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KEY WORDS Abstract Natural products and their derivatives have long been crucial in drug therapy, especially in
traditional medicine. However, challenges in screening, isolation, characterization, and optimization have
slowed their development in the pharmaceutical industry. Recent advancements in artificial intelligence
(AI) and multi-omics technologies are revitalizing this field. Al offers powerful tools for understanding
natural compounds, enhancing molecular representations, and supporting tasks such as binding predic-
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tion, drug repurposing, and retrosynthesis. Moreover, generative models are aiding in natural product
optimization and the creation of pseudo-natural compounds. At the same time, multi-omics technologies,
including genomics, transcriptomics, proteomics, and metabolomics, have enabled high-throughput
studies of plant traits, synthesis, regulatory mechanisms, and quality control, providing valuable data
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for AI model development. These advancements help accelerate the discovery of new compounds with
medicinal potential. Furthermore, in the field of traditional Chinese medicine research, which is largely
based on natural plant sources, Al systems exemplified by UNIQ system, combining Al and multi-omics,
have been instrumental in mechanistic studies and new drug development. This study comprehensively
discusses the algorithms and applications of Al and multi-omics technologies in the drug development
of natural compounds and plants, as well as summarizing relevant databases which might provide
high-quality data for the future development of Al algorithms targeting natural products.
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1. Introduction

Natural products have been a cornerstone of medicinal practices
for centuries, deeply embedded in folklore for the treatment of
various ailments'. Over the years, plant-derived compounds have
garnered recognition as a rich source of therapeutic agents, cele-
brated for their vast structural diversity and pharmacological po-
tential. Historically, natural products and their analogs have
contributed significantly to pharmacotherapy, particularly in the
treatment of complex diseases such as cancer”, infections and
inflammation®. The landscape of natural product drug discovery is
shifting as new strategies enable more efficient identification and
optimization of bioactive compounds. Natural products and their
structural derivatives continue to serve as key candidates for novel
drug development, with ongoing efforts focused on enhancing
their pharmacological properties. Despite their proven efficacy,
challenges in drug discovery—ranging from issues with screening,
isolation, characterization, and optimization—have led to a
decline in their pursuit by the pharmaceutical industry since the
1990s. Recent technological advancements, including improved
analytical tools, genome mining, and microbial culturing tech-
niques, have breathed new life into the search for natural product-
based drug leads®. The incorporation of modern technologies such
as target-based screening and multi-disciplinary approaches is
addressing the limitations that once hindered the exploration of
these compounds’. Today, the focus is on discovering new mo-
lecular entities—referred to as “new entities of natural product
drug discovery”—that promise to tackle emerging global health
threats, such as antimicrobial resistance. As such, natural products
remain a vital and exciting area of research, offering substantial
opportunities for the development of next-generation therapies.

To clarify the interconnections among key concepts central to
this review, natural products are primarily derived from natural
plants, particularly medicinal plants, which produce bioactive
substances composed of various natural compounds. Many of
these medicinal plants are integral to traditional Chinese medicine
(TCM), where they have been used for centuries to treat various
ailments. The natural compounds extracted from these plants form
the basis of natural products, which are key candidates for modern
drug discovery. By studying these compounds, researchers can
develop new, nature-inspired therapies, advancing the field of
pharmaceutical development.

Artificial intelligence (Al) is transforming the landscape of
biomedical research by enhancing both the speed and scope of
scientific discovery. In drug development, Al technologies,
particularly generative models and large language models, are
revolutionizing the process from target identification to clinical
trials. These Al-driven methodologies are improving the effi-
ciency and effectiveness of the drug discovery pipeline, allowing
for more precise predictions and the generation of new molecular
entities®”. In cancer research, AI's potential applications extend to
early detection, subtype classification, and the identification of
new therapeutic targets, all of which are pivotal for transforming
cancer diagnosis and treatment®. These Al tools rely on big data to
create more accurate models for diagnosis and prognosis, offering

groundbreaking potential for precision medicine. Similarly, Al has
made significant strides in computational pathology, where deep
learning techniques are automating clinical diagnosis, predicting
patient outcomes, and identifying new biomarkers from tissue
images. This progress is accelerating the integration of Al into
clinical practice, although challenges related to widespread
adoption and technical barriers remain’. Moreover, Al’s ability to
generate synthetic data through deep generative models is
addressing critical data challenges in biomedicine, such as privacy
concerns, bias, and data scarcity. By augmenting real-world data,
synthetic data can improve fairness, reduce bias, and simulate
previously unseen scenarios, enhancing the accuracy and inclu-
sivity of AT models'®.

Multi-omics approaches are reshaping the landscape of
biomedical research, offering powerful tools to study complex
biological systems across various domains. The Earth BioGenome
Project is leveraging multi-omics to sequence and catalog the
genomes of all eukaryotic life, providing critical insights for
conservation efforts, biodiversity management, and climate
change research'!. Tn the biomedical field, multi-omics technol-
ogies such as transcriptomics, epigenomics, proteomics, and
metabolomics are essential for understanding the interactions of
engineered nanoparticles with biological systems. These technol-
ogies enable high-resolution studies of nanoparticle bio-
distribution, cellular responses, and subcellular interactions,
facilitating the development of targeted therapeutic strategies'>. In
immunology, advances in single-cell multi-omics are providing
unprecedented detail on the development of the human immune
system, from prenatal stages to adult immunity. By integrating
genomic, transcriptomic, and proteomic data at single-cell reso-
lution, researchers can map the complex transitions and in-
teractions that underpin immune system development, offering
new perspectives on human disease'>. Furthermore, the integration
of single-cell multi-omics in cancer research is transforming our
understanding of tumor immunology, cell lineage tracing, and
cellular spatial information, enabling more precise diagnostics and
personalized treatment approaches'*!>.

The rapid growth of high-throughput omics technologies and
diverse biomedical data has created vast datasets that Al, particu-
larly multimodal foundation models, can integrate to enhance mo-
lecular biology research and clinical applications'®. By combining
genomics, transcriptomics, epigenomics, proteomics, and metab-
olomics, these models can generate holistic maps of cells and tis-
sues, enabling breakthroughs in cell-type recognition, biomarker
discovery, and gene regulation'’. In oncology, multimodal fusion
approaches that integrate molecular, radiology, and clinical data are
essential for capturing disease complexity and improving person-
alized medicine'®. Additionally, the growing availability of data
from biobanks, wearable sensors, and electronic health records
opens new opportunities for Al in personalized medicine, digital
health, and remote care, although challenges related to data inte-
gration, privacy, and modeling remain'®.

Al is revolutionizing drug discovery by enhancing the pre-
diction of biological activity, optimizing molecular design, and
enabling de novo drug development®*>%. Machine learning (ML)
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models rapidly analyze vast datasets, facilitating virtual screening
and accelerating the drug development process. In natural product
drug discovery, Al's potential is equally transformative. By
combining computational omics with Al, researchers can effi-
ciently explore nature’s molecular diversity, predict bioactivity,
and identify novel drug candidates. This synergy promises to
expedite the discovery of innovative therapies from natural sour-
ces, significantly enhancing the drug development pipeline®.

In this review, we systematically introduce innovative Al al-
gorithms in natural compounds and natural plants and their ap-
plications, with a focus on researches mainly from the past five
years. The focus is on illustrating how Al algorithms help address
key issues such as virtual screening and property prediction of
natural compounds, as well as quality control, traits studies and
synthesis patterns of natural plants, thereby better facilitating the
exploration of the medicinal and pharmaceutical potential of
natural products. The included studies mainly involve the devel-
opment and application of Al algorithms addressing key issues in
natural compounds and natural plants, with a primary focus on
scientific problems related to the discovery of the potential me-
dicinal value of natural products. In addition, we incorporated
multiple high-quality datasets of natural compounds and natural
plants. For natural compounds, we primarily curated databases
related to drug responses, physicochemical properties, and target
information. For natural plants, we focused on databases con-
taining multi-omics data and information on metabolic and
biosynthetic pathways. Additionally, we compiled databases
related to TCM, including information on the compound compo-
sition of herbs and their targets.

2. Al-driven innovations to natural compound-based drug
discovery

2.1.  Advances in Al models for compounds analysis and
prediction

Al is increasingly recognized as a transformative tool for com-
pound analysis and prediction, underpinning advances across
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chemistry, pharmacology, and biology. Fig. 1 provides an overview
of various Al methodologies used in natural compound research,
showcasing how image, graph, and sequential data are processed
with different neural network architectures to facilitate drug dis-
covery tasks such as virtual screening and molecular generation.
Central to these applications is molecular representation, which can
be broadly classified into four categories. First, one-dimensional
molecular fingerprints, often employed in conjunction with
encoder-based architectures such as autoencoders, facilitate feature
compression and abstraction®**. Second, two-dimensional for-
mats—including molecular graphs and structural depictions—are
typically processed by graph neural networks or convolutional
models®®®, Third, three-dimensional topological representations
capture spatial molecular configurations and are leveraged by 3D
graph neural networks and spatially-aware architectures®”=".
Finally, hybrid models integrate multiple representational modal-
ities, often through attention mechanisms or multi-branch frame-
works, to enhance predictive performance®>*. Collectively, these
strategies enable richer and more accurate molecular understand-
ing, supporting a wide array of downstream tasks.

Al also plays a pivotal role in molecular structure and
property prediction®**°, enabling rapid and accurate estimation of
physicochemical attributes, bioactivity, toxicity, and other func-
tional characteristics through deep learning and transfer learning
approaches. In drug—target interaction prediction, Al-driven
models integrate molecular features with omics data to estimate
binding affinities and prioritize candidate targets, offering im-
provements in efficiency over conventional docking methods*'***.
Drug repurposing and virtual screening likewise benefit from deep
learning pipelines capable of identifying novel therapeutic uses for
existing compounds across expansive chemical libraries* %,
Generative models represent a rapidly advancing frontier, facili-
tating the de novo design of drug-like molecules tailored to specific
properties or structural motifs, thereby expanding the accessible
chemical space**. Furthermore, Al is increasingly applied in
chemical reaction prediction and synthesis planning, particularly in
retrosynthesis, where models infer viable synthetic pathways and
propose intermediates based on curated knowledge or data-driven
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Overview of Al methodologies applied in natural compound research. This schematic illustrates the Al techniques based on different

data representations: image data processed by Convolutional Neural Networks (CNN), graph data processed by Graph Neural Networks (GNN),
and sequential data analyzed using Recurrent Neural Networks (RNN) and Transformers. These Al approaches facilitate essential drug discovery
tasks such as virtual screening, molecular generation, molecular embedding, property prediction, and molecular docking, significantly advancing

natural product-based drug innovation.
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insights®*>®. Finally, the integration of multi-modal and multi-
omics data—encompassing genomic, transcriptomic, and other
biological layers—with chemical information enhances compound
analysis, enabling more accurate prediction of drug responses and
compound efficacy in complex biological systems®’ >’

2.2.  Applications of Al in natural compounds drug discovery

To systematically illustrate the role of Al in natural compound-
based drug discovery, this review categorizes recent modeling
approaches into four major areas: physics-based interaction and
docking models, association and prediction models, generative
models for novel compounds design, and models for natural
compounds derivatization and optimization. Fig. 2 presents a
comprehensive methodological framework that highlights these
four interconnected domains, demonstrating how Al accelerates
and innovates drug discovery from natural products.

2.2.1.  Physics-based interaction and docking models

Computational strategies for natural compound-based drug dis-
covery have advanced markedly through the integration of Al with
physics-based interaction and docking models. These efforts pri-
marily fall into two categories: molecular docking and binding
affinity prediction. Both areas increasingly rely on traditional ML
and deep learning techniques to improve predictive accuracy and
computational efficiency. The primary challenge is accurately
predicting the binding affinity between natural compounds and
their targets, as traditional methods are computationally intensive
and inefficient. Current solutions integrate machine learning
techniques, significantly improving computational efficiency and
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predictive accuracy, thus accelerating virtual screening. However,
the diversity and complexity of natural products pose challenges
in capturing stereochemical features, which may lead to inaccurate
predictions.

Molecular docking. In molecular docking, traditional ML ap-
proaches have proven effective in accelerating virtual screening.
For example, V-Dock® integrates molecular property optimiza-
tion with ML-based docking score prediction, using SMILES
strings as input to bypass computationally intensive simulations
while preserving high accuracy in binding conformation predic-
tion. Another straltegy61 employs attention-based LSTM networks
and models such as XGBoost to estimate docking scores, enabling
efficient screening of millions of compounds with minimal
training data. These approaches markedly reduce the computa-
tional demands of large-scale virtual screening. Building on this
foundation, deep learning has further transformed molecular
docking by facilitating more sophisticated analyses of three-
dimensional structural information.

The GEM-Screen model®® introduces a geometry-enhanced
molecular representation coupled with active learning strategies,
demonstrating high performance in identifying potential drug
candidates. Advancing drug—target interaction modeling, the
DTIGN framework® integrates graph neural networks with self-
attention mechanisms, yielding improved bioactivity prediction.
For pose classification, methods based on 3D convolutional neural
networks and point cloud architectures® eliminate false-positive
docking results. In parallel, GraphSite® leverages neural
weighted message passing and graph-based representations to
classify ligand binding sites. Furthermore, based on diffusion
models, DIFFDOCK-PP®® learns to transform unbound protein
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Methodological framework for Al-driven drug discovery from natural compounds. The diagram highlights four interconnected

methodological domains: (1) physics-based interaction and docking models that employ molecular docking and binding affinity analysis; (2)
association and prediction models utilized to explore drug-target interactions, drug-disease associations, adverse drug reactions, and drug-drug
interactions; (3) novel compound design employing generative models such as variational autoencoders to facilitate the creation of new mo-
lecular structures; and (4) derivatization and optimization of natural compounds to generate derivatives with enhanced therapeutic potential. This
comprehensive framework illustrates how Al-driven methodologies collectively accelerate and innovate drug discovery processes from natural

products.
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structures into their bound conformations through a reverse
diffusion process. The model samples multiple docking poses and
selects the most reliable one using a confidence model.

Binding affinity prediction. Binding affinity prediction has
similarly benefited from recent advances in ML. Models leveraging
ligand-residue interaction profiles and gradient boosting decision
trees®’ have substantially outperformed traditional scoring func-
tions, excelling in structure-based virtual screening by accurately
predicting binding affinities and enhancing the identification of top
ligands for drug discovery. In the realm of deep learning, SE-
OnionNet®® introduces a novel convolutional neural network that
integrates squeeze-and-excitation modules to improve feature
extraction from 3D protein-ligand complex structures. Similarly,
the DeepAtom framework® utilizes 3D convolutional neural net-
works (CNNs) to capture atomic-level interaction patterns,
advancing binding affinity predictions. PLANET’ employs a
graph neural network with a multi-task learning approach to pre-
dict multiple interaction properties. In the latest research progress,
FlowDock”" is a deep geometric generative model based on con-
ditional flow matching, integrating protein—ligand docking and
binding affinity prediction into a single framework. Specifically, it
takes protein sequences and ligand SMILES as inputs, uses
ESMFold to predict the unbound protein state and initializes li-
gands from a harmonic prior, maps unbound complexes to bound
states via geometric flow matching, and outputs structural pre-
dictions, confidence scores, and binding affinities.

Collectively, these advancements signify a paradigm shift in
computational drug discovery, enhancing both accuracy and effi-
ciency while reducing the computational costs traditionally asso-
ciated with physics-based simulations.

2.2.2.  Association and prediction models

Association and prediction models are essential for identifying
potential bioactive compounds in natural products and supporting
drug repurposing by analyzing relationships between drugs, tar-
gets, and diseases. These models are significant in uncovering
unknown drug-—disease associations in natural product drug dis-
covery. Current solutions utilize deep learning and graph neural
networks to improve prediction accuracy. However, the general-
ization ability of models remains a limitation, particularly with
limited data of specific categories.

Drug —target interaction prediction models. Al, particularly
deep learning, has significantly advanced drug—target interaction
(DTI) prediction, facilitating both drug discovery and reposition-
ing. Recent innovations in this field can be categorized by their
methodological advancements. These methods encompass a range
of strategies, including attention-based models, graph-based
techniques, contrastive learning, and ensemble-based ap-
proaches. Models like NFSA-DTI’?> and MINN-DTI”® enhance
feature representation through attention mechanisms. NFSA-DTI
integrates neural fingerprints with self-attention to merge local
and global molecular information, effectively identifying key
interaction sites. MINN-DTI introduces mutual interaction
modeling through an interacting-transformer module and
communicative message passing neural network, offering a bidi-
rectional representation of drug—target interactions. Further re-
finements are seen in approaches such as MCANet’* and IGT”>,
which improve attention-based frameworks. MCANet utilizes a
lightweight MultiheadCrossAttention mechanism and addresses
class imbalance and overfitting through PolyLoss. IGT applies an
intermolecular graph transformer to model intricate spatial and
topological data, enhancing the generalization and accuracy of

binding predictions. Graph-based methods, including GCN-DTI’®,
leverage graph convolutional networks to explicitly model
drug—protein relationships, capturing broader structural context
and improving predictive performance.

In contrastive learning, methods like CCL-ASPS”” and SGCL-
DTI"® focus on optimizing sample representation and selection.
CCL-ASPS combines collaborative contrastive learning with
adaptive self-paced sampling to improve negative sample selec-
tion. SGCL-DTI employs supervised graph co-contrastive
learning for heterogeneous networks, excelling in scenarios
with limited data or cold-start problems. Ensemble-based ap-
proaches, such as EADTN® and MCANet-B74, enhance robust-
ness and prediction accuracy through model integration. EADTN
reduces false negatives and improves interpretability via feature
adaptation and clustering-enhanced fine-tuning, while MCANet-
B combines multiple MCANet models, improving accuracy
while maintaining computational efficiency. Together, these
methods represent a spectrum of innovations that refine drug—-
target interaction predictions.

Drug —disease interaction prediction models. Beyond direct
drug-—target interactions, Al methodologies have also significantly
enhanced predictions of drug—disease associations, a crucial area
for effective drug repositioning and therapeutic discovery. Graph
neural networks and knowledge graph-based methods are promi-
nent for their high interpretability and predictive accuracy. The
TxGNN model®® integrates medical knowledge graphs with GNN
and metric learning, enabling accurate zero-shot predictions for
diseases lacking existing treatments. Similarly, DREAMwalk®'
leverages semantic multi-layer knowledge graphs through guilt-
by-association random walks, improving predictive performance
and interpretability by embedding drugs and diseases within a
unified semantic space.

Multimodal and transcriptomic deep learning methods offer
powerful approaches for utilizing comprehensive biological data-
sets. DLEPS”’ leverages transcriptional profiles to predict drug
efficacy, providing insights into disease mechanisms and success-
fully validating predictions in experimental models. In parallel,
STRGNN®? integrates multimodal omics data, including tran-
scriptomic, proteomic, and metabolomic layers, with graph neural
networks and topological regularization, thus enhancing predictive
accuracy by utilizing complementary data sources. Network to-
pology models efficiently utilize existing biological network
structures. One model*® based on network target theory integrates
extensive biological network topologies, by simulating drug action
mechanisms, achieving high performance in predicting large-scale
drug—disease interactions and synergistic drug combinations. The
MTRD model®® refines multi-scale heterogeneous network repre-
sentations through random walk embedding and bi-directional
LSTM modules, improving prediction capabilities. DDAGDL3*
employs geometric deep learning on heterogeneous information
networks, capturing the complex non-Euclidean data structures and
delivering robust predictive outcomes.

Neural collaborative filtering and convolutional neural network
(CNN)-based methods offer powerful and efficient approaches to
integrate and analyze diverse biomedical data for drug—disease
prediction. DRWBNCF® applies a weighted bilinear neural
collaborative filtering technique, integrating localized neighbor-
hood information via graph convolutions to predict drug—disease
associations effectively. CNN-based models, such as those
leveraging molecular structures and clinical symptom data®,
provide straightforward, scalable methods for large-scale virtual
screening. The IDDI-DNN®’ model integrates diverse similarity
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matrices through CNNs, integrating multi-source drug, disease,
and drug—disease association data. Specifically, it first constructs
and calculates similarities for relevant matrices, uses similarity
network fusion to integrate drug and disease similarity matrices,
merges these with the association matrix into a single matrix, and
then trains a convolutional neural network on this matrix to predict
novel drug—disease associations, with dataset class balance ach-
ieved via SMOTE.

Adverse drug reaction prediction models. Accurate prediction
of adverse drug reactions (ADRs) is vital for drug safety evalua-
tion, patient safety, and successful drug development. Recent Al-
driven advancements in ADR prediction can be broadly catego-
rized into three methodological groups: heterogeneous graph and
knowledge graph models, molecular structure-based models, and
multi-modal data fusion techniques. Heterogeneous graph and
knowledge graph representation models effectively utilize com-
plex, interconnected biomedical data for comprehensive ADR
prediction. PreciseADR®® constructs heterogeneous patient-level
graphs integrating drugs, diseases, and ADRs, enabling precise
individual-specific ADR predictions through graph neural net-
works. Similarly, GCRS® employs heterogencous graph con-
volutional autoencoders with attention mechanisms to fuse
multiple specific and common graph topologies, effectively
modeling diverse drug-side effect relationships. Besides,
MVDSA® integrates multiple knowledge graphs and multi-view
feature learning, using semantic encoding and attention mecha-
nisms to capture nuanced relationships between drugs and ADRs
comprehensively. Furthermore, TCSD®' leverages heterogeneous
graph transformers combined with capsule networks, effectively
encoding attributes from diverse node types and semantic con-
nections, substantially enhancing ADR prediction performance.

Molecular structure and deep chemical language models un-
derscore detailed chemical information encoding for accurate
ADR predictions. ADENet?? integrates chemical substructure in-
formation with known drug—ADE networks, effectively bridging
the gap to predict ADRs for new compounds beyond established
interactions. MoLFormer-XL?® utilizes deep chemical language
modeling techniques applied to molecular SMILES strings,
enabling precise identification of specific ADR types. iADRGSE™
integrates molecular graph embedding with self-attention mech-
anisms, efficiently capturing structural sequence and graph in-
formation, particularly valuable at early drug development stages.
Additionally, DSGAT®® applies graph attention networks directly
to drug molecular graphs, effectively addressing ADR frequency
prediction challenges, especially for cold-start drugs with limited
prior data.

Multi-modal data fusion and frequency prediction models
specialize in integrating diverse data modalities to enhance
frequency-based ADR categorization. MSSF?® combines multi-
source similarity data with a self-attention mechanism,
improving accuracy in ADR frequency predictions while mini-
mizing overfitting. Similarly, dual representation learning®’
merges protein target data, chemical similarity, and molecular
graphs into dual representation vectors, refining frequency pre-
dictions, notably for previously unseen drugs. DeepSide’® lever-
ages multimodal deep learning frameworks that integrate chemical
structures and gene expression profiles, effectively utilizing
extensive biomedical datasets to achieve precise ADR frequency
classifications. These approaches improve ADR prediction by
addressing challenges such as data integration, structural
complexity, and prediction accuracy, ultimately enhancing the
identification of potential adverse effects in drug development.

Drug—drug interaction and combination prediction models.
Accurate prediction of drug—drug interactions (DDIs) and drug
combination synergies is pivotal for enhancing therapeutic effi-
cacy and patient safety. Recent computational approaches for
predicting DDIs and drug synergy can be categorized into four
main methodological frameworks. Multi-task and multi-modal
fusion models simultaneously optimize multiple predictive tasks
while integrating diverse biomedical data modalities. DEML®
leverages an ensemble-based multi-task neural network,
combining chemical and transcriptomic data to simultaneously
predict drug synergy, synergy classification, and adverse DDIs,
effectively mitigating adverse interactions during combination
therapy. Similarly, DeepTraSynergy'® employs multimodal input
from drug-target interactions, protein interactions, and cell-line
data, utilizing transformer-based architectures to jointly predict
drug-—target relationships, toxicity, and synergistic effects, thereby
enhancing predictive accuracy.

Graph and network propagation models exploit topological
structures within biological networks to model complex drug in-
teractions. GraphSynergy'®" utilizes graph convolutional networks
on protein—protein interaction networks to explicitly encode high-
order topological relationships, significantly improving the accu-
racy of anticancer drug synergy predictions. KGANSynergy'*>
integrates knowledge graphs with attention mechanisms to capture
hierarchical propagation of neighbor information, effectively
identifying synergistic drug combinations. Additionally, network-
propagation-inspired ML methods'® leverage drug association
networks to predict synergies across multiple cancer types, Sys-
tematically validated through experimental and literature support.
Furthermore, graph neural network-based methods, such as GNN-
DDI'™, aggregate heterogeneous drug interaction attributes, suc-
cessfully predicting adverse drug—drug interaction events. Bio-
logical pathway and gene expression-based mechanism models
offer interpretable predictions grounded in underlying biological
mechanisms. SynPathy'% identifies pathway-level features asso-
ciated with drug—target interactions, employing deep learning to
predict drug synergies with explicit pathway proximity analyses.
PathSynergy ' integrates drug features, signaling pathways, and
drug—target interactions via graph neural networks to predict liver
cancer-specific drug synergies, validated through US Food and
Drug Administration-approved drug combination predictions.
Similarly, DeSIDE-DDI'?” harnesses drug-induced gene expres-
sion signatures, utilizing a gating mechanism to dynamically
model drug interactions, achieving robust interpretability and
predictive performance.

Substructure and 3D molecular structure models emphasize
precise chemical-level interactions to refine DDI predictions. SSI-
DDI'®® directly exploits substructure-substructure interactions via
deep learning frameworks, effectively enhancing predictive
capability through fine-grained chemical interaction modeling.
The 3DGT-DDI'® model incorporates 3D molecular graph
structures and textual attention to predict DDIs. Specifically, it
uses a 3D graph neural network to capture the spatial features of
drug molecules and a pre-trained SCIBERT model for extracting
textual data. The model combines these features through a hidden-
layer fusion method, improving its prediction accuracy.

Collectively, recent Al-driven advances across various associ-
ation and prediction tasks have significantly reshaped computa-
tional drug discovery. By leveraging sophisticated graph neural
networks, attention mechanisms, deep chemical language models,
and integrative multimodal frameworks, these approaches have
effectively addressed complex biomedical problems including
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drug-—target, drug—disease, adverse drug reactions, and drug—drug
interactions. These methodological innovations not only enhance
predictive accuracy but also greatly improve interpretability,
allowing for a more precise and systematic exploration of thera-
peutic candidates and safety profiles.

2.2.3.  Generative models for novel compounds design
Generative models represent cutting-edge computational tools for
exploring vast chemical spaces and enabling efficient de novo
drug design. They offer an innovative approach for drug design by
exploring chemical space and generating novel drug molecules.
The significance of these models lies in providing diverse drug
candidates, expanding the chemical space of natural products. The
main challenge is balancing biological activity with synthetic
feasibility when designing new molecules. Recent advances can
be categorized into four prominent methodologies, each
leveraging distinct computational strategies.

Graph representation and reinforcement learning models
explicitly exploit molecular graph structures combined with
reinforcement or evolutionary learning frameworks. For instance,
reinforcement learning with graph-based generative models'!°
guides pretrained models toward generating chemically diverse
molecules with specific property profiles, even when these prop-
erties were not represented in the initial training data. Fragment-
based approaches''! further constrain molecular generation
through graph fragments and evolutionary learning, effectively
balancing multiple pharmacological objectives. Additionally,
molecular substructure tree generative model*® leverages varia-
tional autoencoders combined with graph-based architectures,
enhancing molecular optimization and chemical validity.

Structure-guided and protein—ligand interaction-constrained
models integrate explicit structural constraints and protein-li-
gand interaction patterns into molecular generation. Methods such
as DeepLigBuilder''? use 3D deep generative models to design
molecules directly within protein binding sites, achieving chemi-
cally valid and target-specific molecular conformations. Similarly,
docking-guided conditional generation models''® employ phar-
macophoric and docking score constraints to enhance structural
novelty and biological activity. Interaction fingerprint-based
generative models''* further enforce ligand—protein interaction
patterns, maintaining binding-mode consistency during de novo
molecule generation.

Transformer and attention-based generative models have
demonstrated remarkable advances in molecule generation by
utilizing self-attention mechanisms to effectively process
sequential and structural molecular representations. Transformer-
based generative frameworks, such as TransAntivirus“S, allow
efficient editing at the functional group level, enabling rapid
antiviral drug analogue generation. Similarly, transformer graph
variational autoencoders (TGVAE)!'!¢ integrate transformers with
graph neural networks and variational autoencoders to model
complex molecular graph structures. Attention-augmented
CycleGAN models''” combine CycleGAN''® architectures with
embedded LSTM and attention mechanisms, improving chemical
similarity between generated and reference molecules by effec-
tively modeling long-term dependencies in molecular sequences.

Diffusion models and latent space-controlled generative
models provide advanced mechanisms for molecular generation
with precise structural and property control. Information-
theoretically controlled latent spaces''®, enabled by gradient-
based regularized search in variational autoencoders, rigorously
reconstruct  frameworks for  generating property-specific

molecules. Guided diffusion-based models, such as SILVRIzO,
iteratively refine latent representations to produce molecules
fitting precise spatial constraints without extensive model
retraining. Additionally, DrugDiff'?! is a small molecule diffusion
model that generates molecules with specific properties by guiding
the generation process. This process is directed by pre-trained
property predictors, allowing for flexible optimization of molec-
ular properties without the need to retrain the model. Geometry-
based constrained autoencoders (GEOM-CVAE)'?* explicitly
incorporate 3D structural constraints, enhancing molecular gen-
eration tailored to specific protein contexts. Specifically, the model
introduces a geometric-based approach, embedding drug mole-
cules’3D structures into images and protein targets into geometric
graphs. It employs a constrained variational autoencoder to
generate molecules by learning from these representations. The
model consists of four key modules: a 3D structure-based mo-
lecular visual representation, a geometry-based protein graph
representation, a constrained VAE, and a parser network to output
SMILES strings.

Overall, these sophisticated generative models substantially
advance our capabilities in novel molecular design, efficiently
guiding the exploration of chemical space toward optimized drug-
like candidates.

2.2.4.  Models for natural compounds derivatization and
optimization

Derivatization and optimization of natural compounds are critical
steps in drug development, particularly when the initial activity of
a natural product is insufficient. The challenge lies in modifying
molecular structures while maintaining bioactivity. Recently, deep
learning-based computational methods have emerged as powerful
tools to overcome these barriers, significantly enhancing the
exploration of novel derivatives and the optimization of natural
product-based drug candidates. Several deep learning-driven ap-
proaches have been specifically developed to facilitate the deriv-
atization and structural optimization of natural products. The
DerivaPredict'* platform integrates chemical and metabolic
transformation rules with deep learning techniques, enabling the
automated generation of novel natural product derivatives. The
NIMO'** model employs conditional transformer architectures
with tailored motif-extraction methods, effectively capturing the
structural complexity of natural products and enabling scaffold-
based lead optimization with high structural diversity and bio-
logical relevance. The NPGPT model'*® harnesses a GPT-based
chemical language model fine-tuned on natural product datasets,
effectively producing structurally diverse and highly similar nat-
ural product-like molecules. Additionally, a large-scale generative
model based on recurrent neural networks (RNN-LSTM)!2° pro-
duced over 67 million natural products-like molecules, greatly
expanding the natural product chemical space and demonstrating
strong validity and pharmaceutical potential through extensive
cheminformatics validation.

Collectively, these advanced computational methods offer
robust and efficient solutions for the derivatization and optimi-
zation of natural products, significantly enriching the chemical
space exploration and accelerating the discovery of promising
natural products-based drug candidates.

Al methodologies are playing a key role in overcoming the
challenges of natural compound drug discovery. To provide a
clearer comparison of these approaches, Table 1 summarizes the
typical inputs/outputs, strengths, limitations, and applications of
key AI models in this field.
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Table 1  Comparison of Al methodologies in natural compound drug discovery.
Method category Typical models  Major functions Typical inputs Typical Training Strengths Limitations/
outputs data weaknesses
provenance
Physics-based V-Dock, GEM-  Molecular Molecular graphs, Docking Large Improved Struggles with
interaction & screen, docking, SMILES, 3D scores, protein- docking highly flexible/
docking DIFFDOCK-PP, binding affinity protein-ligand binding ligand speed & complex natural
models DeepAtom, prediction complex data affinity interaction accuracy; can products; still
FlowDock predictions, datasets, model 3D computationally
optimized chemical  protein demanding;
molecular libraries —ligand limited
conformations interactions;  generalizability
diffusion/flow to unseen
models scaffolds
capture
binding poses
better
Association & NFSA-DTI, Drug-target Graph Drug-target Biological Strong at Dependent on
prediction TxGNN, interaction representations, interaction interaction integrating high-quality
models PreciseADR, prediction, drug—target—disease scores, networks,  multi- labeled data; risk
GraphSynergy drug—disease interaction data, disease—drug clinical omics & of overfitting;
interaction multi-omics data association datasets, network data; poor
prediction, predictions, omics high extrapolation in
adverse drug adverse drug  datasets predictive rare diseases or
reaction reaction accuracy novel
prediction, predictions, compounds
drug—drug drug
interaction and synergistic
combination scores
prediction
Generative DeepLigBuilder, De novo Molecular graphs, Novel Chemical  Explore vast  Balancing
models for TransAntivirus,  molecule SMILES strings, molecules libraries, chemical novelty vs.
novel DrugDiff, generation, chemical property with targeted synthetic space; synthesizability
compounds molecular scaffold data properties, chemistry  generate remains
design substructure tree optimization optimized datasets molecules difficult; May
generative model molecular with targeted generate non-
scaffolds properties; druggable
diffusion- compounds;
based models requires careful
enable property
flexible predictor
optimization  guidance
Derivatization & DerivaPredict, Structural Chemical Optimized Natural Capture NP Limited by
optimization ~NIMO, NPGPT modification & transformation rules, molecules, product structural availability of
models optimization of molecular graphs, natural datasets, motifs; transformation
NP scaffolds SMILES product synthetic ~ expand NP rules; May miss
derivatives chemistry  chemical rare/complex NP
datasets space; modifications;
enhance lead biological
optimization  relevance not
efficiency always
guaranteed

2.3.

Al-driven natural compounds drug discovery

The practical integration of Al into the discovery of bioactive
natural products represents a significant advancement in medicinal
chemistry. Here, we summarize selected case studies that illustrate
the capabilities and versatility of Al approaches in facilitating the
identification and optimization of natural-compounds-inspired
therapeutic agents (as shown in Table 2'*"'*°). In a pioneering
study, Merk et al.'*” developed an Al-driven approach utilizing
recurrent neural networks to design novel compounds inspired by
natural products targeting retinoid X receptors (RXR). The neural

network was fine-tuned with bioactive natural-product templates,
generating structures predicted to have RXR agonist activity.
Synthesis and biological evaluation confirmed that two of the
designed molecules exhibited notable RXR modulatory potency
in vitro, thus demonstrating the potential of generative Al to
efficiently discover novel, biologically active, natural-product-
inspired compounds.

Another study'®® employed a multi-stage virtual screening
framework integrating ML, molecular docking, and molecular
dynamics simulations to identify natural product inhibitors of
p38a MAP kinase. Initial screening used ML models trained on
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Table 2  Comparison of Al-driven approaches for natural compounds -inspired drug discovery.
Method Input Training Data Output Validation Limitation Ref.
Recurrent neural SMILES strings 541,555 bioactive small RXR agonist In vitro pharmacological Limited 127
network of natural molecules from ChEMBL candidates characterization, hybrid reporter template
products; RXR gene assays, synthesis and structures
agonist evaluation of de novo designed
templates compounds
Machine learning, = MACCS ChEMBL p38a MAPK p38a MAPK Molecular docking, ADMET Overfitting on 128
molecular molecular inhibitors (2282 actives, inhibitors prediction, molecular dynamics training data,
docking and fingerprints 1340 inactives) simulation high false-
molecular positive rate
dynamics
simulation
Self-attentive Molecular Anti-osteoclastogenesis Anti- In vitro bioactivity testing, real- Overfitting on 129
message passing graphs data (334 actives and 159 osteoporosis time qPCR, cytotoxicity assays, training data,
neural network inactives), logP dataset natural ADME profiling limited
with 21,364 compounds product dataset
candidates
Rule-based Chemical 25,563 commercial COX-1 X-ray crystallography, COX Synthetic 130
generative structure building blocks, 58 inhibitors inhibition assays, reporter gene accessibility,
model and target reaction schemes assays, cytotoxicity assays, model
prediction metabololipidomics generality

known inhibitors to filter a large library of natural products.
Molecular docking and molecular dynamics simulations further
narrowed down promising candidates. Two natural products
(ZINC4260400 and ZINC8300300) showed strong interactions
and favorable ADMET profiles, demonstrating stable binding to
p38a MAP kinase in silico, indicating high potential for further
experimental validation and drug development. In a related
approach, Liu et al.'* developed a deep learning model utilizing a
self-attention-enhanced message-passing neural network to iden-
tify natural products with anti-osteoporosis activity. After
computational screening, the team identified several potent com-
pounds from natural product libraries. Subsequent in vitro assays
demonstrated significant suppression of osteoclastogenesis and
related gene expression, verifying the computational predictions.
This case effectively showcased Al’s capability in accelerating the
discovery of bioactive natural compounds for complex diseases
like osteoporosis.

Marine natural products have long been recognized as a
valuable source of bioactive compounds with therapeutic poten-
tial, offering new avenues for drug discovery. Their approach is
similar to those used in plant natural product drug discovery. For
example, in marine natural product drug discovery, Lukas Frie-
drich et al."*° proposed the DOGS algorithm to design synthetic
molecules based on Marinopyrrole A. They also introduced the
SPiDER algorithm to predict potential biological targets of these
molecules, aiding in the identification of COX-1 inhibitors.

These studies highlight the transformative power of Al meth-
odologies in discovering therapeutically valuable natural-product-
inspired agents. Such approaches promise substantial efficiency
gains in identifying bioactive compounds with favorable phar-
maceutical profiles, underscoring AI’s growing importance in
modern drug discovery paradigms.

3. Al advances in natural plant-derived drug discovery
Natural plants, as an important component of medicinal plants, are

also the primary source of natural medicinal compounds. In the
development of drugs from natural plants, the metabolic synthesis

mechanisms of the plant’s active ingredients and quality control
are critical issues. With the development of Al and multi-omics
technologies, research on natural plants has been greatly aided,
accelerating progress in areas such as plant traits, metabolic
synthesis, and quality control. Fig. 3 illustrates the hierarchical
application of multi-omics technologies—from genomics and
transcriptomics to proteomics and metabolomics—providing a
comprehensive approach to understanding the biological mecha-
nisms of natural plants. Building on this, Fig. 4 presents an inte-
grated framework that combines Al and multi-omics to
systematically explore natural plant resources, addressing key
aspects such as quality control, trait characterization, and the
identification of medicinal properties.

3.1.  Multi-omics in traits research of natural plants

The formation of complex traits in plants results from their ge-
nomes and activities at multiple molecular levels. Therefore, it is
highly meaningful to link various plant omics data and these
molecular activities to complex traits from a multi-omics
perspective. Wang et al."*' improved trait prediction in Arabi-
dopsis by integrating genomic, transcriptomic, and methylomic
data, discovering new flowering genes validated experimentally.
Gene effects varied across genotypes, and multi-omics models
outperformed single-omics ones by revealing complex gene in-
teractions. This demonstrates the power of multi-omics for un-
derstanding complex traits. In higher plants, the complexity of
systems and the components within and between species are
rapidly dissected by omics technologies. Multi-omics datasets are
integrated to infer and achieve a comprehensive understanding of
the life processes of target organisms'>>!*® Besides, secondary
metabolism in plants produces a vast diversity of small-molecule
natural products. The discovery of operon-like gene clusters in
plants offers new insights into the evolution of specialized meta-
bolism and presents opportunities to rapidly advance the meta-
bolic engineering of natural product biosynthesis'**.

By integrating advanced multi-omics approaches—tran-
scriptomics, proteomics, metabolomics, and genomics—with mi-
crobial interactions, plant tolerance to abiotic stresses is
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Figure 3  Overview of multi-omics methodologies applied in natural plant research. This schematic illustrates the hierarchical application of

omics technologies—from DNA (genomics), RNA (transcriptomics), proteins (proteomics), to metabolites (metabolomics)—to study natural
plants comprehensively. Multi-omics approaches support essential research areas such as quality control, trait identification, biosynthesis pathway
elucidation, regulatory mechanism understanding, and exploration of traditional Chinese medicine (TCM) mechanisms, enabling holistic insights
into plant-based drug discovery and optimization.
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Figure 4 Integrated methodological framework combining Al and multi-omics for drug discovery from natural plants. The illustration
demonstrates the synergistic application of Al and multi-omics analyses to systematically explore natural plant resources. This comprehensive
framework addresses critical aspects including quality control through predictive modeling, trait characterization based on genetic markers,
synthesis and regulatory pathways identification, medicinal identification, and uncovering mechanisms of traditional Chinese medicine. This
integration accelerates the identification, optimization, and application of plant-derived pharmaceuticals.
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significantly improved'*. Genomics reveals genetic links between
plants and beneficial microbes, aiding gene and pathway identi-
fication for stress tolerance. Transcriptomics compares gene
expression in stressed vs. non-stressed plants to show microbial
influence on stress responses. Proteomics identifies proteins
involved in stress pathways and microbe-protein interactions
supporting tolerance. Metabolomics analyzes small molecules to
detect stress-induced metabolic changes and microbial metabolite
roles. Multi-omics characterization of environmental microbes
uses high-throughput technologies to reveal microbial composi-
tion, functions, and behaviors'*®. Advanced data analysis like
network modeling and ML enables extraction of key insights and
understanding complex interactions, expanding plant genetics and
biology knowledge'®”'?%. These methods accelerate microbial
environment studies beyond traditional culturing, enabling
exploration of genetic diversity and novel functions like toxin
degradation. Multi-omics assesses DNA, RNA, proteins, and
metabolites to evaluate environments affected by human activity.
Transcriptomics detects anthropogenic gene expression changes;
metaproteomics tracks related protein alterations'*. Meta-
genomics profiles natural microbial communities and affected
proteins. Metabolomics reveals stress-related metabolites and
pathways supporting crop survival under heat stress'*’, also
assessing proteinaceous metabolites under normal conditions.
Overall, multi-omics offers comprehensive insight into microbial
community functions, surpassing single-omics limitations'*'.
Plant metabolic gene clusters can be defined as containing two
or more non-homologous and tightly linked genes that encode
enzymes from the same biosynthetic pathway'*?. Furthermore,
genes within the cluster are often coordinately regulated'**. These
characteristics make plant metabolic gene clusters valuable tools
for functional identification of their associated biosynthetic path-
ways'*. Meanwhile, the development of multi-omics approaches
(combining two or more of genomics, transcriptomics, metab-
olomics, or epigenomics) has provided new strategies and oppor-
tunities for discovering natural product pathways. For example, a
metabolite-based genome-wide association study (mGWAS) suc-
cessfully identified a subspecies-specific diterpene (5,10-diketo-
casbene) gene cluster and a hydroxycinnamoyl-tyramine gene
cluster in rice (Oryza sativa L.)'*>'*®. Besides, by combining
metabolomics with RNA sequencing analysis, a pathogen-
responsive gene cluster responsible for the synthesis of falcar-
indiol was recently identified in tomato (Solanum lycopersicun)'*’.
The application of multi-omics technologies in plant research
offers significant potential for the development of natural plant-
based medicines. By integrating genomics, transcriptomics,
metabolomics, and proteomics data, we can gain a deeper

understanding of key biological processes such as plant traits,
stress tolerance, and metabolic pathways of natural product syn-
thesis. These technologies not only help discover new medicinal
compounds and metabolic pathways from plants but also accel-
erate the screening and functional validation of natural products.
Through multi-omics analysis, researchers can more accurately
predict the pharmacological effects of plants and efficiently
identify compounds with medicinal potential. As the exploration
of plant natural products deepens and multi-omics technologies
continue to evolve, the development of natural plant medicines
will become more efficient, driving the discovery and develop-
ment of new drugs.

3.2.  Multi-omics enhancing quality control of natural plants

The quality of natural plants plays a vital role in ensuring its ef-
ficacy and safety, directly affecting every stage of pharmaceutical
production'*®. Key indicators for evaluating natural plants quality
include its visual features and active ingredient content, both of
which can be influenced by numerous internal and external factors
(as shown in Table 3'**'°7). From the choice of germplasm
sources and meticulous field management to harvesting, process-
ing methods, and the environmental conditions during storage and
transportation, each step contributes to the final quality of natural
plants. This review provides a detailed examination of these fac-
tors affecting natural plants quality and explores how metab-
olomics technology is applied to monitor and control them,
ultimately improving the quality of natural plants.

The origin and growth conditions of natural plants critically
influence their quality, efficacy, and safety, which are paramount
for ensuring authentic medicinal value'>®. Variations in environ-
mental factors and cultivation methods cause differences in
growth rate, yield, and bioactive compounds, leading to distinct
regional characteristics in natural products. For example, Tetra-
stigma hemsleyanum polysaccharides exhibit antibacterial effects
by interfering with bacterial glycolysis pathways, demonstrating
potential for novel pharmacological assessment methods in
traditional herbal medicines'>®. Comparative metabolomic and
morphological analyses of goji berries from different Chinese
climatic regions reveal species-specific chemical profiles rather
than clear regional superiority, emphasizing the importance of
chemical trait-based usage''. Ultra-performance liquid chroma-
tography coupled with mass spectrometry and chemometric
analysis enables precise authentication of medicinal species. This
approach identified species-specific steroidal alkaloid markers in
Fritillaria products, which can be used to ensure product authen-
ticity and secure supply chains'*’. Metabolomic studies on purple

Table 3  Applications of multi-omics/Al technologies in quality control.
QC Question Recommended omics/Al approach Key metrics Example
study

Species UPLC-MS/High-throughput metabolomics; Species-specific markers 149, 150
authentication chemometric analysis/Targeted screening

Geo-origin Comparative metabolomic analysis; Metabolite profiling, region-specific chemical markers 151-154
assessment morphological analysis

Processing UPLC-QTOF-MS/Metabolomic analysis; Differentiation of crude/processed products; marker 155, 156
influence multivariate statistical analysis compounds; extraction yield; conversion efficiency
evaluation

Contamination Metabolomic analysis; heavy metal profiling Disruption of metabolic pathways; contaminant levels 157

detection
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sweet potato reveal that heavy metals such as uranium and cad-
mium disrupt plant metabolic pathways and hormone signaling,
highlighting potential food safety risks from environmental con-
taminants'>’. Geographical differences in metabolite profiles and
bioactivities have been observed in several medicinal plants.
Codonopsis lanceolata grown in different regions showed signif-
icant variation in primary and secondary metabolites as well as
antioxidant capacity, indicating distinct pharmacological poten-
tials'>?. Similarly, dandelions from multiple Chinese provinces
exhibited noticeable differences in phenolic compounds, with
enriched biosynthesis pathways varying by origin'>*. A high-
throughput metabolomics approach combined with targeted
screening successfully differentiated four Pulsatilla Adans herbs at
the chemical level, identifying key triterpenoid saponins as
markers for species discrimination'®’. In Eucommia ulmoides,
distinct metabolite profiles, antioxidant, and antibacterial activities
among seven varieties were characterized, informing optimal
utilization based on plant part and region of origin'>*.

The processing of natural plants inevitably induces changes in
their metabolite profiles, which can significantly affect their effi-
cacy and safety'®. Traditional processing methods—including
baking, roasting, moistening, and burning—are designed to reduce
toxicity, enhance therapeutic effects, facilitate preparation or
storage, and purify the herbal drugs. For instance, in Astragali
Radix, widely used in TCM, ultra-high performance liquid chro-
matography coupled with quadrupole time-of-flight mass spec-
trometry (UPLC-QTOF-MS) and multivariate statistical analysis
revealed distinct chemical changes after different processing
techniques. These changes enabled clear differentiation between
crude and processed products and identified 15 significant marker
compounds associated with the processing methods, providing a
scientific basis to understand variations in pharmacological ac-
tivity'>>. Similarly, Korean ginseng (Panax ginseng Meyer) un-
dergoes chemical transformations during drying, steaming, and
puffing. Puffing notably enhanced extraction yields and altered
ginsenoside profiles by converting major ginsenosides into
bioactive minor ones more rapidly than steaming, suggesting
puffing as an efficient and economical processing technique to
optimize ginseng’s biological activity'>®.

The quality of natural plants directly impacts their efficacy and
safety, which in turn affects every stage of pharmaceutical pro-
duction. Various factors, including the choice of germplasm
sources, field management, harvesting, processing methods, and
environmental conditions during storage and transportation, all
play significant roles in determining plant quality. Multi-omics
technologies, particularly metabolomics, provide essential tools
for monitoring and controlling these factors, ultimately improving
the quality of natural plants. For example, metabolomic analyses
can accurately identify chemical traits of plants from different
regions and processed by different methods, revealing differences
in their pharmacological activity. This not only helps ensure
product authenticity but also optimizes the development and uti-
lization of plant-based medicines. For traditional herbal medi-
cines, metabolomics aids in identifying key biomarkers, enabling
the efficient development of plants with medicinal value and
providing scientific foundations for drug quality control.

3.3.  Al-based research of natural plants
Technological advances have revolutionized plant genotype and

phenotype measurement, producing vast, complex datasets that
demand sophisticated analytical tools. ML, a key Al component,

has rapidly become essential in plant science, enabling multi-level
phenotype analysis—from biochemical traits to yield—and
bridging genotypes with phenotypes'®'. Leveraging AI enhances
crop productivity by improving data collection, unlocking genetic
diversity in genebanks, and advancing precision breeding through
improved gene-editing accuracy and gene variant effect predic-
tion, thus optimizing breeding programs for future environmental
challenges and sustainability'®>'%. For instance, large-scale
genomic studies in bread wheat have mapped numerous marker-
trait associations across diverse environments, generating valu-
able genotype-phenotype resources to boost yield and stress
resilience globally'®. At the regulatory level, ML models using
putative cis-regulatory elements outperform transcription factor-
based models in predicting cell-type-specific stress responses in
Arabidopsis, demonstrating broad applicability'®®. In genomic
annotation, ML applied to epigenetic and omics data enhances
gene expression classification in maize by linking methylation and
histone modification patterns, adapting to line-specific varia-
tions'®®. For variant detection, deep learning tools like Clair3
combine pileup and full-alignment methods to deliver superior
accuracy and speed in SNP calling from long reads, especially at
low coverage'®’. Integrating remote sensing and ML, hyper-
spectral data analyzed by multilayer neural networks accurately
predict wheat grain yield and identify key genetic loci'®®.
Furthermore, deep learning models surpass traditional methods
such as GBLUP in genomic prediction across multiple traits and
environments, particularly with moderately large datasets, under-
scoring their growing value in practical breeding'®’.

Al is revolutionizing phytochemical research by enabling
efficient analysis of high-dimensional omics data, facilitating
discovery and structural elucidation of novel plant metabolites,
and advancing metabolomics and genomics with promising ap-
plications in medicine and agriculture'”°. In TCM, the integration
of Al—especially ML—with hyperspectral imaging (HSI) has
transformed quality control through enhanced data preprocessing,
dimensionality reduction, and improved model accuracy, enabling
faster and more precise evaluations while highlighting future
challenges'”'. Meanwhile, ML-driven analysis of hyperspectral
data is advancing photosynthesis research to boost sustainable
crop yields'’? and enabling rapid, accurate food quality assess-
ment through optimal wavelength selection, with deep learning
showing promise for real-time applications despite existing hur-
dles'™. Nutritional profiling benefits from near-infrared reflec-
tance spectroscopy (NIRS) combined with modified partial least
squares regression to deliver precise, high-throughput predictions
for multiple biochemical traits in crops like pearl millet'”*.
Chemical imaging, merging spectroscopy and spatial data,
increasingly supports pharmaceutical quality control across
product testing and industrial processes, although challenges like
sample geometry and acquisition time remain'’>. Deep learning
applications in agricultural hyperspectral image analysis exploit
both spatial and spectral features for diverse tasks including
ripeness estimation, classification, and disease detection, while
addressing current limitations and outlining future directions'’®.
Lastly, combining density functional theory with molecular dy-
namics and experimental NMR data enables precise conforma-
tional analysis of bioactive compounds, offering critical insights
for theoretical and biological interaction studies'””.

Besides, facing the urgent challenges of climate change and a
global population expected to reach 10 billion by 2050, acceler-
ating varietal development is essential. Non-invasive high-
throughput plant phenotyping (HTP), powered by advanced
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imaging and deep learning, offers a transformative approach by
abstracting complex sensor data and enhancing both throughput
and accuracy. Recent progress in deep learning for HTP has
identified optimal models, training methods, and public datasets,
overcoming key obstacles and enabling multi-trait phenotyping
and real-world breeding applications'’. For example, multi-
modal, multi-view, and time-lapse imaging systems allow non-
destructive quantification of plant traits, addressing challenges
like occlusion and lighting variation through robust analytical
frameworks'”®. Hyperspectral imaging combined with CNN-
based feature selection excels in accurately classifying crop
seeds, as shown in wheat kernel variety identification'®’. Deep
learning  models—including  multilayer  perceptrons and
CNNs—surpass traditional statistics in predicting complex
genomic traits in crops like wheat'®'. UAV-mounted hyperspectral
sensors paired with ML facilitate precise leaf chlorophyll esti-
mation across scales and growth stages in maize and wheat'®?. In
plant health, CNNs with data augmentation accurately detect and
assess biotic stress in coffee leaves, enabling timely manage-
ment'®®. Sparse 1D CNNs optimized by Bayesian techniques offer
efficient genome-wide trait prediction, outperforming classical
models'®*. Multi-class detection frameworks like Faster R-CNN
enhance fruit condition recognition in dense apple canopies,
improving robotic harvesting precision'®>. Real-time plant species
identification powered by EfficientNet and mobile crowdsourcing
achieves high accuracy in natural environments'®®. Lastly, novel
deep learning tools such as DeepSignal-plant enable comprehen-
sive genome-wide cytosine methylation profiling from Nanopore
data, advancing plant epigenetics'®’.

Al technologies, particularly ML, are rapidly advancing the
development of natural plant-based medicines in plant science.
Through large-scale genomic studies, plant phenotype analysis,
and multi-level precision breeding, Al accelerates the improve-
ment of plant traits, optimizing the yield and stress resilience of
medicinal plants. The efficient analysis of multi-omics data fa-
cilitates the discovery and structural elucidation of new plant
metabolites, driving the application of metabolomics and

Plant trait omics

genomics in medicine and agriculture. The integration of ML with
hyperspectral imaging (HSI) has enhanced quality control in
TCM, enabling faster and more precise evaluations of plant ma-
terial quality. Additionally, Al, through remote sensing and deep
learning, assists in predicting crop yields, detecting plant health
conditions, and improving the accuracy and efficiency of non-
invasive high-throughput plant phenotyping. The integration of
these technologies not only provides innovative tools for
screening, identifying, and quality controlling natural plant med-
icines but also offers new approaches and methods for the
development of plant-based drugs.

3.4. Al and multi-omics empowering therapeutics development
from medicinal natural plants

3.4.1.  Multi-omics in mechanism research of medicinal plants
Medicinal plants have been used as crucial sources of food and
medicine throughout human history, with the World Health Or-
ganization (WHO) recognizing 21,000 species of medicinal value
among approximately 300,000 plant species worldwide'®. The
advent of multi-omics technologies—encompassing genomics,
transcriptomics, proteomics, and metabolomics—has significantly
advanced our understanding of the complex genetic and
biochemical networks that govern bioactive compound biosyn-
thesis and regulation in medicinal plants. These integrated ap-
proaches enable the identification of gene pathways, regulatory
sequences, and secondary metabolite biosynthesis, facilitating
novel drug discovery and insights into environmental adapta-
tion'®. Fig. 5 illustrates the AI and multi-omics approaches
applied to medicinal plant research. Although demand for herbal
medicines is rising, challenges remain due to limited large-scale
production and incomplete exploration of phytochemical di-
versity influenced by species variation, growth period, and envi-
ronmental factors. Single-omics approaches often fail to capture
the full complexity of biological regulation; thus, integrated multi-
omics analyses have become increasingly important for eluci-
dating molecular mechanisms and phenotypic plasticity shaped by
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Al-driven multi-omics pipeline for plant-derived drug discovery.
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transcriptional, epigenetic, and metabolic regulation'’. Further-
more, combining genomic selection with environment-dependent
pan-omics and ML within frameworks such as Green Systems
Biology offers a promising avenue to improve medicinal plant
breeding for enhanced yield, stress tolerance, and bioactive
compound production, supported by rapid functional validation
techniques like genome editing and speed breeding'®'. Together,
these advances usher in a new era for natural product research and
medicinal plant development.

The Panax bipinnatifidus complex, widespread in the Sino-
Himalaya region, was clarified into four genetically distinct
clades using ddRAD-seq data, revealing localized admixture and
introgression, which complicate species identification and conser-
vation'®2. In Panax ginseng, red skin root syndrome was linked to
changes in primary and secondary metabolism, with increased
anthocyanins and carotenoids, suggesting the role of jasmonate
signaling in regulating this syndrome'®®. A high-density genetic
map of Gardenia identified key QTLs for growth and leaf traits,
aiding in the selection of desirable traits for future breeding'®*. In
Cryptomeria fortunei, a multi-omics approach revealed that
miRNA-target regulation controls terpenoid biosynthesis, with
evergreen mutants maintaining high terpenoid levels during
winter'®>. Liriope spicata’s freezing tolerance was found to involve
a complex regulatory network of flavonoids, ABA, and nitric
oxide, crucial for osmotic adjustment and stress responses'®®.
Finally, in Catharanthus roseus, a multi-omics approach identified
key genes and cell-specific pathways in the biosynthesis of

monoterpene indole alkaloids, important for cancer treatment'®”.

3.4.2. Al In identification of medicinal plants

Medicinal plants play a crucial role in global health and phar-
maceutical industries due to their therapeutic benefits and lower
side effects compared to synthetic drugs. However, reliable
identification and classification of these plants remain challenging,
traditionally relying on expert botanists and time-consuming
processes. Recent advances in Al, particularly deep learning
techniques such as CNNs, have significantly improved automated
medicinal plant recognition, achieving over 90% accuracy on key
plant organs like leaves and flowers. Despite successes, challenges
persist including performance variability due to species diversity,
plant states, and limited availability of large, diverse, publicly
accessible datasets. Transfer learning, data augmentation, and
ensemble models have emerged as effective strategies to mitigate
these issues, while mobile applications offer promising deploy-
ment avenues albeit lacking robust continuous refinement mech-
anisms'**'%?. Additionally, ML models have shown potential for
early plant disease detection, further supporting plant health and
productivity. Addressing current research gaps requires collabo-
rative efforts to develop context-aware, efficient, and generaliz-
able Al systems, ultimately enhancing biodiversity preservation
and accelerating pharmaceutical research®®.

Recent advances in deep learning architectures have signifi-
cantly improved medicinal plant classification. Hybrid models
combining spectral-spatial 3D-CNNs with 2D-CNNs effectively
capture complex hyperspectral image features, balancing compu-
tational efficiency and accuracy®!. Vision Transformers leverage
self-attention to model global image relationships, outperforming
traditional CNNs in accuracy and robustness under diverse envi-
ronmental conditions, enabling real-time applications on mobile
devices®™. In practical classification tasks, CNNs coupled with
transfer learning techniques like MobileNetV2 and VGG16,
demonstrate high accuracy on large medicinal leaf datasets,

surpassing traditional ML methods like SVM and KNN which
;)ften lack scalability and struggle with complex leaf textures?®*
05

Besides, early disease detection is essential for plants’ health
and yield, but deep learning models require high-quality annotated
datasets, which are costly and scarce. Embracing limited and
imperfect datasets by categorizing and addressing their challenges
facilitates practical deployment of plant disease recognition sys-
tems”*®. Image segmentation methods based on indices histo-
grams have achieved over 92% accuracy in detecting diseased leaf
regions in complex backgrounds®”’. Distinguishing medicinal
from poisonous plants is critical due to public health risks. Deep
learning models enhanced with spatial and channel attention
mechanisms and diverse pooling strategies deliver over 99% ac-
curacy, providing fast, non-destructive, and reliable identification

alternatives to costly, error-prone traditional lab methods>%%.

3.4.3. Al in synthetic biology of medicinal plants
Synthetic biology, with its vast applications across health, in-
dustry, agriculture, and the environment, is emerging as a key
driver for sustainable solutions to modern societal challenges. The
integration of Al is accelerating this field, enabling rapid ad-
vancements in plant-based technologies, such as protein engi-
neering, phytochemical production, and microbiome engineering.
These innovations are already leading to disruptive applications,
including the enzymatic synthesis of new molecules, bioelectricity
generation, and biomass-based construction materials. As the field
continues to grow, synthetic biologists are poised to help achieve
the vision of a sustainable, bio-based society in the coming de-
cades®. A critical component of this progress is the elucidation
of plant biosynthetic pathways, which enables the sustainable
production of complex natural products. While genomic, tran-
scriptomic, and metabolomic approaches have advanced signifi-
cantly, much of the multi-omics data remains underutilized. To
address this, Al-driven strategies are being developed to integrate
molecular networking, reaction pair analysis, and gene expression
patterns, enhancing the utilization of these data. Such advance-
ments are expected to revolutionize pathway discovery, acceler-
ating our understanding of plant metabolism and enabling the
efficient bioengineering of valuable natural products’'®.
Synthetic biology enables the redesign of biological systems for
the synthesis of novel compounds, expanding chemical diversity
beyond natural limitations. For instance, engineering yeast to
synthesize noncanonical C11 terpenoids has enabled the produc-
tion of new terpene scaffolds, expanding the chemical space of
terpenoids®'!.  Similarly, engineering  orthogonal  methyl-
transferases to catalyze carboxymethylation of substrates offers a
new pathway for bioalkylation, increasing catalytic activity and
selectivity?'?. The production of valuable chemicals is often con-
strained by native metabolic pathways, as seen with monoterpene
biosynthesis in Saccharomyces cerevisiae, where a synthetic
orthogonal pathway was established using neryl diphosphate to
improve monoterpene  production efficiency*'>. Meanwhile,
directed evolution of glycosyltransferases has enabled regiose-
lective glycosylation of flavonoids, enhancing the pharmaceutical
potential of these compounds**. In the context of improving
thiamine synthesis, the directed evolution of sulfide-dependent
thiazole synthases in yeast demonstrated the potential to adapt
anaerobic enzymes for efficient aerobic operation, further
advancing synthetic biology applications in plant systems>'>.
Additionally, the complete biosynthesis of cannabinoids in
Saccharomyces cerevisiae from simple sugars like galactose opens
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new possibilities for cannabinoid production and analog creation
for medicinal purposes®'®. Furthermore, microbial biosynthesis of
vinblastine, a potent anticancer drug, was achieved by refactoring
the complex pathway in yeast, highlighting the potential of engi-
neered microbes to produce natural and novel metabolites for in-
dustrial applications*'’. Also, elucidation of the biosynthesis of
plant saponin adjuvants in the soapbark tree presents opportunities
to optimize the production of immunostimulatory compounds for
vaccine development>'®. Lastly, the discovery of the previously
unknown enzyme mechanism in Taxus mairei for paclitaxel
biosynthesis paves the way for the heterologous production of
baccatin III, a key intermediate for the anticancer drug®'®. Simi-
larly, expanding the chemical space of isoprenoids by synthesizing
non-canonical 16-carbon terpenoids provides access to new com-
pounds with potential applications in flavors and fragrances®?’.

3.4.4. In traditional Chinese medicine

TCM offers unique advantages in disease prevention and treat-
ment, but its holistic approach presents challenges when applying
modern medical research models focused on single drugs and
targets>>'. Network pharmacology provides a more suitable
framework, linking drugs and diseases through biological net-
works to overcome the reductionist model, particularly in TCM
research®???%*, Recent advancements in network pharmacology,
combined with Al and multi-omics technologies, have enriched
this methodology, enabling a more systematic approach to un-
derstanding  TCM’s complex mechanisms®?>?%’.  Al-driven
network target identification, coupled with multi-omics data, has
proven valuable in analyzing TCM formulas, syndromes, and
toxicity, enhancing the study of its bioactive components and
treatment mechanisms. These innovations have accelerated the
integration of TCM into modern medicine and promoted its sci-
entific understanding and clinical applications. However, TCM-
NP still faces challenges related to data quality and the need for
more accurate algorithms and larger datasets. Future break-
throughs will rely on the continued development of Al and
network pharmacology techniques, in which UNIQ system?>%->%°
offers as a representative system consisting of Al, multi-omics and
network pharmacology, offering new opportunities for TCM’s
modernization and precision treatment.

Target identification is critical in drug research, especially for
herbs, as it uncovers action mechanisms and reveals new thera-
peutic targets. The deep learning-based framework HTINet2,
which combines TCM and clinical knowledge graphs with a re-
sidual graph convolution network, significantly enhances target
prediction, as demonstrated in case studies with Artemisia annua
and Coptis chinensis™'. The complexity of herbal medicine
makes it challenging to analyze global effects on the human body.
The TMNP platform, using transcriptome-based network phar-
macology, explores multi-scale effects of herbs, as exemplified by
Astragalus membranaceus and Xuesaitong injection, providing a
more holistic approach than traditional chemical component-
focused models®*?. Network pharmacology has gained traction
in TCM by offering a systems-based understanding of herb-tar-
get-disease relationships. The integration of Al with Network
pharmacology has advanced its application, improving predictions
of herb-symptom treatments, as shown in TCM’s treatment prin-
ciples and therapeutic predictions for specific symptoms*’. In
precision medicine, single-drug treatments often fall short in
addressing complex diseases. The SETComp model, leveraging
transfer learning, improves predictions of complex system-cell-

gene associations, demonstrating its potential in repositioning
and compound synergy discovery®>.

The lack of analytical methods has historically hindered the
application of TCM, but modern Al systems represented by UNIQ
system, together with biology-driven omics approaches now offer
new insights. Precision-modification metabolomics and chinme-
domics are promising strategies for unveiling the complexity of
TCM, enhancing its ability to treat diverse diseases effectively®>*.
In chronic gastritis, the classification of Cold and Hot ZHENG
syndromes remains underexplored at the molecular level. Tran-
scriptomic analysis identified biomarkers for each syndrome,
revealing Hot ZHENG as immune-driven and Cold ZHENG as
immune-suppressive, with findings confirmed by validation using
Jin Hong tablets?*>. Weifuchun Capsule (WFC) demonstrated its
immunoregulatory effect on chronic atrophic gastritis by targeting
the Toll-like receptor pathway, mediating HES6 expression. This
was validated through in vitro and rat model experiments, con-
firming WFC’s role in regulating immune responses and reducing

inflammation?.

4. Natural product databases enabling Al-driven discovery

Natural product databases play a crucial role in advancing Al-
driven research by providing the essential data for training, vali-
dation, and integration in various multi-omics workflows. For
instance, researchers have utilized the COCONUT database237,
combining machine learning techniques with molecular de-
scriptors to screen for anti-aging drugs238. Another study intro-
duced the DFT_ANPD meth0d239, which leverages molecular
structure information from SMILES strings and semantic em-
beddings generated by large language models on datasets like
NPACT** and NPASS**' to predict the anticancer properties of
natural compounds. Additionally, the KDHR*** method utilized
databases such as TCMSP?** and ETCM*** to construct a tradi-
tional Chinese medicine knowledge graph, integrating herb attri-
bute information with multi-layer features from graph
convolutional networks to propose a knowledge-driven herb
recommendation system. These examples highlight how such
databases can effectively support Al-driven drug discovery and
natural product research.

4.1.  Databases for natural compounds

Natural compounds databases provide critical chemical and bio-
logical information that supports drug discovery and biological
research. These databases encompass detailed structures, bioac-
tivity data, species sources, and therapeutic targets, significantly
aiding in the screening and validation processes within pharma-
cological research (as shown in Table 4737, 240-241, 245'250). In
addition to plant-derived compounds, these databases also cover
natural products derived from microbes and marine organisms.

4.2.  Databases for natural plants

Natural plant databases integrate diverse omics data, including
genomic, transcriptomic, and metabolic information, facilitating
comparative and functional genomics research. By providing
comprehensive insights into plant biology and bioactive pathways,
these resources (as shown in Table 5%°!%%) enhance the devel-
opment of plant-derived medicines and deepen understanding of
plant-based therapeutics.
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4.3.  Databases for traditional Chinese medicine

TCM databases systematically compile knowledge about medic-
inal herbs, herbal formulations, their constituent ingredients,
bioactivities, clinical evidence, and therapeutic targets. These re-
sources bridge traditional empirical knowledge with modern sci-
entific validation, highlighting medicinal herbs as a significant
component of medicinal plants and supporting their exploration in
contemporary biomedical research and therapeutic innovation (as
shown in Table 6>*2% 230235

5. Discussion and conclusions
5.1.  Conclusions

Artificial intelligence and multi-omics approaches are signifi-
cantly enhancing drug discovery by optimizing the identification
of lead compounds and accelerating the entire development pro-
cess. Al technologies, including ML and deep learning, enable
more efficient data analysis, predictive modeling, and de novo
drug design. These innovations have shifted drug discovery from
traditional trial-and-error methods to data-driven, holistic ap-
proaches, improving precision and reducing timelines and
costs> 20 By leveraging deep generative models and other Al
tools, researchers can create novel chemical entities and optimize
their pharmacological properties, moving faster through the drug
development pipeline®®’.

In the realm of natural product drug discovery, Al’s role is
particularly transformative. Natural products, which have long
been a source of biologically active compounds, can now be
explored more effectively through Al-driven multi-omics technol-
ogies. Advances in metabolomics, genomics, and molecular
network analysis have enabled more efficient profiling and prior-
itization of natural extracts, revealing valuable insights into their
bioactive compounds. The integration of Al in this field not only
accelerates the discovery of potential therapeutic agents but also
enhances the identification of key natural products by linking
taxonomic and bioactivity data, thus opening new avenues for drug
development®®*?%*. This synergy between Al and multi-omics
approaches is poised to greatly expedite the exploration of natu-
ral products, advancing the discovery of new, effective therapies.

5.2.  Limitations in present studies

Currently, Al algorithms face certain limitations in both natural
compounds and natural plants, especially in the development of
medicinally valuable natural products. Research on natural com-
pounds is currently a hot topic in the study of natural products.
However, there are still some potential issues. It is well known that
the performance of Al models is determined by a combination of
factors such as the model structure, model parameters, and the
quality and quantity of the data. In the case of natural compounds,
some well-known natural compound-related literature and corre-
sponding data, specifically the input-output pairs in the models,
are excessively abundant, leading to a potential imbalance in the
data during training. This may lead to the model’s predictions
being biased towards famous natural compounds with abundant
related training data, weakening its ability to discover potentially
valuable compounds or leading to incorrect predictions for these
compounds. Data balancing methods may need to be applied to

address such issues, in order to enhance the model’s generalization
and robustness.

The limitations of Al research related to natural plants mainly
lie in the relative lack of various types of data. For example, multi-
omics data of natural plants currently only involve a few hundred
plant species, making it difficult to encompass the diverse multi-
level omics characteristics of various natural plants. This further
limits the development of models based on deep learning or Large
Language Models (LLMs). With the accumulation of multi-omics
technologies, larger-scale models will become feasible for algo-
rithm development related to natural plants, which is also a key
issue for future research.

Apart from the data scarcity and imbalance in model con-
struction, there are also several other critical factors that may in-
fluence the robustness and accuracy of natural products data in
drug development. For example, data leakage and assay-condition
bias are significant challenges in natural products datasets, as
experimental conditions and data handling can introduce unin-
tended correlations that may mislead model predictions. Besides,
the domain shift between natural products space and drug-like
chemical space poses a challenge in transferring models trained on
natural products to conventional drug-like molecules. Natural
products often exhibit unique structural features that do not fully
align with traditional drug-design criteria, making the prediction of
their bioactivity more complex. In addition, the uncertainty in
stereochemistry and 3D conformers within training data and
generative models must be addressed, as incorrect stereochemical
representations can significantly impact model performance,
especially for compounds with chiral centers. Then, there are
curation and coverage gaps in natural products and TCM data-
bases, which may result in incomplete or biased data, limiting the
generalizability and applicability of Al models. Finally, licensing,
intellectual property, and indigenous knowledge ethics are es-
sential considerations when mining traditional sources, as the uti-
lization of indigenous knowledge must respect local laws, ensure
proper attribution, and avoid exploitation of traditional commu-
nities. Addressing these issues is critical for advancing the ethical
and effective application of Al in natural product-based drug
discovery.

5.3. Future trends and prospects

Due to the current limitations, the development and application of
Al algorithms in natural products is both highly challenging and
promising. With the arrival of the LLMs era, an increasing number
of the applications of LLMs and large deep learning models are
emerging in the research of natural compounds and natural plants.
Massive amounts of research literature are the types of samples that
these large deep learning models excel at learning from. This en-
ables the identification of natural products with medicinal value
from natural compounds and plants, or the repurposing of existing
medicinal natural products. In the near future, in the research of
natural compounds combined with Al, due to the accumulation of a
certain amount of data, there may be a shift from traditional
structure-based models to LLMs-based models, as well as the
development of Al agents specifically designed for natural
compounds.

As for natural plants, since the field is relatively farther from
drug development compared to natural compounds and lacks
sufficient data, the trend should be twofold. On one hand, there
will be a large output, accumulation, and updating of multi-omics
data on natural plants, along with the establishment of related
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Table 4 Databases for natural compounds.
Name Description URL Statistics Accessibility Version/  Fit for purpose Ref.
Last
updated

NPACT A curated database of http://crdd.osdd. 1574 bio-active Open-access 2012-11 Anticancer natural 240
plant derived natural net/raghava/ compounds having compounds
compounds that exhibit  npact/ activity against 353
anti-cancerous activity. cancer cell lines which

corresponds to 5214 in-
vitro compound-cell line
interactions.

NP-MRD A database containing https://np-mrd. 281,859 compounds and  Open-access Version NMR spectra 245
NMR spectra and org/ 19,045 experimental 2.0
structure data for natural NMR spectra.
compounds.

GNDC A database dedicated to  https://cbcb. 2.32 million secondary Open-access Version Natural 246
cataloging diverse natural cdutcm.edu.cn/ metabolites, 229 million 1.0 components
components. gndc/ small peptides, 2.38 catalog

million small RNAs, 0.26
million carbohydrates.

NPASS A specialized database https://bidd. 94,413 unique natural Open-access Version Natural 241
integrating natural group/NPASS/ products isolated from 2.0 compounds’
products with their 32,287 source organisms activity and
species sources and and together with 958,866 species sources
linking them to biological activity records on 7753
targets through targets.
experimental activity
data.

CMAUP A database of collective  https://bidd. 11,472 experimental- Open-access Version Collective 247
molecular activities of group/CMAUP/  derived activity values of 2.0 molecular
useful plants. 3029 plant ingredients activities

against ~758 protein
targets, 41,205 plant-
ingredient pairs of

~ 60,222 ingredients of
7865 plants.

COCONUT A comprehensive https://coconut. 695,117 molecules, 64 Open-access 2025-09 Comprehensive 237
platform facilitating naturalproducts.  collections, 53,092 natural
natural product research  net/ organisms, 35,185 compounds
by providing data, tools, citations. dataset
and services for
deposition, curation, and
reuse.

The natural A database of microbially https:/www. 1347 papers, 36,545 Open-access 2024-09  Microbially- 248

products  derived natural products. npatlas.org/ compounds. derived natural
atlas compounds

FOODB A database of resource on https:/foodb.ca/ 797 foods, 70,926 Open-access Version Food compound 249
food constituents, compounds, 5,150,056 1.0 database
chemistry, and biology. contents, 162 pathways.

CMNPD A comprehensive marine https://www. 31,561 compounds, 3354 Open-access 2020-09  Marine natural 250
natural products database cmnpd.org/ organisms, 2652 targets, compounds
based on manually 72,349 bioactivities, database

curated data.

128,488 documents.

databases. Data serves as the foundation for Al to develop algo-
rithms and applications in natural plant research. On the other
hand, with the accumulation of research and literature on natural
plants, including studies on compound synthesis and metabolism
in natural plants, identification of natural compounds, and multi-
omics research on natural compounds, a certain data foundation
will be provided. This will lead to the application of LLMs-based
models in natural plant research, offering knowledge inference
from a natural language perspective.

Whether it is natural plants or natural compounds, drug
development based on natural products is an important component
of the biomedical field. In the future, the trend of Al-based drug
development for natural products will lean towards the generation
and accumulation of more data, the establishment of higher-quality
databases, and the creation of models with greater accuracy. Due to
its unique advantages, LLMs models, which can learn and infer
from large volumes of relevant research, may play a key role in the
future of Al-driven drug development for natural products.
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Table 5  Databases for natural plants.

Name Description URL Statistics Accessibility Version/ Fit for Ref.
Last purpose
updated

WP-MOD A database integrating  https://www. Multi-omics information of 373 woody Open-access Version Woody 251
taxonomic and multi- woodyplant.  plants with whole-genome references, 1.1 plant multi-
omics data for 373 com/ transcriptomes, methylome, small RNA omics
woody plant species. transcriptomes, degradome, epigenome,

etc.

PMN A plant metabolic https:// One multi-species reference database = Open-access Version Plant 252
pathway database. plantcyc.org/ called PlantCyc and 155 species/taxon- 16.0 metabolome

specific databases.

GreenPhylDB A web resource https://www. 19 pangenomes and 27 reference Open-access Version Plant 253
designed for greenphyl. genomes for 46 species. 5.1 genome
comparative and org
functional genomics in
plants.

1 K-MPGD A comprehensive set of http://www. 113 genomes of medicinal plants. Access 2021-06 Medicinal 254
omics data and KEGG  herbgenome. granted plant
pathway information for com/ upon request genome
medicinal plants.

PlantscRNAdb A plant single-cell http://ibi.zju. 231,939 candidate markers, 58,846 high Open-access Version Plant 255
transcriptome database. edu.cn/ confidence markers, 38,232 pathway 4.0 scRNA

plantscrnadb/ markers and 5243 high confidence
pathway markers from 33 species.

Table 6 Databases for TCM.

Name Description URL Statistics Accessibility Version/ Fit for purpose Ref.
Last
Updated
TCMSP A unique systems pharmacology https:// 499 herbs registered in Chinese Subscription- Version TCM 243
platform of Chinese herbal WWW. pharmacopoeia (2010), with a total based 23 comprehensive
medicines that captures the 9ltemsp. of 12,144 chemicals. database
relationships between drugs, com/
targets and diseases.
TCMPG  An integrative database for http:// 160 medicinal plants, 195 Open-access Version TCM plant 256
storing the scattered genomes of cbcb. corresponding genomes, and 255 2.0 genome
medicinal plants. cdutem. herbal medicines.
edu.cn/
TCMPG/
HERB A database integrating clinical ~ http://47. 6743 formulae, 6892 herbs, 44,595 Open-access Version TCM 257
and experimental evidences for  92.70. ingredients, 15,515 targets, 30,170 2.0 comprehensive
TCM. 12/ diseases, 8558 clinical trials, 8032 database

meta-analyses, 6644 references,
and 2231 expression profiles.

ETCM An encyclopaedia of TCM. http:// 48,442 TCM formulas, 9872 Open-access Version TCM formula 244
WWW. Chinese patent drugs, 2079 Chinese 2.0
tcmip. medicinal materials and 38,298
cn/ ingredients.
ETCM2/
front/#/
TCMBank A database with TCM, https:// 9191 herbs, 61,965 components, Open-access 2023-03 TCM 258
ingredients, diseases, and gene  tcmbank. 15,179 targets, and 32,529 diseases comprehensive
targets, and a comprehensive cn/ network
network containing six pairs of
relationships.
5.4.  Summary drug development, including natural compounds and natural
plants. We also compile various databases that have the potential
In this review, we provide a comprehensive overview of the to provide data for the application of Al and multi-omics tech-

methods and applications of Al and multi-omics technologies in nologies in natural products.
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