomplete or narrow in scope may compromise the
model’s ability to accurately identify structure-target relation-
ships.

Several advanced Al techniques can address the challenges
posed by biased or incomplete data. Transfer learning facilitates
knowledge reuse from related, well-annotated datasets to en-
hance performance in target domains with limited data, effect-
ively addressing issues of data scarcity or skewed distributi-
ons . Federated learning implements a decentralized learning
approach enabling collaborative model training among institu-
tions without raw data sharing, preserving privacy while enhan-
cing data diversity and robustness '°'. Furthermore, synthetic
data generation, utilizing generative adversarial networks
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(GANs) or SMILES-based molecular generators, can supplement
underrepresented data classes or simulate rare compound types,
improving Al models’ generalization capabilities These
strategies collectively enhance the robustness, generalizability,
and reliability of Al systems in NP research.

6.2. Model explainability

Despite the remarkable predictive accuracy of DL and other
Al technologies in NP research, their “black box” nature presents
a significant challenge '*°. While DL models effectively learn fea-
tures from large datasets for predictions, their underlying de-
cision-making processes often resist interpretation '**. This opa-
city is particularly problematic in drug development, where drug
safety and efficacy depend not only on prediction accuracy but
also on understanding the underlying mechanisms. Clear compre-
hension of the prediction process is crucial for supporting clinic-
al applications '*> *°, Regarding Al predictions of NPs’ multi-tar-
get effects, DL models may identify potential targets and path-
ways but frequently fail to elucidate specific interaction mechan-
isms, biological pathways, and potential side effects. This lack of
transparency constrains Al’s utility in drug development, particu-
larly during critical decision-making phases, as it provides insuf-
ficient confidence for drug developers ' (Fig. 8A). Addressing this
challenge requires focused research on advancing XAl. The devel-
opment of more transparent algorithms —including attention
mechanisms and feature visualization techniques —will enable
researchers to better understand Al predictions and optimize
model outputs **"-"*°,

Black box
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Fig. 8 Challenges and potential strategies for applying Al models in natural
product research. (A) A major limitation is the lack of sufficient high-quality, an-
notated data on natural products, which undermines the generalization ability of
Al models. Additionally, many Al models function as “black boxes”, offering lim-
ited interpretability. (B) Strategies such as training models with large-scale, di-
verse datasets and employing model visualization techniques can improve both
performance and transparency.

Ongoing initiatives aim to enhance the interpretability of Al
models in NP research. These efforts seek to transform the tradi-
tional “black box” paradigm into a “glass box” through multidi-
mensional technological strategies and comprehensive integra-
tion with chemical and biological knowledge. A fundamental ap-
proach involves designing models with built-in attention mechan-
isms, such as Transformers and GNN, which highlight molecular
regions that the model examines during prediction, including
pharmacophores or functional groups '*’. Feature attribution
methods, notably SHapley additive explanations (SHAP) and loc-
al interpretable model-agnostic explanations (LIME), are extens-
ively employed to assess individual molecular descriptors’ contri-
butions to biological activity prediction, enhancing model trans-
parency and reliability '**'*’. Visualization techniques (such as
heatmap annotations in DeepChem) and knowledge embedding
methods (e.g., retaining generation constraints for active scaf-
folds) further align model outputs with domain-specific medicin-
al chemistry principles. Visualization strategies and knowledge
embedding approaches continue to harmonize model outputs
with specific domain chemical understanding '*’. Furthermore,
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the extensive adoption of open-source tools such as RDKit and
ChEMBL, alongside standardized evaluation frameworks like
chemical efficacy scores, promotes greater reproducibility and
transparency in Al interpretability research '** (Fig. 8B).

6.3. Emerging Al technologies in NP research

Recent years have witnessed substantial advancement in NP
research through various sophisticated Al methods, particularly
Transformers, diffusion models, and large language models
(LLMs). Transformers effectively capture long-range dependen-
cies through self-attention mechanisms and have facilitated the
generation of extensive NP-like compound libraries, such as NPG-
PT, expanding chemical space beyond 67 million structures '*". In
virtual screening and target prediction tasks, Transformer-based
architectures like MolTrans have markedly enhanced the predic-
tion accuracy of NP-protein interactions '*’. Fragment-based con-
ditional models such as NIMO enable directed optimization of
biological activity while maintaining the structural diversity in-
herent to NP scaffolds '*’. Additionally, chemical language mod-
els have demonstrated efficacy in designing novel bifunctional
ligands capable of targeting multiple proteins simultaneously ***.

Diffusion model employs forward backward noise processes
to facilitate the generation and optimization of complex mo-
lecules in three-dimensional space. MD3MD, a multiscale equiv-
ariant diffusion model, captures ring systems and chiral features
across hierarchical levels within NPs '®, while latent diffusion
models have successfully designed diverse and effective anti-mi-
crobial peptides ”’. LLMs, trained on extensive chemical and tex-
tual datasets, demonstrate significant potential in knowledge in-
tegration and mechanistic reasoning. Models such as Chem-
BERTa provide comprehensive molecular embeddings that en-
hance property prediction and bioactivity modeling for NPs 7",

6.4. Interdisciplinary collaboration

The successful implementation of Al technology in natural
medicine research relies not only on technological advancement
but also on the comprehensive integration of life sciences and
computer science *°. This field encompasses multiple disciplines,
including chemistry, pharmacology, biology, and clinical medi-
cine, necessitating researchers to develop interdisciplinary ex-
pertise ', Pharmacological research requires understanding the
correlation between compound structures and their biological
activity, while computer science expertise is essential for man-
aging large-scale chemical data and developing effective ML mod-
els '”°. Maximizing Al’s potential in natural medicine research re-
quires fostering collaboration among life sciences, computer sci-
ence, and data science (Fig. 9).

Traditional
Chinese
Medicine

Computer

Pharmacology Science

° _e .
= z »

Collaboration = 8

Fig. 9 Promoting interdisciplinary collaboration to advance Al-integrated natur-
al product research. To further integrate Al into natural products research, foster-
ing interdisciplinary collaboration across fields such as medicine, traditional
Chinese medicine, computer science, pharmacology, and chemistry is a key
strategy to drive innovation and address discipline-specific challenges.

Successful applications of Al in natural medicine frequently
emerge from interdisciplinary collaboration "*. This collaborat-
ive approach becomes increasingly vital as research complexity
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grows in future drug development. Cross-disciplinary communic-
ation and knowledge integration serve as fundamental drivers of
progress 175,176, Advancing interdisciplinary cooperation requires
both academic and industrial sectors to establish comprehensive
collaboration platforms and mechanisms '”’. Examples include
developing partnerships between pharmaceutical companies and
Al startups, creating shared resource platforms, and facilitating
multi-expert collaboration, which accelerates Al implementation
in natural medicine research and creates innovative drug discov-
ery opportunities.

6.5. Hybrid approaches integrating Al and traditional pharmaco-
logy

While Al provides robust predictive capabilities, experiment-
al validation remains crucial for ensuring the clinical relevance
and safety of NPs. Research on hybrid approaches combining Al
predictions with traditional pharmacological testing remains in
its early stages. Most investigations have focused separately on
computational prediction or experimental confirmation, with lim-
ited systematic integration > "> "%, Future research should pri-
oritize developing closed-loop systems that combine computa-
tional insights with experimental feedback to refine drug discov-
ery strategies iteratively. This methodology would utilize the
complementary advantages of Al's high-throughput predictive
capabilities and traditional pharmacology’s empirical validation,
fostering a more balanced, efficient, and reliable natural medi-
cine development pipeline.

6.6. Ethical concerns and mitigation strategies in Al-based NP re-
search

The increasing integration of Al in NP research has raised
several ethical concerns requiring careful attention. Data privacy
and security concerns emerge when Al models utilize extensive
datasets containing sensitive biological or clinical information.
Breaches through unauthorized access or misuse of such data can
have serious ethical implications '”’. Several mitigation strategies
should be implemented to address these challenges. Strict adher-
ence to data protection regulations and implementation of se-
cure data-sharing frameworks are fundamental "> '®. Addition-
ally, developing specific ethical guidelines for Al applications in
drug discovery, including natural medicine research, will foster
responsible innovation. The establishment of interdisciplinary
ethics review committees and promotion of open science prac-
tices can ensure that Al research in this field maintains robust-
ness, fairness, and transparency '°"'%. As Al transforms NP re-
search, incorporating ethical considerations throughout model
development and application remains essential for maintaining
public trust and ensuring responsible Al-driven discoveries.

6.7. Cost and infrastructure: overcoming financial and logistical
barriers in Al integration

Although Al technology demonstrates substantial potential in
NP research, its broad implementation faces considerable finan-
cial and infrastructure-related obstacles. The implementation of
Al solutions requires substantial computing resources, including
high-performance hardware and specialized software tools .
The acquisition, maintenance, and upgrading of these resources
demand significant investment, presenting a substantial barrier,
particularly for academic institutions or small research organiza-
tions with limited funding. Furthermore, Al models require con-
tinuous data updates and optimization. As research advances and
datasets expand, Al models must undergo regular updates to
maintain predictive accuracy and adaptability. This ongoing pro-
cess demands substantial computing power and skilled person-
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nel, thereby increasing the financial requirements of Al techno-
logy implementation '**'%,

Several approaches can address these challenges. Govern-
ments and research funding agencies should provide targeted fin-
ancial support to promote Al adoption in NP research, particu-
larly in resource-limited academic communities. Research institu-
tions can establish collaborative shared computing platforms and
open-source tools, reducing individual institutions’ dependence
on costly hardware and software. Furthermore, cross-institution-
al partnerships focused on data sharing and collaboration can
help distribute Al implementation costs and minimize individual
institutional financial burdens '*°. These measures can signific-
antly reduce Al-related expenses in NP research, enabling broad-
er participation in Al-driven research and promoting its wide-
spread application in this field.

7. Conclusions and future perspectives

Al has emerged as a catalyst in accelerating NP drug discov-
ery, offering capabilities beyond traditional experimental and
computational workflows - particularly in managing structural
complexity and analyzing large heterogeneous datasets. NPs en-
compass extensive chemical diversity. Traditional screening and
biochemical methods face challenges including lengthy cycles,
high resource requirements, and difficulties in precisely identify-
ing active ingredients from NPs '"'”". Al technologies, including
DL, ML, and natural language processing, efficiently extract po-
tential structural patterns from chemical structures, multi-omics
data '** ', and literature '*" """, effectively prioritizing bioactive
molecules, predicting targets '*, and elucidating multi-compon-
ent and target mechanisms of action '”’. Additionally, Al en-
hances pharmacokinetics through optimization of bioavailability,
stability, and selectivity, leading to improved clinical outc-
omes ',

Despite Al's significant potential in NP research, challenges
persist, particularly regarding natural compound complexity and
the requirement for extensive experimental data. The multi-tar-
get nature of NPs and their complex mechanisms necessitate fur-
ther investigation. Additionally, concerns regarding data quality,
privacy protection, and data integration require attention 195196,
Furthermore, challenges in data quality, model interpretability,
and ethical considerations have become increasingly significant.
Various solutions are emerging to address these challenges. The
community promotes data standardization and sharing, develop-
ing high-quality, open knowledge graphs for Al to address sample
scarcity and enhance data consistency '”’. XAl is being integrated
at the algorithm level to ensure traceable and verifiable model
outputs '**. Human-machine collaborative verification, ethical
guidelines, and regulatory frameworks clarify intellectual prop-
erty and biological resource utilization compliance for Al-gener-
ated molecules, ensuring fair and sustainable research outco-
mes '”. Data augmentation, synthetic spectrum generation,
transfer learning, and other methodologies expand sample sizes
while controlling bias *’. These multifaceted approaches collect-
ively promote reliable, transparent, and responsible Al applica-
tion in NP research.

Considering regional diversity in natural medicines, Al re-
search should focus on areas offering immediate and significant
benefits *’. In the near term, Al should concentrate on expedit-
ing bioactive component identification from well-documented
medicinal plants, particularly those with extensive ethnopharma-
cological records **. Moreover, Al should emphasize toxicity pre-
diction and multi-target mechanism analysis, as these areas can
rapidly enhance NPs’ safety and therapeutic precision. This fo-
cused approach to Al-driven research can generate more direct
translational outcomes, establishing a robust foundation for NPs’
broader application in modern drug discovery **.
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In addition to Al, other technologies such as HTS and combin-
atorial chemistry have substantially enhanced natural medicine
research. HTS facilitates the rapid screening of thousands of com-
pounds, delivering high efficiency in early drug discovery “****.
Combinatorial chemistry enables the generation of extensive lib-
raries of chemical compounds, offering structural diversity for
screening “***"’. Compared to these conventional technologies, Al
delivers additional advantages through analyzing complex biolo-
gical data, predicting multi-target interactions, and guiding ra-
tional drug design **. The integration of Al with complementary
technologies such as HTS and combinatorial chemistry enhances
the efficiency of NP-based drug discovery. In HTS, Al models
trained on initial experimental results predict potentially active
compounds, thereby filtering large compound libraries prior to
physical screening, reducing cost and time “***'". In combinatori-
al chemistry applications, generative models—including deep re-
inforcement learning and graph-based neural networks —design
virtual libraries with desired pharmacophores or scaffold con-
straints ', This Al-guided generation enhances the quality of
synthesized compound pools by prioritizing molecular struc-
tures with high predicted bioactivity or favorable ADMET pro-
files. Such integration presents an effective strategy for focusing
experimental resources on the most promising candidates. Fu-
ture research should investigate collaborative models that com-
bine Al-driven predictive capabilities with the experimental
throughput of HTS and the diversity generation capacity of com-
binatorial chemistry, aiming to optimize the discovery efficiency

. . . .. 215
and innovation potential of natural medicines **.
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