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Medicinal	 plants	 represent	 an	 important	 reservoir	 of	 structurally	 diverse	 bioactive	 compounds	 with	 potential	
applications	in	drug	discovery,	disease	prevention,	and	therapeutic	development.	However,	the	identi�ication	and	
characterization	 of	 pharmacologically	 relevant	 phytochemicals	 remain	 challenging	 because	 of	 the	 chemical	
complexity	of	plant	extracts,	 variations	 in	phytochemical	composition,	 incomplete	documentation	of	 traditional	
medicinal	 knowledge,	 and	 limitations	 associated	 with	 conventional	 screening	 approaches.	 Recent	 advances	 in	
arti�icial	 intelligence	 (AI),	 machine	 learning	 (ML),	 metabolomics,	 and	 molecular	 modelling	 have	 created	
opportunities	 to	 accelerate	 the	 systematic	 discovery	 of	 plant-derived	 bioactive	 compounds.	 This	 examines	 an	
integrated	computational	and	experimental	framework	for	medicinal	plant	bioactive	discovery,	emphasizing	the	
convergence	of	ethnobotanical	databases,	metabolomics	pro�iling,	arti�icial	 intelligence,	and	molecular	docking.	
Ethnobotanical	information	provides	a	knowledge-based	foundation	for	prioritizing	medicinal	species,	plant	parts,	
traditional	 applications,	 and	 therapeutic	 indications.	 Metabolomics	 technologies,	 particularly	 liquid	
chromatography–mass	 spectrometry	 (LC–MS),	 gas	 chromatography–mass	 spectrometry	 (GC–MS),	 and	 nuclear	
magnetic	resonance	(NMR)	spectroscopy,	facilitate	the	comprehensive	identi�ication	and	characterization	of	plant	
metabolites.	 Arti�icial	 intelligence	 approaches,	 including	 supervised	 learning,	 unsupervised	 clustering,	 natural	
language	 processing,	 deep	 learning,	 and	 network-based	 prediction,	 can	 integrate	 heterogeneous	 datasets	 and	
identify	 relationships	 between	 phytochemical	 structures,	 biological	 targets,	 and	 pharmacological	 activities.	
Molecular	docking	and	molecular	dynamics	simulations	further	support	the	assessment	of	predicted	ligand–target	
interactions	and	 their	 structural	 stability.	The	 integration	of	 these	 technologies	offers	a	promising	 strategy	 for	
prioritizing	 candidate	 bioactive	 compounds,	 identifying	 potential	 molecular	 targets,	 and	 developing	 testable	
hypotheses	 for	 experimental	 investigation	and	challenges	associated	with	data	 standardization,	 ethnobotanical	
knowledge	 protection,	 metabolite	 annotation,	 model	 interpretability,	 computational	 reproducibility,	 and	
experimental	 validation	 remain	 important	 considerations.	 An	 integrated	 and	 ethically	 responsible	 AI-assisted	
discovery	framework	could	strengthen	evidence-based	medicinal	plant	research	and	contribute	to	the	development	
of	natural-product-inspired	therapeutic	candidates.
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1.	Introduction
Medicinal plants have played a substantial role in 
traditional healthcare systems and continue to 
contribute to the identi�ication of pharmacologically 
important natural products. Across different 
geographical regions, indigenous and traditional 
communities have developed extensive knowledge 
concerning the therapeutic applications of roots, 
leaves, �lowers, fruits, seeds, bark, and other plant-
derived materials. 

This knowledge represents an important starting 
point for scienti�ic investigations into plant-
associated secondary metabolites and their potential 
biological activities. Numerous medicinally relevant 
compounds belong to diverse chemical classes, 
including alkaloids, �lavonoids, terpenoids, phenolic 
acids, glycosides, tannins, and other specialized 
metabolites. Their structural diversity provides 
opportunities for investigating multiple biological 
pathways and identifying new molecular scaffolds for 
pharmaceutical development [1], the considerable 
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chemical and pharmacological diversity of medicinal 
plants, the systematic identi�ication of active 
constituents remains a complex process. Traditional 
approaches generally involve plant selection, 
extraction, preliminary phytochemical screening, 
c h r o m a t o g r a p h i c  s e p a r a t i o n ,  c o m p o u n d 
characterization, and biological evaluation. Although 
these methods have generated important discoveries, 
they may require substantial time, laboratory 
resources, and repeated experimental procedures. 
Furthermore, the biological activity of a crude extract 
is not necessarily attributable to a single compound. 
Different metabolites may exhibit  additive, 
synergistic, antagonistic, or metabolism-dependent 
effects, making the identi�ication of biologically 
relevant constituents particularly challenging [2]. 
Variations in geographical origin, environmental 
conditions, plant developmental stages, extraction 
procedures, and post-harvest handling further 
in�luence the chemical composition of medicinal 
plant materials.
The development of high-throughput analytical 
technologies has substantially improved the 
characterization of plant metabolites. LC–MS, GC–MS, 
and NMR-based metabolomics can generate 
extensive chemical datasets that describe the 
metabolic composition of plant samples. These 
technologies facilitate the identi�ication of known 
m e t a b o l i t e s ,  t h e  d e t e c t i o n  o f  p r e v i o u s l y 
uncharacterized chemical features,  and the 
comparison of metabolic pro�iles across species, 
tissues, developmental stages, and environmental 
conditions. However, metabolomics experiments 
frequently generate large and complex datasets that 
require advanced computational approaches for data 
p r o c e s s i n g ,  f e a t u r e  s e l e c t i o n ,  s t a t i s t i c a l 
interpretation, and biological annotation [3]. 
Arti�icial intelligence has emerged as a valuable 
computational approach for addressing these 
challenges. Machine learning algorithms can 
recognize patterns within large datasets, identify 
relationships between chemical structures and 
biological activities, classify plant metabolites, and 
predict potential protein targets. Deep learning 
approaches can further analyse complex molecular 
representations,  spectral  information,  and 
heterogeneous biological datasets. Natural language 
processing offers additional opportunities to extract 
medicinal plant information from ethnobotanical 
literature, historical records, scienti�ic publications, 
and biodiversity databases [4]. Consequently, AI-
assisted approaches can connect traditional 
medicinal knowledge with contemporary chemical 
and molecular investigations.
Molecular docking represents another important 
component of this integrated discovery process. It 
provides a computational framework for estimating 
the preferred orientation and potential interactions 
of small molecules within the binding sites of 
biological macromolecules. When combined with 
predicted bioactivities, metabolomics-derived 
chemical identities,  and disease-associated 
molecular targets, docking can help prioritize 
candidate compounds for further investigation. 
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Nevertheless, docking scores and predicted binding 
poses should not be interpreted as direct evidence of 
biological ef�icacy or therapeutic potential. 
Additional computational and experimental 
validation is necessary to establish the reliability of 
t h e s e  p re d i c t i o n s  [ 5 ] .  T h e  i n t e g ra t i o n  o f 
ethnobotanical knowledge, metabolomics, arti�icial 
intelligence, and molecular docking therefore offers 
an emerging multidisciplinary framework for 
medicinal plant research. Rather than treating these 
technologies as independent analytical methods, 
their coordinated application can facilitate the 
prioritization of medicinal species, identi�ication of 
candidate phytochemicals, prediction of molecular 
mechanisms, and selection of compounds for 
experimental evaluation. The scienti�ic foundations, 
c o m p u t a t i o n a l  m e t h o d o l o g i e s ,  p o t e n t i a l 
applications, limitations, and future perspectives of 
this integrated approach, with particular emphasis on 
its contribution to natural-product-based drug 
discovery.

2.	Ethnobotanical	Databases	as	a	Foundation	for	
Medicinal	Plant	Bioactive	Discovery
E t h n o b o t a n i c a l  r e s e a r c h  d o c u m e n t s  t h e 
relationships between human communities and plant 
resources ,  including tradit ional  medicinal 
applications, preparation methods, plant parts 
utilized, administration practices, and cultural 
signi�icance. Such information provides a valuable 
knowledge base for identifying medicinal species that 
warrant further pharmacological investigation. 
Traditional plant-use records can help researchers 
prioritize species based on historical therapeutic 
applications, frequency of reported use, geographical 
distribution, and the consistency of traditional 
knowledge across communities [6]. The scienti�ic 
value of ethnobotanical information extends beyond 
the identi�ication of medicinal plant species. 
Documentation of the plant part used, preparation 
technique, route of administration, and traditional 
indication can provide important contextual 
information for experimental design. For example, 
traditional preparations involving aqueous 
decoctions may have substantially different chemical 
pro�iles from organic-solvent extracts. Similarly, the 
medicinal properties attributed to leaves may not be 
chemically or pharmacologically equivalent to those 
of  roots ,  seeds,  or  bark.  Integrating these 
observations into bioactive discovery work�lows can 
improve the biological relevance of sample selection 
and extraction procedures.
Several digital resources support the documentation 
and retrieval of ethnobotanical and botanical 
information. The World Flora Online, Plants of the 
World Online ,  and the Global  Biodiversity 
I n f o r m a t i o n  Fa c i l i t y  p r o v i d e  t a x o n o m i c , 
nomenclatural, and biodiversity information that can 
assist in verifying plant identities and distributions. 
The Kew Medicinal Plant Names Services supports 
the standardization of medicinal plant nomenclature, 
while specialized ethnobotanical repositories and 
published literature provide information on 
traditional uses. 
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The NAPRALERT database is an important resource 
for natural-product and ethnomedical literature, 
subject to its access conditions. These resources differ 
in scope and data structure, and no single database 
should be assumed to contain comprehensive 
information on all traditional medicinal practices [7]. 
An important challenge in integrating ethnobotanical 
i n fo r m a t i o n  i s  t h e  i n c o n s i s te n c y  o f  p l a n t 
nomenclature. The same species may be recorded 
under different scienti�ic synonyms, local names, 
vernacular  terms,  or  historical  taxonomic 
classi�ications. Common names may also refer to 
multiple unrelated species across different 
geographical regions. Incorrect taxonomic matching 
can introduce substantial errors into subsequent 
chemical and pharmacological analyses. Therefore, 
accepted scienti�ic names, botanical author citations, 
taxonomic identi�iers, and voucher specimen 
information should be incorporated into digital 
datasets wherever possible.
Arti�icial intelligence, particularly natural language 
processing ,  can improve the  extract ion of 
ethnobotanical information from unstructured 
scienti�ic literature. Text-mining systems can identify 
scienti�ic plant names, traditional therapeutic 
indications, reported plant parts, preparation 
methods, and associated disease terminology. Named 
entity recognition and relation extraction can be used 
to construct structured datasets connecting plant 
species with their reported traditional applications. 
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For example, a computational system may identify 
statements describing the use of a particular leaf 
preparation for in�lammatory conditions and convert 
t h e  i n f o r m a t i o n  i n t o  a  s t r u c t u r e d 
plant–part–preparation–indication relationship [8]. 
Knowledge graphs provide another approach for 
organizing ethnobotanical information. In such 
systems,  medicinal  plants,  phytochemicals, 
traditional applications, biological targets, and 
d i s e a s e  p a t h w a y s  c a n  b e  r e p r e s e n t e d  a s 
interconnected entities. Relationships between these 
entities may facilitate the identi�ication of medicinal 
species that share chemical constituents or are 
traditionally used for similar conditions. Graph-based 
machine learning can subsequently identify 
potentially important connections that may not be 
apparent through conventional literature searches 
[9]. However, the digitization of traditional medicinal 
knowledge requires careful consideration of 
intellectual property, community consent, access 
restrictions, and bene�it-sharing. Traditional 
knowledge is not simply an unrestricted scienti�ic 
dataset. Some medicinal practices are community-
speci�ic, con�idential, or governed by customary 
systems of knowledge ownership. Researchers 
should therefore follow applicable national and 
international requirements, including the principles 
of access and bene�it-sharing under the Convention 
on Biological Diversity and the Nagoya Protocol. AI-
assisted ethnobotanical research should incorporate 
transparent data provenance and appropriate 
recognition of knowledge-holding communities.

Table	1:	Major	databases	and	computational	resources	supporting	AI-driven	medicinal	plant	bioactive	discovery

Source:	Compiled	from	the	respective	database	platforms.	Database	coverage,	access	conditions	and	available	records	may	vary.

3.	 Metabolomics-Based	 Characterization	 of	
Medicinal	Plant	Bioactives
Metabolomics involves the comprehensive analysis of 
small molecules present within biological systems 
and provides an important analytical foundation for 
medic inal  p lant  research .  Unl ike  targeted 
phytochemical  analys is ,  which  focuses  on 
p r e d e t e r m i n e d  c o m p o u n d s ,  u n t a r g e t e d 
metabolomics aims to characterize a broad range of 
metabolites within a sample. This approach is 
particularly useful for medicinal plants because their 
biological properties frequently arise from complex 
mixtures of primary and secondary metabolites.

3.1	Major	analytical	platforms
Liquid chromatography–mass spectrometry is widely 
employed for the separation and characterization of 
plant metabolites with different physicochemical 
properties. Reversed-phase LC–MS is particularly 
useful for analysing moderately polar and nonpolar 
compounds, including many �lavonoids, phenolic 
compounds, alkaloids, and terpenoids. Hydrophilic 
interaction liquid chromatography can complement 
reversed-phase methods by improving the detection 
of highly polar metabolites. High-resolution mass 
spectrometry provides accurate mass measurements 
and isotopic information that support molecular 
formula prediction and candidate annotation [10]. 
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Gas chromatography–mass spectrometry is 
particularly suitable for volatile and thermally stable 
compounds, as well as metabolites that can be 
converted into volatile derivatives through chemical 
derivatization. It is commonly applied to the 
characterization of essential oils, fatty acids, organic 
acids, sugars, and other low-molecular-weight 
metabolites .  GC–MS provides reproducible 
fragmentation patterns that can be compared with 
established spectral libraries to support compound 
identi�ication.  Nuclear magnetic resonance 
spectroscopy offers complementary structural 
information and is particularly valuable for 
con�irming molecular structures. Although NMR may 
have lower sensitivity than mass spectrometry for 
certain low-abundance metabolites, it provides 
highly reproducible spectral measurements and can 
support quantitative analysis without extensive 
compound-speci�ic calibration. Combining NMR with 
L C – M S  a n d  G C – M S  c a n  p r o v i d e  a  m o r e 
comprehensive understanding of medicinal plant 
metabolomes.

3.2	Data	processing	and	metabolite	annotation
Metabolomics datasets require multiple processing 
steps before biological interpretation. These 
generally include baseline correction, peak detection, 
chromatographic alignment, feature extraction, 
normalization, missing-value assessment, and signal 
correction. In LC–MS experiments, a metabolomic 
feature is commonly represented by a mass-to-charge 
ratio and retention time, while tandem mass 
spectrometry provides additional fragmentation 
information [10]. Metabolite annotation remains one 
of the major challenges in untargeted metabolomics. 
A mass feature may correspond to different structural 
isomers, adducts, isotopes, or in-source fragments. 
Therefore, accurate mass alone is generally 
insuf�icient for de�initive structural identi�ication. 
Spectral matching, retention-time information, 
fragmentation interpretation, reference standards, 
and orthogonal analytical techniques should be used 
to improve con�idence. Public resources such as 
MassBank,  GNPS,  METLIN,  and the Human 
Metabolome Database can support spectral 
comparison and metabolite annotation, although 
their coverage and suitability differ according to the 
s a m p l e  t y p e  a n d  a n a ly t i c a l  p l a t fo r m .  T h e 
Metabolomics Standards Initiative provides 
important  recommendations for  report ing 
metabolomics  experiments  and describing 
metabolite identi�ication con�idence.

3.3	AI-assisted	metabolomics	interpretation
Arti�icial intelligence can improve the interpretation 
of complex metabolomics datasets by identifying 
patterns, reducing dimensionality, and prioritizing 
features associated with particular biological 
conditions. Principal component analysis and 
hierarchical clustering are widely used exploratory 
techniques, while supervised machine learning 
approaches can distinguish samples according to 
species, plant parts, environmental conditions, or 
biological activity [11]. 
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Random forest, support vector machines, gradient 
boosting, and arti�icial neural networks can be used to 
identify metabolite features that contribute to sample 
classi�ication or predicted biological responses. Deep 
l e a r n i n g  m o d e l s  m ay  a l s o  a s s i s t  w i t h  t h e 
interpretation of tandem mass spectra and the 
prediction of molecular structures from spectral 
information. The integration of metabolomic pro�iles 
with biological assay results is particularly important. 
For example, a study may compare the chemical 
pro�iles of several plant extracts with their measured 
antioxidant, antimicrobial, or enzyme-inhibitory 
activities. Machine learning can then identify 
metabolite features associated with variation in 
biological responses. These associations can guide 
targeted isolation and subsequent experimental 
investigation [12]. However, metabolomics-based AI 
models require appropriate statistical design. Small 
sample sizes, batch effects, confounding variables, 
and data  leakage can generate  misleading 
predictions. Feature selection and model validation 
should be performed using appropriate training, 
validation, and independent test datasets. Cross-
validation must also respect biological replication 
and avoid  treat ing  technical  repl icates  as 
independent biological samples.

4.	Arti�icial	Intelligence	and	Machine	Learning	in	
Medicinal	Plant	Research
Arti�icial intelligence encompasses computational 
approaches designed to perform tasks that typically 
require aspects of human intelligence, including 
pattern recognition, prediction, classi�ication, and 
information extraction. Within medicinal plant 
research, AI can support the analysis of botanical, 
chemical, genomic, proteomic, pharmacological, and 
ethnomedical datasets. Machine learning provides 
algorithms that identify relationships within data, 
while deep learning employs multilayer neural 
networks to model complex patterns.

4.1	Supervised	learning	for	bioactivity	prediction
Supervised learning algorithms are trained using 
d a t a s e t s  c o n t a i n i n g  i n p u t  v a r i a b l e s  a n d 
corresponding known outcomes. In medicinal plant 
research ,  molecular  descriptors ,  chemical 
�ingerprints, spectral features, and biological assay 
measurements can be used to train models for 
predicting potential bioactivity [13]. Quantitative 
structure–activity  relationship models  are 
particularly relevant because they associate 
molecular characteristics with biological responses. 
Molecular descriptors may include molecular weight, 
lipophilicity, hydrogen-bond donors and acceptors, 
topological polar surface area, and structural 
�ingerprints. These characteristics can be used to 
predict potential pharmacological properties or 
prioritize compounds for experimental screening. 
Random forest algorithms are useful for identifying 
nonlinear relationships and ranking important 
molecular features. Support vector machines can 
classify compounds according to their predicted 
activity, while gradient-boosting approaches can 
improve predictive performance in appropriately 
designed datasets. 
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Nevertheless, predictions remain dependent on the 
quality, chemical diversity, and biological relevance of 
the training data.

4.2	 Unsupervised	 learning	 and	 metabolite	
clustering
Unsupervised learning identi�ies patterns in datasets 
without requiring prede�ined outcome labels. 
Principal  component analysis ,  hierarchical 
clustering, and other dimensionality-reduction 
methods can reveal similarities and differences 
between medicinal plant samples [14]. These 
methods can be used to compare metabolomic 
pro�iles across plant species, geographical locations, 
tissues, developmental stages, and extraction 
conditions. Clustering may also reveal groups of 
metabolites that consistently occur together, 
suggesting shared biosynthetic pathways or common 
responses to environmental conditions. More 
advanced approaches, including t-distributed 
stochastic neighbor embedding and uniform 
manifold approximation and projection, can assist in 
visualizing high-dimensional datasets, these 
visualization techniques should not be interpreted as 
direct evidence of biological relationships without 
appropriate statistical evaluation.

4.3	Deep	learning	and	molecular	representation
Deep learning methods are increasingly relevant to 
molecular informatics because they can learn 
complex representations from molecular structures, 
chemical �ingerprints, and spectral data. Graph neural 
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networks represent molecules as graphs in which 
atoms correspond to nodes and chemical bonds 
correspond to edges. These representations can 
capture structural relationships that may be less 
directly represented by conventional molecular 
descriptors [15]. Convolutional neural networks and 
transformer-based architectures can also be applied 
to chemical and spectral data. Their potential 
applications include metabolite classi�ication, 
molecular  property  predict ion ,  compound 
prioritization, and the identi�ication of chemical 
patterns associated with particular biological 
activities.

4.4	Natural	 language	processing	and	knowledge	
extraction
Natural language processing offers an important 
bridge between ethnobotanical literature and 
computational drug discovery. Scienti�ic publications, 
pharmacopoeias, ethnomedicinal surveys, and 
historical botanical records contain substantial 
information that may not be available in structured 
databases [16]. Named entity recognition can identify 
medicinal plant species, phytochemicals, diseases, 
and biological targets. Relation extraction can 
determine whether a particular compound was 
reported in a speci�ic plant or whether a particular 
species was traditionally used for a de�ined 
therapeutic purpose. Large language models may 
assist with document screening, terminology 
harmonization,  and preliminary knowledge 
extraction, but their outputs require veri�ication 
against original sources.

Table	2:	Arti�icial	intelligence	and	computational	approaches	for	medicinal	plant	bioactive	discovery

Abbreviations:	AI,	arti�icial	intelligence;	PCA,	principal	component	analysis;	QSAR,	quantitative	structure–activity	relationship;	MS/MS,	tandem	
mass	spectrometry;	SHAP,	Shapley	additive	explanations;	LIME,	local	interpretable	model-agnostic	explanations.

5.	Integration	of	Ethnobotanical	and	Metabolomic	
Databases
The integration of ethnobotanical and metabolomic 
datasets provides an opportunity to move from 
traditional plant-use documentation toward 
c h e m i c a l ly  i n fo r m e d  b i o a c t ive  d i s c ove r y. 
Ethnobotanical data can guide the selection of 
species, plant parts, and biological activities, whereas 
metabolomics can provide detailed information 

about the chemical constituents of selected materials. 
A practical integration framework begins with 
b o t a n i c a l  a u t h e n t i c a t i o n  a n d  t a x o n o m i c 
standardization. Each plant specimen should be 
associated with an accepted scienti�ic name, 
collection location, collection date, plant part, and 
voucher specimen identi�ier. 
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Ethnobotanical information can then be connected to 
the corresponding taxonomic record using 
standardized identi�iers.
Metabolomics data should subsequently be linked to 
the authenticated plant material. Each metabolite 
record should include the analytical platform, mass-
to-charge ratio, retention time, fragmentation 
information, annotation con�idence, and reference 
database where applicable. When available, 
experimentally con�irmed chemical structures 
should be distinguished from tentative annotations 
[17]. An integrated database can then connect several 
information categories, including plant species, 
geographical origin, traditional uses, plant parts, 
extraction methods, chemical constituents, biological 
assay results, molecular targets, and computational 
predictions. Knowledge graphs can provide a useful 
architecture for representing these relationships.
For example, a medicinal plant traditionally used for 
in�lammatory conditions may be prioritized for 
metabolomic analysis. LC–MS pro�iling may identify 
several  candidate � lavonoids and phenolic 
compounds. Bioactivity data from related compounds 
may then be used to train or apply machine learning 
models to prioritize metabolites associated with 
in�lammatory pathways. Molecular docking can 
subsequently evaluate the predicted interactions of 
selected compounds with relevant protein targets.

6.	 Molecular	 Docking	 in	 the	 Identi�ication	 of	
Potential	Plant-Derived	Bio-actives
Molecular docking is a computational method used to 
investigate the potential binding orientation of small 
molecules within the active or binding sites of 
macromolecular targets. In natural-product research, 
docking can help prioritize phytochemicals for 
further investigation by assessing their possible 
interactions with proteins associated with selected 
biological pathways.

6.1	 Selection	 and	 preparation	 of	 molecular	
targets
The selection of a protein target should be based on a 
clearly de�ined biological hypothesis. Targets may be 
selected from established disease-associated 
pathways, experimental literature, or validated 
molecular mechanisms. Protein structures can be 
obtained from the Protein Data Bank, which provides 
experimentally determined macromolecular 
structures, including X-ray crystallographic, NMR, 
and cryo-electron microscopy structures. Protein 
preparation generally involves assessing structural 
integrity, identifying relevant binding sites, 
addressing missing residues or atoms where 
necessary, assigning appropriate protonation states, 
and preparing the structure for docking. The 
presence of cofactors, metal ions, water molecules, 
and other structural components should be 
considered according to the biological system and 
docking protocol.

6.2	Preparation	of	phytochemical	ligands
Candidate phytochemicals identi�ied through 
metabolomics can be converted into suitable 
molecular structures for docking. 
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Chemical structures may be obtained from resources 
such as PubChem, provided that the database record 
corresponds to the experimentally supported 
metabolite identity [7]. Ligand preparation involves 
checking molecular connectivity,  assigning 
stereochemistry, generating relevant protonation 
states, and performing energy minimization. 
Particular attention should be given to natural 
products containing multiple stereo-centres, 
glycosidic linkages, or �lexible substituent groups 
because incorrect structural representation can 
substantially affect docking outcomes.

6.3	Docking	algorithms	and	interaction	analysis
Software packages such as AutoDock Vina are widely 
used for molecular docking. Docking algorithms 
explore possible ligand orientations and estimate 
binding af�inity using scoring functions. Predicted 
binding poses can be analysed to identify hydrogen 
bonds, hydrophobic interactions, electrostatic 
contacts ,  aromatic  interactions,  and other 
noncovalent associations.
The predicted binding energy can provide a 
comparative measure within a consistently designed 
docking experiment. The docking scores are 
approximate computational estimates and should not 
be treated as experimentally measured binding 
af�inities. Comparisons should ideally include known 
ligands, suitable negative controls, and validated 
d o c k i n g  p r o t o c o l s  [ 8 ] .  R e d o c k i n g  a 
crystallographically observed ligand into its original 
binding site is one approach for evaluating whether 
t h e  d o c k i n g  p ro c e d u re  c a n  re p ro d u c e  a n 
experimentally established binding orientation. 
Additional validation may include comparison with 
known active and inactive compounds or enrichment 
analysis using an appropriately curated dataset.

6.4	Molecular	dynamics	and	binding	stability
Molecular dynamics simulations can provide 
additional information about the structural stability 
of protein–ligand complexes over time. Unlike 
conventional docking, which generally produces 
static binding poses, molecular dynamics simulations 
investigate the movement of atoms under a speci�ied 
force �ield and simulation environment [9]. The 
analysed parameters include root mean square 
deviation, root mean square �luctuation, radius of 
gyration, hydrogen-bond persistence, and solvent-
accessible surface area. Binding free-energy 
estimation methods, including molecular mechanics 
Poisson–Boltzmann surface area and molecular 
mechanics generalized Born surface area, may also be 
a p p l i e d  w i t h  a p p ro p r i a t e  m e t h o d o l o g i c a l 
consideration. Molecular dynamics results should be 
interpreted within the limitations of the simulation 
model, force �ield, solvent representation, and 
simulation duration. A stable simulated complex does 
not independently establish biological activity, target 
engagement, or therapeutic ef�icacy.

7.	 AI-Assisted	 Integration	 of	Molecular	 Docking	
and	Bioactivity	Prediction
The integration of AI with molecular docking can 
i m p r o v e  t h e  p r i o r i t i z a t i o n  o f  c a n d i d a t e 
phytochemicals by combining chemical, biological, 
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and structural information. Instead of relying 
exclusively on docking scores, an integrated 
prediction framework may consider molecular 
descriptors, metabolite annotation con�idence, 
predicted target associations, known bioactivity 
information, and structural interaction patterns. 
Machine learning models can be trained using 
experimentally characterized ligand–target datasets 
to  p re d i c t  p o te n t i a l  i n te ra c t i o n s  b e t we e n 
phytochemicals and proteins. Chemical �ingerprints, 
molecular graphs, and protein sequence or structural 
representations may serve as model inputs. Deep 
learning approaches can further identify complex 
relationships between ligand structures and target 
proteins [12]. Network pharmacology offers a 
complementary approach by connecting medicinal 
plants, phytochemicals, molecular targets, and 
disease-associated pathways. Plant may contain 
several compounds that potentially interact with 
multiple proteins, while a particular protein may be 
in�luenced by metabolites from different species. 
Such networks can help generate hypotheses about 
multi-component and multi-target effects. However, 
network connectivity and predicted target 
associations should not be interpreted as proof of 
pharmacological synergy. Demonstrating synergy 
requires appropriately designed experimental 
studies, including dose–response analyses and 
suitable combination-effect models. Similarly, 
computational target prediction should be followed 
by biochemical, cellular, or other relevant biological 
assays.

8.	 Potential	 Applications	 in	 Medicinal	 Plant-
Based	Drug	Discovery
The integrated application of ethnobotanical 
databases, metabolomics, AI, and molecular docking 
has potential applications across several therapeutic 
research areas. These applications should be 
understood as research opportunities rather than 
established clinical outcomes.

8.1	Antioxidant	and	anti-in�lammatory	bioactive	
discovery
Medicinal plants contain numerous phenolic acids, 
�lavonoids, and other secondary metabolites that 
have been investigated for antioxidant and anti-
in�lammatory activities. Metabolomics can identify 
compounds associated with variation in antioxidant 
capacity, while machine learning can prioritize 
features associated with measured biological 
responses. Molecular docking may subsequently 
investigate their potential interactions with proteins 
involved in in�lammatory signalling, including 
cyclooxygenases, lipoxygenases, and selected 
in�lammatory regulatory proteins. Nevertheless, 
antioxidant activity measured through chemical 
assays does not necessarily translate into antioxidant 
effects in living systems. Cellular uptake, metabolism, 
bioavailability, and the biological context must be 
considered before drawing conclusions about 
therapeutic relevance.
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8.2	 Antimicrobial	 and	 antifungal	 compound	
discovery
The increasing concern regarding antimicrobial 
resistance has strengthened interest in natural 
products as sources of potential antimicrobial agents. 
AI-assisted metabolomic analysis can help prioritize 
p lant-derived compounds  associated  with 
antimicrobial activity. Docking may be used to 
investigate potential interactions with microbial 
enzymes, membrane-associated proteins, or other 
validated molecular targets [13]. Experimental 
evaluation should include standardized antimicrobial 
susceptibility testing, appropriate reference 
compounds, and assessment of cytotoxicity in 
relevant host cells. Predicted interactions alone 
cannot establish antimicrobial ef�icacy.

8.3	Antidiabetic	and	metabolic	disease	research
Medicinal plants have been investigated for their 
potential in�luence on carbohydrate metabolism, 
insulin signalling, lipid regulation, and oxidative 
stress. Computational screening may prioritize 
phytochemicals for investigation against targets such 
as alpha-glucosidase, alpha-amylase, and selected 
proteins involved in metabolic regulation [15]. The 
integration of  ethnobotanical  reports with 
metabolomic pro�iling may help identify species and 
chemical constituents that warrant further 
investigation. However, the clinical management of 
diabetes requires evidence from controlled 
pharmacological and clinical studies, and traditional 
use or computational prediction should not be 
considered evidence of clinical effectiveness.

8.4	 Neuroprotective	 and	 neuropharmacological	
research
Plant-derived compounds are also investigated for 
their potential interactions with molecular pathways 
associated with neuroin�lammation, oxidative stress, 
neurotransmission, and neurodegeneration. AI-
assisted target prediction can help prioritize 
phytochemicals for selected neurological targets, 
while molecular docking can provide an initial 
assessment of possible ligand–protein interactions 
[2]. Further evaluation should consider blood–brain 
barrier permeability, metabolic stability, toxicity, and 
pharmacokinetic properties. These factors are 
particularly important because computational 
binding predictions do not establish that a compound 
can reach the relevant biological compartment.

8.5	Anticancer	natural-product	research
Natural products have historically contributed 
important molecular scaffolds to anticancer drug 
discovery. Metabolomics and AI can support the 
identi�ication of candidate plant metabolites 
associated with cytotoxic or antiproliferative activity. 
Molecular docking may be used to investigate their 
potential interactions with proteins involved in cell-
cycle regulation, apoptosis, DNA repair, and 
oncogenic signalling [3]. However, the distinction 
between general cytotoxicity and selective anticancer 
activity is essential. 
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Candidate compounds should be evaluated using 
appropriate cancer and noncancer cell models, 
c on c en t ra t ion – resp on se  ex p erim en t s ,  a n d 
mechanistic assays before any claims regarding 
anticancer potential are made.

9.	 Proposed	 Integrated	Work�low	 for	 AI-Driven	
Medicinal	Plant	Bioactive	Discovery
A  s y s t e m a t i c  w o r k � l o w  c a n  i m p r o v e  t h e 
reproducibility and scienti�ic reliability of AI-assisted 
medicinal plant research. The proposed framework 
integrates botanical authentication, ethnobotanical 
knowledge extraction, metabolomic pro�iling, 
computational prioritization, and experimental 
validation.

Stage 	 1 : 	 Medic inal 	 p lant 	 se lect ion 	 and	
authentication. Candidate species are selected using 
ethnobotanical evidence, biodiversity information, 
literature reports, and research objectives. Botanical 
identity is con�irmed through taxonomic veri�ication 
and voucher specimen documentation.

Stage	 2: 	 Ethnobotanical	 data	 extraction. 
Traditional uses, plant parts, preparation methods, 
geographical information, and reported therapeutic 
indications are collected from reliable sources. NLP-
based approaches can assist in extracting and 
structuring information from scienti�ic publications 
and other authorized resources.

Stage	 3:	 Plant	 extraction	 and	 metabolomic	
pro�iling.  Authenticated plant materials are 
processed using standardized extraction procedures. 
LC–MS, GC–MS, and/or NMR are employed to 
characterize chemical constituents. Appropriate 
analytical quality-control samples and reference 
standards are included.

Stage	 4:	 Metabolite	 identi�ication	 and	 data	
curation. Raw analytical data are processed, and 
chemical features are annotated using spectral 
libraries and relevant chemical databases. Metabolite 
identi�ication con�idence is recorded, distinguishing 
con�irmed structures from tentative assignments.

S tage 	 5 : 	 A I - a s s i s ted 	 da ta 	 i n tegra t i on . 
Ethnobotanical information, metabolomic pro�iles, 
chemical structures, and biological assay results are 
integrated. Machine learning models are used to 
identify patterns, prioritize compounds, and predict 
potential bioactivities.

Stage	6:	Molecular	target	identi�ication. Biological 
targets are selected using established literature, 
curated target databases, and validated pathway 
information. Predicted target associations are 
evaluated for biological relevance.

Stage	 7:	 Molecular	 docking	 and	 structural	
evaluation. Selected phytochemicals are prepared as 
ligands and evaluated against suitable protein 
structures. Docking protocols are validated using 
appropriate controls, and predicted interactions are 
analysed.
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Stage	8:	Molecular	dynamics	and	computational	
assessment. Selected protein–ligand complexes may 
be subjected to molecular dynamics simulations and 
additional structural or energetic analyses.

Stage	 9:	 Experimental	 validation. Prioritized 
compounds are isolated or obtained as reference 
materials and evaluated using relevant biochemical, 
cellular, or microbiological assays. Mechanistic 
studies and toxicity assessment are conducted where 
appropriate.

Stage	 10:	 Reproducibility	 and	 data	 sharing. 
Analytical methods, computational parameters, 
software versions, model performance, source 
datasets, and experimental �indings are documented 
to support independent veri�ication.

10.	Major	Challenges	and	Methodological	
Limitations
Although AI-assisted discovery offers substantial 
opportunities, several methodological challenges 
may affect the reliability and interpretation of results.

10.1	Incomplete	and	heterogeneous	
ethnobotanical	information
Ethnobotanical databases vary in geographical 
coverage, documentation quality, taxonomic 
accuracy, and reporting standards. Traditional 
medicinal applications may be described using local 
terminology that cannot always be directly translated 
into modern biomedical disease classi�ications. 
Furthermore, historical records may contain 
incomplete information about plant identity, dosage, 
preparation, or administration. Standardized data 
collection and the preservation of  original 
terminology are therefore important. AI-based 
extraction should retain links to the original sources 
and should not convert traditional use claims into 
established therapeutic indications.

10.2	Uncertainty	in	metabolite	identi�ication
Metabolomic analysis frequently produces large 
numbers of molecular features, but not all features 
can be con�idently identi�ied. Isomeric compounds, 
overlapping signals,  adduct formation,  and 
incomplete reference libraries can complicate 
annotation. AI-based structural prediction may help 
prioritize candidate identities, but experimental 
con�irmation using authentic standards and 
orthogonal analytical methods remains important.

10.3	Limited	training	datasets	and	model	
generalizability
Machine learning models require suf�iciently large, 
diverse, and accurately labelled datasets. Natural-
product datasets often contain imbalanced chemical 
classes, inconsistent bioactivity measurements, and 
limited information on inactive compounds. Models 
trained on synthetic pharmaceutical compounds may 
not generalize effectively to structurally complex 
natural products. Independent validation, scaffold-
based dataset splitting, uncertainty estimation, and 
applicability-domain assessment can improve 
con�idence in predictive performance.
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10.4	Interpretability	and	reproducibility
Complex deep learning models may provide 
predictions without clearly explaining the chemical 
or biological characteristics responsible for their 
outputs. Explainable AI methods, including feature 
attribution and model interpretation techniques, can 
help researchers evaluate predictive relationships. 
H o w e v e r,  f e a t u r e  i m p o r t a n c e  s h o u l d  n o t 
automatically be interpreted as evidence of a causal 
biological mechanism. Reproducibility also requires 
detailed reporting of data sources, preprocessing 
procedures, model architecture, hyperparameters, 
software versions, and validation methods.

10.5	Limitations	of	molecular	docking
Molecular docking provides an approximation of 
potential ligand–protein interactions and is 
in�luenced by protein �lexibility, protonation states, 
solvent effects, binding-site selection, and scoring-
function limitations. Large and �lexible natural 
products may be particularly challenging to model 
accurately. Therefore, docking should be treated as a 
prioritization technique rather than a de�initive 
measure of binding af�inity or pharmacological 
activity.

10.6	Ethical	and	regulatory	considerations
The use of traditional medicinal knowledge in 
computational drug discovery raises questions 
concerning consent ,  intel lectual  property, 
community recognition, and equitable bene�it-
sharing. Researchers should comply with applicable 
national biodiversity legislation and access-and-
bene�it-sharing frameworks. AI systems should also 
be designed to minimize the unauthorized disclosure 
of con�idential traditional knowledge and should 
clearly identify the provenance of their training data.

12.	Conclusion
Arti�icial intelligence-driven medicinal plant research 
offers an emerging framework for integrating 
traditional knowledge with contemporary analytical 
and computational technologies. Ethnobotanical 
databases provide a foundation for selecting 
medicinal  species and understanding their 
traditional applications, while metabolomics 
facilitates the systematic characterization of their 
chemical constituents. Machine learning and deep 
learning can identify complex relationships among 
plant metabolites, biological activities, and molecular 
targets, whereas molecular docking and molecular 
dynamics simulations provide additional structural 
evidence for prioritizing candidate compounds. The 
strength of this integrated framework lies in its 
capacity to connect different levels of evidence within 
a coordinated discovery process.  However, 
computational predictions must be interpreted 
cautiously, particularly when metabolite identities 
are tentative, training datasets are limited, or 
molecular docking results lack experimental 
con�irmation.  When supported by rigorous 
experimental investigation, AI-assisted approaches 
m ay  s u b s t a n t i a l ly  i m p rove  t h e  e f � i c i e n c y, 
reproducibility, and scienti�ic value of medicinal plant 
b ioact ive  discovery  and contr ibute  to  the 
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d e ve l o p m e n t  o f  n a t u ra l - p ro d u c t - i n s p i re d 
therapeutic candidates.
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