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ABSTRACT KEYWORDS

Artificial intelligence is reshaping Pharmacognosy by connecting ethnobotanical knowledge, Natural products

multi-omic data, Biosynthetic pathway prediction, Retrosynthetic planning, and medicinal Pharmacognosy
chemistry optimization. Particular attention is given to Al-driven tools, including BioNavi-NP, Artificial intelligence
graph-sequence-enhanced transformers, NAG2G, RSGPT, RetroExplainer, and human-in-the- Biosynthetic pathway prediction
loop systems such as DeepRetro. These platforms can reconstruct natural-product biosynthesis, Retrosynthetic planning
predict plausible precursors, preserve molecular topology, suggest multi-step disconnections, ~
and explore broad reaction spaces. They are especially relevant for metabolites with dense OPEN# S ACCESS
stereochemistry, unusual ring systems, multifunctional scaffolds, and enzyme-guided

biosynthetic logic. Beyond route design, Al may help prioritize biosynthetic genes, optimize

scarce plant-derived compounds, and guide the development of more drug-like analogues with

improved potency, selectivity, pharmacokinetic behavior, and synthetic accessibility. However,

important limitations remain, including limited plant-specific reaction datasets, weak reaction-

condition prediction, incomplete stereochemical and regioselective modeling, benchmark

weaknesses, and the need for expert validation. Overall, Al is best understood as a decision-

support layer linking biodiversity, traditional knowledge, biosynthetic logic, and experimental

synthesis for responsible future therapeutic discovery and validation across modern natural-

product-based drug discovery pipelines.

© 2026 The Authors. Published by Synsint Research Group.

1. Introduction

Pharmacognosy, broadly understood as the study of plant-derived
medicines, has always been an interdisciplinary field. It brings together
ethnobotanical knowledge, biochemical investigation, and analytical
science in a way that few other areas of pharmaceutical research do [1,
2]. In recent years, its scope has expanded further. Quantitative
ethnopharmacology [3] and biodiversity-informed models [4] have
added more structured and data-driven layers to traditional knowledge
systems. At the same time, advances in analytical chemistry and multi-

omics technologies are allowing researchers to map plant metabolite
diversity and biosynthetic pathways with a level of detail that was not
previously possible [5, 6]. These developments show how closely plant
chemical diversity and human medicinal experience are connected.
Machine learning is now becoming part of this shift as well, especially
through its use in large plant datasets [7] and in the prediction of
metabolic phenotypes [8]. Taken together, these changes suggest the
emergence of a more precise form of herbal medicine, in which Al
helps refine traditional remedies through systems-level biological
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insight. Recent studies provide clear examples of how Al is already
influencing natural-product research. Large-scale neural network
screening, for instance, has led to the identification of new antibiotic
candidates, supporting the value of Al-guided discovery for finding
novel chemical scaffolds [9, 10]. In the area of synthesis planning, Al-
based retrosynthetic tools, including transformer and graph-based
models, have reached strong performance in route prediction [11, 12].
Importantly, this progress is not limited to conventional synthetic
chemistry. Natural-product-focused platforms such as BioNavi-NP use
deep learning to predict multi-step plant biosynthetic pathways [13],
which is especially relevant for complex plant metabolites. On a
broader systems level, Al models that combine genomics and
metabolomics have been used to infer enzyme networks involved in the
production of specialized metabolites [6]. Network embedding
approaches have also shown that different plant lineages can
independently evolve similar chemical traits, and that ethnobotanical
concept maps often reflect these underlying metabolic patterns [14].
These findings, taken as a whole, show that Al is beginning to reshape
both pharmacognosy and medicinal chemistry in practical and
conceptually important ways. Still, several important gaps remain.
Many current AI models are not trained on sufficiently plant-specific
datasets, and they often fail to account for the traditional medicinal
context in which plant remedies are used. This is a real limitation,
because the chemistry and therapeutic use of medicinal plants can shift
with climate, geography, and ecological conditions [15]. As a result,
static datasets may become less reliable over time. When these factors
are not integrated, ethnobotanical knowledge, ecological variation,
plant genomics, and chemical data remain separated from one another,
even though they are closely connected in real medicinal practice. For
this reason, a more critical and integrated review is needed to explain
how current Al tools and methods connect plant genomics,
phytochemistry, ecological context, ethnobotanical knowledge,
biosynthetic pathway prediction, retrosynthetic planning, and medicinal
chemistry. This review therefore examines existing Al-assisted
approaches in pharmacognosy and synthesis-oriented natural-product
discovery, with attention to their applications, underlying
methodological assumptions, practical limitations, and translational
value. Rather than proposing a new computational method or
framework, the review focuses on evaluating how available Al-based
tools can help interpret the chemical diversity of plant-derived
compounds, support biosynthetic and retrosynthetic reasoning, and
assist expert-guided decision-making in the development of natural-
product-based therapeutics.

2. Artificial intelligence as a systems-level catalyst for
scalable natural-product discovery and pharmacognosy

Al is needed in pharmacognosy because the discipline now operates at
the intersection of chemically complex natural extracts, multimodal
omics, and massive but unevenly curated knowledge sources, while its
classical workflow still suffers from slow structure elucidation, low-
abundance actives, frequent rediscovery of known compounds, and
poor scalability; recent reviews describe natural-product data as
multimodal, unbalanced, unstandardized, and scattered, which makes
conventional manual analysis increasingly inadequate. On the
dereplication and annotation side, the need is quantifiable: in
untargeted metabolomics, only about 2% of MS/MS spectra are
typically annotatable by reference spectral libraries and usually less

than 10% even with current machine-learning tools, which is why
transformer-scale models such as DreaMS were trained on
GNPS/MassIVE data at repository scale; DreaMS used up to
700 million experimental MS/MS spectra, achieved state-of-the-art
performance across annotation tasks, and enabled a 201 million-
spectrum atlas, while CANOPUS used deep neural networks to predict
2,497 compound classes directly from fragmentation spectra with an
average cross-validation accuracy of 99.7%, including compounds
lacking spectral or structural reference matches [16]. For structure
elucidation and chemotaxonomic triage, ML also helps convert
spectroscopy into fast decision support: a 13C-NMR-based study
trained classifiers for eight common natural-product classes and
reported best F1 scores above 0.82, while recent reviews show ML-
assisted MS and NMR workflows are becoming central to library-based
and library-independent structure annotation. For genome-enabled
pharmacognosy, Al is needed because biosynthetic potential vastly
exceeds what can be inspected manually: DeepBGC’s BiLSTM plus
pfam2vec workflow improved validated BGC detection over
ClusterFinder from AUC 0.847 to 0.923, improved leave-class-out
generalization from 0.865 to 0.946, and reached a >4-fold precision
gain under one evaluation setting, while the later self-supervised
BiGCARP model, trained on roughly 127,000 BGC sequences derived
from 142,821 antiSMASH-identified clusters, further outperformed
DeepBGC on BGC detection and average product-class AUROC. Al is
equally needed for prioritization and design: ML models have now
classified natural products into 23 bioactive drug classes using LC—
MS/MS-derived fingerprints with >93% accuracy on experimental
spectra, and the natural-product-inspired generative transformer NIMO
achieved 99.9% reconstruction accuracy and enriched predicted
antimalarial actives while preserving natural-product-like ring systems
and functional groups, showing why generative models matter for
scaffold hopping and pseudo-natural-product design [17, 18]. NLP and
knowledge-graph methods are also important because ethnobotanical
and traditional-medicine knowledge remains locked in text; resources
such as COCONUT 2.0, which curates 695,133 unique natural-product
structures from 63 source collections, and IMPPAT 2.0, which links
4,010 medicinal plants to 17,967 phytochemicals and 1,095 therapeutic
uses, create the machine-readable substrate needed for linking species,
metabolites, bioactivities, and traditional uses. Downstream, Al is
needed for developability because natural compounds are often scarce,
unstable, or poorly soluble: Recent ADME reviews emphasize that in
silico ADME/ADMET (absorption, distribution, metabolism, excretion,
and toxicity) methods are especially valuable for natural compounds
because they require no physical sample and can screen
pharmacokinetic risk early, while formulation-focused reviews now
describe Al-assisted optimization of herbal nanocarriers and
phytomedicine delivery as an emerging translation layer. The main
caveat is that Al in pharmacognosy is only as reliable as its data:
COCONUT 2.0 still documents residual non-natural or misclassified
entries despite extensive curation, DeepBGC explicitly warns that
training data are biased toward “workhorse” taxa such as Streptomyces,
and ADME reviews stress persistent dependence on data quality,
quantity, and wet-lab confirmation. Taken together, the evidence
suggests that Al is needed in pharmacognosy not to replace botanical,
chemical, or pharmacological expertise, but because it is the only
credible way to scale discovery, dereplication, bioactivity inference,
biosynthetic mining, ADMET triage, and ultimately formulation across
the true size and complexity of natural-product chemical space [19].
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Recent studies demonstrate that artificial intelligence is reshaping
pharmacognosy and plant gene research into a systems-level discipline,
in which biosynthetic gene clusters, metabolite outputs, ecological
interactions, and ethnobotanical knowledge are interpreted as
interconnected information-processing layers rather than isolated
datasets. For instance, multi-omic modeling of Arabidopsis using
large-scale integration of genome, transcriptome, proteome, and
metabolome matrices has shown that Al can infer pathway logic
by identifying transcriptional co-activation signatures, enzyme-
that

jointly determine specialized-metabolite phenotypes [6]. This work

substrate  dependencies, and latent regulatory modules

highlights that plant biosynthetic systems behave as modular
networks, in which clusters of co-evolving genes exhibit predictable
interaction patterns, and where Al-driven inference can distinguish
between constitutive, stress-induced, and tissue-specific pathway
activity. Extending this mechanistic perspective, recent reviews
emphasize that next-generation natural-product discovery requires
multimodal deep learning architectures capable of fusing orthogonal
data types
distribution profiles, NMR descriptors, phylogenetic embeddings,

including MS/MS fragmentation patterns, isotopic

gene-expression tensors, and genomic neighborhood signatures to
reconstruct metabolic pathways with far greater accuracy than single-
omic approaches [20]. These multimodal systems do not merely
correlate features across omics: they learn shared latent manifolds
where chemically similar metabolites cluster near their biosynthetic
gene clusters, enabling Al to predict uncharacterized metabolites,
and identify

annotate cryptic pathways, regulatory bottlenecks

controlling metabolite flux [21].

3. Al driven retrosynthetic planning for complex natural
products

Al-powered retrosynthesis tools now span template-based and
template-free models (from neural-symbolic template retrievers to
graph/transformer generators) trained on large reaction corpora,
applying

these methods to highly complex natural products (NPs) still

yielding state-of-the-art single-step accuracies, yet

poses challenges in stereochemistry, conditions, and multi-step route

assembly. Recent studies have leveraged advanced model

architectures and  expanded datasets (including synthetic
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Fig. 1. Temporal progression and comparative prominence of artificial intelligence methodologies applied in pharmacognosy

from 2015 to 2025, highlighting the shift from earlier cheminformatics and supervised machine learning approaches toward

generative models, multi-omic integration, and systems-level Al strategies in natural product discovery.
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augmentation) to improve predictions for complex targets [12, 13,
22]. Template-based and template-free deep-learning models both
underpin  modern  retrosynthesis  planners. = Template-based
methods (e.g., GLN, RetroComposer) use curated reaction templates
and often couple neural networks with fingerprint encodings.
Semi-template or latent-variable methods predict key intermediates.
In contrast, template-free approaches generate reactant structures
directly via sequence or graph models. For example, the node-
aligned graph-to-graph model NAG2G wuses a transformer on
2D/3D graphs with atom-mapping alignment to autoregressively
generate reactant graphs, achieving top-1 accuracies exceeding
prior graph/sequential models on USPTO-50k/FULL datasets.
Similarly, sequence-to-sequence LSTM and transformer networks
(e.g., RetroExplainer) have been developed: Wang et al. [23]
introduce RetroExplainer, a graph transformer with multi-
scale contrastive and multi-task learning, which outperformed prior
single-step models across 12 benchmarks, and successfully planned
multi-step routes (86.9% of steps matched literature). Recent work
also exploits very large synthetic data. Deng et al. [12] generated
approximately 10 billion reactions via templates, pre-trained a
GPT-style SMILES transformer (RSGPT), and then fine-tuned
with reinforcement learning. RSGPT achieved 63.4% top-1 accuracy
on USPTO-50k (vs. =55% for earlier models). Notably, RSGPT
still uses only reaction SMILES (no conditions) and relies on post-hoc
human validity checks, pointing to limitations in capturing context.
In all cases, models are trained on large patent datasets (USPTO-
S0k/FULL, Pistachio) and evaluated via Top-k metrics, “All-
correct/Any-correct” reactant matches, or fragment metrics. These
systems exhibit high SMILES validity and improved generalization
on larger corpora, but their gains largely reflect massive data and
advanced architectures [11, 12, 23].

Specific NP-relevant applications have emerged by tailoring
models or workflows to complex molecules. Bio-retrosynthesis
tools use enzyme reaction data: Zheng et al. [13] developed
BioNavi-NP, a transformer trained on both general organic and
curated biosynthetic reactions, coupled with an and—or tree search.
It successfully recovered pathways for 90.2% of 368 test NPs
and retrieved known NP building blocks for 72.8% of cases
(vs. approximately 42% for rule-based methods). Cong et al. [22]
similarly target NP biosynthesis: their graph-sequence enhanced
transformer integrates graph neural nets (which preserve molecular
topology/stereochemistry) with sequential transformers, achieving
state-of-the-art accuracy on NP pathway benchmarks. For
synthetic NPs, hybrid large language model (LLM) frameworks
have shown promise. Sathyanarayana et al. [24] introduced
DeepRetro, an iterative pipeline combining a template-based
solver (AiZynthFinder), large LLM proposals (e.g., Anthropic
Claude), and human-in-the-loop validation. DeepRetro solved
96-97% of targets in challenging benchmark sets (solving 183/190
and 168/172 targets on USPTO-190 and a “Drug Hunter” NP set) —
far above traditional tools — and discovered novel synthetic routes
for case-study NPs (Erythromycin B, Reserpine, and Ohauamine C,
which is a complex marine natural product molecule with a
difficult three-ring peptide-like structure). For example, DeepRetro
planned a concise route to Ohauamine C (a tricyclic peptide
with four contiguous stereocenters) by strategically assembling amino
acid fragments and introducing an early esterification step.

Despite these advances, significant limitations remain. Most models

do not model reaction conditions (no solvents, catalysts, yields)
and often ignore nuanced stereochemical/regioselective outcomes.
As Cong et al. [22] note, conventional retrosynthesis tools were
“not effective in predicting the enzyme reactions” of NPs, motivating
graph  encodings that explicitly preserve stereochemistry.
Moreover, multi-step planning for NPs still typically requires human
guidance: DeepRetro’s NP routes often needed 6-14 iterative
passes with expert intervention to finalize a route. Finally,
benchmark metrics are imperfect: many valid alternative
disconnections go uncounted by strict Top-k accuracy, and
pathway “success” rates (e.g., % solved) do not reflect route
optimality or experimental feasibility. In sum, modemn
Al retrosynthesis increasingly handles large reaction spaces
and leverages LLM reasoning, but predicting truly novel,
stereochemically precise syntheses of complex natural products
remains an open challenge requiring integrated chemical
knowledge and human insight [13, 22, 24]. One major reason this
gap remains is the limited availability of plant-specific reaction
datasets for training and testing Al models. Most retrosynthetic
systems are developed using broad organic chemistry datasets
or patent-derived reaction collections. These resources are useful
for learning common laboratory transformations, but they do not
fully reflect the biosynthetic logic that shapes plant-
specialized metabolism. Plant natural products are often built
through enzyme-directed processes such as oxidation, glycosylation,
methylation, prenylation, terpene cyclization, phenylpropanoid
coupling,  alkaloid  rearrangement, and  other  pathway-
specific transformations. Many of these reactions are poorly
represented in conventional reaction databases. This creates a
domain-shift problem. In other words, a model may suggest
reactions that look chemically reasonable from a synthetic
chemistry perspective, but that do not match well with how
plant metabolites are formed, modified, or diversified in living
systems. The issue is made even more difficult by the
incomplete annotation of many reported plant biosynthetic reactions.
Important details may be missing, including enzyme identity,
organismal or tissue source, stereochemical outcome, substrate
scope, reaction conditions, yield, pathway position, or the level
of experimental validation. As a result, Al tools may learn
molecular connectivity without also learning the biological
and stereochemical constraints that make plant-derived natural
products distinctive. This limitation also affects benchmarking.
Strong performance on USPTO-like datasets does not necessarily
mean that a model can reliably predict reactions for rare
medicinal plants, poorly studied biosynthetic pathways, or
structurally complex phytochemicals. Future progress will
therefore depend on curated plant-reaction repositories that
combine metabolite structures, enzyme annotations, gene or
pathway information, taxonomic source, stereochemical
outcomes, ecological or tissue context, and experimentally
verified transformations. Such datasets would help Al systems
move beyond generic reaction prediction and toward biosynthetic
and retrosynthetic  reasoning that is more specific to
pharmacognosy [22, 25, 26]. A particularly important limitation in
Al-guided retrosynthesis of natural products is not just that
these molecules contain stereochemistry. The harder problem is
that stereochemical information has to be translated into
synthetic decisions that are chemically realistic. Many plant-
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derived metabolites contain several neighboring stereocenters, fused
or bridged rings, spirocyclic motifs, conformationally restricted
frameworks, and enzyme-shaped three-dimensional architectures.

These features often determine both biological activity and
whether a proposed synthetic route is actually feasible [22]. Current
Al models First,
stereochemical information in training datasets is often incomplete,
SMILES-based

representations. As a result, models may learn molecular connectivity

struggle with this issue in several ways.

inconsistently ~ reported, or simplified in
more reliably than absolute or relative configuration. Second, even
when stereochemical labels are included, many benchmarks reward
correct reactant prediction or top-k structural matching without
Third,

on many experimental and

strongly penalizing wrong stereochemical outcomes.

stereoselective  synthesis depends
mechanistic factors that are rarely captured in retrosynthesis models.
These

conformation, protecting-group strategy, neighboring-group effects,

include catalyst choice, solvent, temperature, substrate
enzyme active-site geometry, and kinetic versus thermodynamic
control. This is especially problematic for natural products. A
disconnection may look reasonable in a two-dimensional structure, but
it may not be synthetically realistic if it fails to preserve the required

stereochemical relationships or does not offer a plausible way to install

them. Some recent methodological developments are beginning to
address this weakness. Graph-based and graph-to-graph models can
preserve atom-level connectivity and stereochemical annotations more
effectively than purely sequence-based systems. Hybrid graph-
sequence transformers also help by combining molecular topology with
reaction-sequence learning. Three-dimensional and conformer-aware
models may improve how spatial constraints are represented, while
biosynthesis-oriented platforms can use enzyme logic to restrict
predictions to transformations that better match natural stereochemical
assembly. Human-in-the-loop approaches remain important as well.
Expert chemists can often recognize when a predicted route is
stereochemically ambiguous, lacks stereocontrol, or depends on
unrealistic selectivity. Even so, these advances are still only partial
solutions. For Al to become more reliable in natural-product synthesis
planning, future systems will need stereochemically explicit and plant-
relevant reaction datasets, condition-aware prediction, benchmarks that
evaluate stereochemical correctness rather than only connectivity, and
experimental validation of key stereoselective steps. This distinction is
essential in pharmacognosy, because the therapeutic and synthetic
value of a natural product often depends not only on its scaffold, but
also on the precise three-dimensional arrangement produced by
biosynthesis [22, 24, 26].

Table 1. Recent Al-based retrosynthesis and biosynthetic pathway prediction models relevant to natural-product discovery and synthesis planning.

Model/approach Dataset(s) Key result /natural-product Main limitations Ref.
application
Graph-Sequence  Enhanced  Curated enzymatic and organic ~ Achieved state-of-the-art single-step and  Primarily focused on biosynthetic and enzymatic ~ [22]
Transformer; hybrid GNN  reaction datasets related to  multi-step prediction of natural-product  reactions; predictive scope remains constrained
and SMILES Transformer; natural-product biosynthesis biosynthetic transformations, with by the availability and diversity of curated
template-free biosynthetic improved retention of molecular topology  enzyme-reaction data.
prediction and stereochemical information.
BioNavi-NP;  Transformer- 33,710 biosynthetic and organic  Predicted plausible biosynthetic routes for ~ Performance depends strongly on known [13]
based sequence-to-sequence  reactions compiled from  90.2% of tested natural products and  biosynthetic pathway information; sparse
model combined with AND-  MetaCyc, KEGG, and patent- recovered 72.8% of reported natural- enzymatic reaction data and absence of reaction-
OR tree search derived reaction data product building blocks. condition prediction limit practical
implementation.
DeepRetro; hybrid LLM-  USPTO and Pistachio patent- Solved approximately 97-98% of targets = Requires substantial computational resources — [24]
assisted retrosynthesis  derived reaction datasets;  across two natural-product/drug-related  and expert human guidance; detailed reagent,
framework integrating  evaluated using USPTO-50k and  test sets and proposed new retrosynthetic ~ solvent, and reaction-condition optimization is
template-based CASP tools  selected complex natural-  routes for complex case molecules such as  not fully addressed; iterative refinement is often
and human-in-the-loop  product/drug-like case studies Ohauamine C. necessary.
refinement
RSGPT; GPT-style  More than 10 billion synthetic Reached 63.4% top-1 accuracy on  Synthetic pre-training data may introduce [12]
generative Transformer pre-  reactions generated from USPTO-  USPTO-50k, outperforming previous template-derived bias; reaction conditions are
trained on large-scale  derived templates; fine-tuned on  state-of-the-art models, and achieved high  not explicitly encoded; mechanistic
template-generated reactions USPTO-50k, MIT, and USPTO-  top-10 SMILES validity of 97.7%. interpretability remains limited.
FULL benchmarks
RetroExplainer; interpretable ~ Twelve public retrosynthesis ~ Outperformed state-of-the-art single-step  Requires  extensive  multi-task  training;  [23]
Graph Transformer wusing benchmark datasets, including retrosynthesis models across all evaluated  stercochemical — resolution  may  remain
multi-scale representation ~ USPTO-derived variants benchmarks; in multi-step planning, incomplete in some cases; validation on natural-

learning, contrastive learning,
and multi-task training

86.9%
matched literature-reported reactions.

of predicted single reactions

product-specific retrosynthetic problems is still
limited.

NAG2G; Node-Aligned
Graph-to-Graph Transformer
incorporating 2D graph and
3D conformational

information

USPTO-50k, USPTO-MIT, and
USPTO-FULL

Demonstrated strong accuracy —across
USPTO retrosynthesis benchmarks and
successfully predicted synthesis pathways
for drug-like molecules.

Relies on 3D conformer generation and patent-
derived training data, which may limit
generalization to structurally complex natural
products; reaction conditions are not directly

modeled.
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Fig. 2. Overview of the DeepRetro retrosynthesis framework: a) DeepRetro begins with a vendor database search and template-based retrosynthesis;
when these steps fail, an LLM proposes single-step routes that are filtered through molecule validation checks before further recursive evaluation,
with optional human input. b) The incorporated molecule checks assess chemical validity, stability, and hallucination risk in LLM-generated outputs.
¢) Human-in-the-loop functions support selective pathway regeneration, direct chemist-guided edits, and protecting-group addition. d) The system
uses a scalable head-node/worker-node infrastructure for complex syntheses. e) The graphical interface enables pathway visualization, node selection
for regeneration, and direct molecular editing.

4. Emerging applications and limitations of Al in
medicinal chemistry

Artificial intelligence (AI) methods are now transforming many stages
of drug discovery. For example, Bhat and Ahmed [27] review how
advanced Al techniques — including machine learning, deep learning,
and reinforcement learning — are accelerating tasks such as target
identification, de novo lead generation, drug repurposing, lead
optimization, and toxicity prediction. Deep generative models in
particular (e.g., graph neural nets, diffusion models, and transformer-
based systems) can propose novel, property-optimized molecules
beyond existing screening libraries. Structural Al models are also
emerging: AlphaFold and its successors now predict protein structures

with near-experimental accuracy, enabling structure-based drug design

and a deeper understanding of ligand-target interactions.

Al is
similarly being applied

related areas such as automated
retrosynthesis planning and reaction prediction. For instance, the recent
SynthSense framework combines

retrosynthetic feedback

to

reinforcement learning with

molecular generation toward
synthetically accessible compounds, yielding an approximately 6-fold
increase in easily-made hits compared to naive generative models. In
summary, Al-driven workflows — from large-scale virtual screening
and generative design to predictive ADMET modeling and protein
modeling — are rapidly emerging to accelerate medicinal chemistry
discovery [27-29]. Although these approaches are often discussed
within the wider field of medicinal chemistry, they are highly relevant

to pharmacognosy when they are applied to plant-derived and natural-
product-inspired chemical
stereochemically

to bias

space. Natural
scaffolds,

products often have
complex dense

functional ~ groups,
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uncommon ring systems, and structural features shaped by
biosynthesis. These characteristics can make their therapeutic
development more challenging than that of many conventional
synthetic screening hits. In this context, protein-structure prediction
and structure-based modeling can help evaluate whether natural-
product scaffolds or semi-synthetic analogues are likely to interact with
disease-relevant targets. Virtual screening and target-prediction tools
can also help prioritize potentially bioactive metabolites from
phytochemical, metabolomic, or ethnopharmacological datasets.
ADMET and toxicity models are similarly important in
pharmacognosy, since many plant-derived compounds show promising
biological activity but still face practical barriers such as poor
solubility, metabolic instability, off-target effects, herb-drug
interactions, or narrow safety margins. Generative and synthesizability-
aware models may also support natural-product lead optimization.
They can suggest analogues that retain important pharmacophoric or
biosynthetically meaningful features while improving drug-likeness,
synthetic accessibility, and overall developability. For this reason, the
relevance of these general Al methods in the present review is not that
pharmacognosy should be treated as ordinary small-molecule
discovery. Rather, it is that computational drug-discovery tools can
extend the value of natural-product research beyond compound
identification, helping with target interpretation, safety evaluation,
structural optimization, and expert-guided therapeutic development
[14, 30, 31]. Despite this promise, several inherent limitations constrain
Al’s impact in practice. Bhat and Ahmed [27] caution that Al in
pharma still faces methodological and data-related challenges. In
particular, training datasets often contain biases or gaps (e.g., under-
represented chemotypes or endpoints) that can lead to overfitting and
poor generalization. A concrete example is synthetic feasibility:
Dekleva et al. [29] demonstrate that many molecules suggested by
generative models are practically “difficult or impossible to produce”
because the models lack built-in chemistry knowledge. Similarly, Yoo
[32] emphasizes the need for rigorous validation of Al-generated
compounds — for instance, a de novo Al-designed TNIK inhibitor did
reach Phase II trials, but Yoo notes that “broader validation,
mechanistic understanding, and regulatory alignment remain essential”
to translate such successes into reliable therapeutics. More broadly,
issues like model interpretability (the “black box” problem),
reproducibility between labs, and alignment with regulatory standards
all remain hurdles [27, 32, 33]. In short, while Al opens powerful new
tools for medicinal chemistry, its outputs must be treated with caution:
careful curation of data, integration of chemical knowledge, and
extensive experimental benchmarking are required to overcome Al’s

current limitations and realize its full potential.

5. Case studies of Al-powered systems for medicinal
chemistry, modeling plant biosynthetic networks,
modification and lead optimization of natural products

Deep learning has dramatically expanded the search for new
antibiotics. Stokes et al. [9] trained a neural network on 2,300 known
antibacterial compounds and screened over 100 million structures from
a drug repurposing library. This led to halicin, a chemically novel
broad-spectrum antibiotic active against E. coli, M. tuberculosis, and
carbapenem-resistant Enterobacteriaceae in mice [9]. In the same
study, eight additional compounds with distinct scaffolds were
experimentally validated. More recently, Liu et al. [10] used deep

learning on a smaller dataset (approximately 7,500 molecules screened
against A. baumannii) to find abaucin, a narrow-spectrum antibiotic
active specifically against multidrug-resistant Acinetobacter baumannii
[10]. Abaucin’s mechanism (lipoprotein transport inhibition) was
elucidated via machine learning—suggested targets and lab assays, and
it controlled A. baumannii infection in mice. These cases illustrate
how Al-powered virtual screening can rapidly prioritize structurally
novel natural-product-like compounds with potent activity, greatly
accelerating early lead identification [9, 10]. Al has optimized both
production and therapeutic use of complex anticancer natural
products. For example, Al-assisted modeling (adaptive neuro-fuzzy
inference systems with genetic algorithms) improved paclitaxel yields
in hazel cell cultures by optimizing culture media and conditions
beyond classical statistical designs. Machine learning also guided
reinforcement learning models to simulate optimal dosing in
lung cancer patients by balancing efficacy and toxicity. Upstream,
genome mining coupled with Al has identified missing enzymes in
Taxus pathways, enabling semi-synthetic paclitaxel production. In
drug repurposing, a hybrid Al-experimental pipeline predicted
covalent-binding natural products for polo-like kinase 1 (PLK1), a
cancer target. By screening natural-product libraries in silico for
molecules predicted to covalently bind PLK1’s active site, researchers
pinpointed a compound from Scutellaria baicalensis (baicalein/baicalin
family) that was experimentally confirmed as a selective PLKI1
inhibitor. These efforts show AI’s role in refining natural product
leads: improving yields of scarce plant drugs (paclitaxel) and
identifying NP scaffolds as targeted cancer therapies (PLK1 inhibitors)
[31]. AI can reconstruct entire plant biosynthetic networks from
endpoints to known precursors. Zheng et al. [13] developed BioNavi-
NP, a deep-learning retrosynthesis tool that predicts natural product
biosynthetic routes. A transformer neural network was trained on
approximately 33,000 known enzymatic reactions and organic
transformations to propose possible precursor steps. An and—or tree
search then assembles multi-step pathways. BioNavi-NP correctly
generated full biosynthetic paths for 90.2% of 368 test natural
products, recovering known precursor building blocks in 72.8% of
cases. In other words, it outperformed rule-based methods by >70%
(72.8% vs. 42%) in identifying valid NP biosynthesis routes. Fig. 3
illustrates the vast NP space vs. known pathways; BioNavi-NP bridges
this gap by efficiently “back-tracking” complex molecules to simple
precursors.

By automating pathway prediction, BioNavi-NP enables researchers
to engineer plant pathways in silico and plan semi-synthetic
production of valuable NPs [13]. Integrating multi-omics data with
Al can predict the genes that make specific plant metabolites. Bai et al.
[6] assembled multi-layer data for Arabidopsis (genome sequence,
proteomics,  epigenetics, expression, etc.) and used the
AutoGluon AutoML framework to classify which genes encode
enzymes of specialized metabolism. Focusing on alkaloids,
terpenoids, and phenolics, they found that genomic and proteomic
features (e.g., gene length, domain counts) were most predictive,
outstripping transcriptomic or epigenetic features. The resulting
model showed excellent accuracy, which transferred surprisingly
well: when the Arabidopsis model was applied to maize, tomato,
grape, and poppy, it predicted pathway genes with equivalent or
better accuracy than models trained de novo in those species. In
short, this ML approach effectively mapped “wiring diagrams” of
plant metabolic networks: it pinpointed candidate biosynthetic
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Fig. 3. BioNavi-NP reconstructs natural product biosynthesis. a) Over 300,000 known natural products

derive from a few simple building blocks, but only about 30,000 enzymatic reactions are characterized.

b) BioNavi-NP uses deep learning and search to identify plausible precursor pathways.

genes for high-value phytochemicals across diverse plants. This
case demonstrates that Al can integrate genomic and proteomic
patterns to infer entire biosynthetic pathways, guiding metabolic
engineering of medicinal plants [6]. Generative Al can optimize
natural product structures for

potency and drug-likeness.

One compelling example is the marinopyrrole A scaffold (a

marine  Streptomyces metabolite). Using Al-driven molecular
generation,  researchers created dozens of  marinopyrrole-
inspired analogs and screened them computationally as

COX-1 inhibitors. The top Al-designed analog showed >100-fold

improved potency (ICso =0.1 pM) compared to the parent
marinopyrrole (ICso =~16.6 uM). This analog retained the complex
core features of marinopyrrole but incorporated synthetic modifications
suggested by the model to enhance binding. Such Al-assisted
design distilled key pharmacophores from the natural scaffold
and grafted them into more drug-like structures. This case (from
Muthuraj and Chandrasekaran) highlights how machine learning
can navigate NP chemical space to generate superior leads from
traditional scaffolds. As a result, Al-enabled analog design can

convert a barely active natural molecule into a potent lead with

optimized efficacy and safety. Advanced Al systems also integrate

multiple sources of information to optimize complex NP-
based therapies. For instance, graph-based network pharmacology
models have been wused to analyze herb—ingredient—target
networks. Although specific examples are emerging, general studies
note that Al tools (e.g., random forests, graph neural networks, and
embeddings) are successfully predicting bioactivities of natural
compounds in oncological and anti-inflammatory assays. In silico
work combining plant metabolomics and structural modeling can
propose synergistic NP combinations or

prioritize  analogs

with improved ADME properties. For example, deep learning
models have been reported to predict anticancer and anti-inflammatory
actions of phytochemicals by learning from databases of traditional
These

approaches promise to optimize “leads”

remedies and clinical data. Al-powered integrative
by considering multiple
compounds or formulation factors simultaneously [34]. In summary,
modern medicinal chemistry increasingly relies on Al pipelines
that not only predict individual compound potency, but also design
and tune entire natural-product-based regimens through multi-

target optimization [34-36].
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6. Conclusions and future directions

This review shows that the strongest contribution of artificial
intelligence to pharmacognosy is its ability to turn scattered natural-
product information into decisions that can be tested experimentally.
Across the areas discussed, Al appears most useful when it supports
four connected tasks: improving dereplication and metabolite
annotation, prioritizing biosynthetic genes and pathway modules,
proposing plausible biosynthetic or retrosynthetic routes, and guiding
medicinal chemistry optimization of natural-product scaffolds. At the
same time, the evidence reviewed here makes it clear that Al has not
reached the same level of maturity across all of these tasks. Spectral
learning, molecular networking, multi-omic integration, and early
ADMET prediction are already helpful for prioritization and hypothesis
generation. Fully reliable synthesis planning for complex plant
metabolites, however, remains more difficult. The main obstacles are
not only molecular complexity. They also include limited plant-specific
reaction data, weak prediction of reaction conditions, inconsistent
stereochemical annotation, poor modeling of enzyme selectivity, and
benchmark systems that often reward structural matching without
showing that a predicted route is experimentally realistic. Future work
should therefore begin with natural-product classes that are most
suitable for Al-guided synthesis or semi-synthesis. The most realistic
near-term candidates are compounds with defined structures, known or
partly known biosynthetic origins, available metabolomic or genomic
support, and clear pharmacological value, but also practical problems
related to supply or optimization. These include taxane-type
diterpenoids, benzylisoquinoline and indole alkaloids,
phenylpropanoids, flavonoids, terpenoid glycosides, polyketide-like
scaffolds, and other structurally defined plant metabolites for which
semi-synthetic modification, pathway engineering, or analogue design
is feasible. In such cases, AI can help identify likely precursors,
prioritize enzymes, suggest synthetically accessible analogues, and
reduce the number of low-value experimental routes. By contrast,
poorly characterized extracts, metabolites with unresolved
stereochemistry, compounds without validated bioactivity, or pathways
lacking genetic or enzymatic evidence should be treated mainly as
discovery-stage problems. For these targets, Al is better used for
annotation, clustering, dereplication, and hypothesis generation, rather
than for confident route prediction. The most urgent need, then, is the
expansion of curated plant-specific databases. General reaction datasets
and patent-derived corpora are useful, but they do not sufficiently
represent the enzyme-guided logic of plant-specialized metabolism.
Priority should be given to databases that record plant enzymatic
oxidations, glycosylations, methylations, prenylations, terpene
cyclizations, phenylpropanoid couplings, alkaloid rearrangements, and
stereoselective tailoring reactions. These resources should not contain
structures alone. Ideally, each reaction or metabolite should be linked
to taxonomic source, tissue or developmental origin, ecological
condition, traditional preparation method, spectral evidence, enzyme or
gene identity, substrate scope, stereochemical outcome, reaction
condition, yield or conversion data, bioactivity, toxicity, herb-drug
interaction evidence, and level of experimental validation. This is
especially important because plant-specific reaction scarcity and
incomplete annotation are major reasons for the current domain-shift
problem in Al retrosynthesis. Benchmarking also needs to become
more specific to pharmacognosy. Future models should be assessed not

only by top-k accuracy or by whether predicted reactants match a

known answer, but also by whether the suggested route preserves
stereochemistry, uses plausible enzymatic or chemical transformations,
includes feasible conditions, avoids unrealistic protecting-group or
selectivity assumptions, and can be reproduced experimentally.
Human-in-the-loop validation should remain central, especially for
dense stereochemistry, unusual ring systems, and multifunctional
scaffolds. In practical terms, the next stage of the field should not aim
for fully autonomous natural-product synthesis. A more realistic goal is
an expert-guided Al workflow in which computational systems rank
compounds, genes, reactions, disconnections, analogues, and safety
risks, while pharmacognosists, synthetic chemists, medicinal chemists,
and plant biologists judge which predictions are chemically meaningful
and worth testing. Finally, Al-integrated pharmacognosy must remain
ethically and biologically grounded. Traditional medicinal knowledge,
regional biodiversity, and plant materials connected to specific
communities should not be treated simply as data to be extracted.
Future platforms should include transparent attribution, culturally
responsible data use, benefit-sharing considerations, and careful
documentation of geographical and ecological context.
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