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1. INTRODUCTION

Artificial intelligence (Al) is based on computer
science that studies intelligent machine learning
and computer programs and provides relative
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Abstract

Artificial intelligence (Al) is a branch of computer science that studies
intelligent machine learning, including various advanced tools capable of
mimicking human intelligence. Al plays an important role in the research
field, especially in new drug discovery. Al can tackle many disciplines,
including computer science, psychology, and philosophy. Al can work in
various fields including science, technology and the pharmaceutical as
well as natural science sector to improve efficacy and productivity. Al is
now widely used in many industries and research fields because of the
high-performance of computer hardware, ample storage, easily available
software, and also be a cost effective. In recent years, the continuous
advances in Machine learning (ML) algorithms have led to the
development of Deep learning (DL) techniques with stronger capabilities
in handling big data, which can further assist in identifying natural
products and validation of computer-assisted lead identification. This
review mainly summarized the rational application and advantages of Al
based models to enhance the drug discovery process, including the Natural
drug discovery and optimizing drug structures through ML/DL
computational tools.

Keywords: - Artificial intelligence, big data and application of ML/DL
based Al models, Natural products, future perspectives, and conclusion.

results for the human process [1]. It is a system-
based technology that includes various advanced
tools and can mimic human intelligence [2]. Al is
based on computers that perform complex tasks,
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analyze large datasets, and interpret those using
algorithms [3, 4]. It is used in various research
fields and industries for easy to processing and
reduced to human errors. Additionally, Al can
reveal data structures that are difficult to obtain
from other sources [4]. Al gained intention and is
widely used by chemists to do numerous tasks in a
drug development phase, to predict molecular
properties, and to estimate the bioactivity of
molecules [5]. Now in the rapid development of
machine learning and the wide range of data stored
in databases and archives in cloud computing,
researchers can gain access to large amounts of
data and integrate AI/ML approaches into their
tasks. A branch of artificial intelligence called
machine learning (ML) involves the gathering of
complex data and mathematical formulas, which
humans implement through algorithms to solve
numerous types of problems [6]. ML algorithms
can be easily and effectively implemented at very
large scales in the cloud at fordable at a low cost.
The World Wide Web internet is overflowing
called the “data flood”, which is the digitization of
various data types like text, images, audio, and
biometrics from sensor devices and wearables into
online public figures and proprietary [6, 7]. E-VI
is an Al platform created by Euler’s that uses
machine learning algorithms in a user-friendly
interface  to  generate insights for the
pharmaceutical industry. This platform creates
analytical roadmaps that focus on rivals, key
stakeholders, and market share, helping predict the
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main factors influencing sales. Recently, Al has
become a core component in the pharmaceutical
industry, with applications ranging from drug
discovery to patient care. These advancements
enable more precise predictions, enhance decision-
making, and streamline complex processes,
making Al indispensable in both technical and
scientific areas [8]. The lack of advanced
technology slows down the medication
development process, making it costly and time-
consuming which can be solved with Al. Al can
help to speed up the research, analyze the data
faster, and predict outcomes more accurately [9].
Al can identify hit and lead compounds, validate
the drug targets more rapidly, and improve drug
structure design [1, 10]. For example, Al
clustering techniques have helped in de novo
molecular design, predicting which proteins will
respond to certain drugs, and identifying different
cell types in images. A standout example is the
U.S. Company Insilco, which found novel
medicine compounds using the Al platform
GENTRL (Generative Tensorial Reinforcement
Learning). In just 46 days, GENTRL discovered
six kinase inhibitors that block the discoid receptor
1 and target lung fibrosis [11]. Al work in the field
of drug discovery using various computational-
based Al tools used in drug design, identification
of  pharmacological activates Al-based
determination  of drug target pathway,
Identification of drug therapeutic and drug
screening mentioned in Fig. 1.
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Figure 1: Computational-based Al is used in the drug discovery and identifying medicinal and pathological

properties.
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Al can effectively identify lead and hit
compounds, and provide drug target validation and
optimization of drug structure design, chemical
synthesis, drug screening, poly pharmacology and
drug repurposing. The use of Al in natural product
research is a young one that could completely
transform the process of finding new medications
[12]. Natural products (NPs) that have been used
in medicine, cosmetics, dyes, and, perfumes since
ancient times. NPs made from natural occurring
source such as plants, animals, microorganisms,
and marine sources [13]. NPs are primarily
understood to be unique structures that interact
with therapeutically important for the targeting of
protein. Their structural diversity and biological
continue to encourage the synthesis of small
molecules [14]. Al system can be trained to
evaluate large volumes of data, spot trends,
identify patterns and make predictions, which
helps to speed up the discovery of novel substance
with potential therapeutic activities [15]. Al is a
better scope for the production of the highest
quality of nutraceuticals & Microalgae which is
considered as a potential source of protein,
carbohydrate, fatty acids, vitamins, amino acids,
lute in, antioxidants, other health beneficial
product [16]. Over the years, chemo-informatics,
bioinformatics, and other informatics have played
a major role in drug discovery in natural products,
contributing extensively [17, 18].

2. REVIEW METHODOLOGY

This narrative review was developed through
targeted searches of PubMed/PubMed Central,
ScienceDirect, Nature Portfolio and relevant
publisher webpages, supplemented by reference-
list checking of key review and primary research
articles. Searches were conducted on 26 October
2026 and focused on literature published from
January 2000 to October 2026. Search terms were
combined using Boolean operators, including:
("artificial intelligence" OR "machine learning"
OR "deep learning" OR "generative model") AND
("natural product” OR phytochemical OR
"medicinal plant") AND ("drug discovery" OR
bioactivity = OR  "virtual  screening" OR
metabolomic OR "genome mining"). Additional
targeted searches combined terms such as "natural
product"” AND ("biosynthetic gene cluster" OR
dereplication OR "mass spectrometry” OR NMR
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OR extraction OR phenotyping). Searches were
intended to identify relevant literature for a
narrative synthesis and were not designed as an
exhaustive systematic search. Publications were
considered relevant when they described
AI/ML/DL methods applied directly to natural-
product discovery, phytochemical analysis,
medicinal-plant identification or cultivation linked
to phytochemical quality, bioactivity prediction, or
natural-product-inspired drug design. General
crop-monitoring studies without a clear connection
to medicinal plants or natural-product production
were not treated as central evidence. Duplicate
records and publications lacking a clear
connection to the review scope were not discussed.
Relevance was judged qualitatively from the study
objective, dataset/source description, model or
experimental methods, validation strategy,
reported outcomes and limitations. Where
reported, model performance metrics and
experimental confirmation were distinguished
from computational predictions. No formal risk-
of-bias tool, meta-analysis, or independent dual-
reviewer screening protocol was applied;
therefore, the manuscript is presented as a
narrative review and not as a systematic review.

2.1 BIG DATA AND ARTIFICIAL
INTELLIGENCE FOR DRUG DISCOVERY

The term ‘Big Data” refers to the huge amount of
organized and unstructured data that comes from
various sources like social media, transactional
systems and different devices. Big data as a
process used to store, manage and analyze large,
complex data in a sets [19]. The healthcare
industry is moving towards precision medicine due
to the increasing role of big data and biomedical
research. Artificial intelligence is also analyze
large biological data seats, leading to the
development of high-throughput sequencing
strategies for precision medicine [20]. The trend of
modern medical devices and information
technology led to rapidly increase in the amount of
data available so the protection of information is
required. Know recent advancement of data
storage used “Big data technology” [21]. The
development  of  RNA-sequencing,  high-
throughput sequencing (HTS) and microarray
technologies generated enormous amounts of
biomedical data. The two tightly integrated
databases are makeup Array Express repository,
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which area query-optimized Array Express data
warchouse and the archive-style. In 2005, Array
express contains gene expression and other
microarray data almost 35,000 hybridizations,
comprising over 1200 studies, covering 70
different  species [22].  Furthermore, the
development of AI has much easier to analyze
large amounts of data because of a various
machine learning algorithm. For example, the
cancer Genome Atlas (TCGA) is one of the largest
cancer research projects, gathering and sharing
genetic information on over 11,000 people with
more than 30 different cancer types. The TCGA
program provides a data on gene sequences,
expression levels, chemical changes, and gene
copy variations, which help for the scientists
worldwide better understand cancer and developed
treatments [23]. Gene expression is a key feature
that is often used to identify the target genes,
understand disease mechanisms and detect the
gene which is responsible for the disease. Gene
expression data for many diseases have been
collected large amounts using microarray and

RNA-seq methods. This data is stored and shared
through the NCBI Gene Expression omnibus
(GEO) platform [24]. Drug development is a very
expensive and long process; in contrast,
medications that have been repositioned or
repurposed may be introduced into clinical
practice more quickly and for a lot less money.
The strategies use data from Genome-Wide
Association Studies (GWAS), which are created
for medication repositioning and also useful to the
determination of complex disorders by genomic
variants [25]. GWAS technology enable to
effective screening of molecular markers that
significantly influence the phenotype [26]. Han et.
al.,(2019) created a supervised machine learning
tool, which can identify driver genes associated
with cancer and conducted, objective benchmark
analysis and Driver ML comparisons with 20 other
tools in use across 31 different datasets from
(TCGA) [27]. Drug discovery using big data and
artificial intelligence involves various steps as
shown in Fig. 3.

| Application of Big Data for Drug Designing and Discovery
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Figure 2: Big data useful for drug discovery and drug design. Many data repositories have been established due to
the identification and storage of various publications such as biological and chemical research data, preclinical,
clinical experimental data, metabolomics, gene ontology, and pathway data.
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For example, Chem Spider, ChEM BL and PubChem databases are used for the synthesis and screening of
compounds. In place of quantum mechanical computations, information present in the previously
mentioned databases was selected and the information was filtered based on Pharmacokinetics,
Pharmacodynamics and physiochemical characteristics. Along with toxicity analysis collected the high-
throughput screen data performed the ADMET analysis and PAIN calculations. Additional study, the
filtered compounds were analyzed using artificial intelligence models, molecular dynamics simulations,
and quantitative models. The final compounds were identified and validated through in vitro and in vivo
experiments.

Protein Data Bank (PDB), those data are often used to study protein-ligand interactions, helping to find
out suitable inhibitors for target proteins. For COVID-19 research, PDB data support molecular docking
and ML methods to identify inhibitors of the 3CL protease, a crucial protein in the virus. The crystal
structure of the protease, which provides a detailed 3D model, was published by Xu et al. (2020) [28]. In
drug design and discovery, making connections between chemical structures and their biological activities
and understand their physical and chemical characteristics is essential for effective drug formulation and
development. Various ML techniques introduced into QSAR modeling enhance the outlier prediction of
models, such as the VEGA platform [29-31]. Zebra fish AC50 modeling is the type of QSAR model that
determined the embryo toxicity in zebra fish [32]. The QSAR-Co model is an open-source software
designed to develop robust classification models for multitasking or multi-target applications [33]. The
FL-QSAR model is a federated learning based QSAR prototype, therefore encouraging the growth of
cooperative, private-preserving drug discovery that can extend its ability to other privacy-related
biomedical domains [34].

Transformer-CNN QSAR model [35], Cloud 3D-QSAR model has been developed to virtually evaluate
the activity of multiple compounds, helping to reduce the time and labor costs associated with chemical
synthesis and experimental analysis [36]. QSAR models based on AI/ML algorithms are able to overcome
the constraints imposed by previous methods. Hologram-based QSAR (HQSAR) and group-based QSAR
(G-QSAR) an QSAR model with AI/ML have accelerated the drug discovery process [37].

Nano-QSAR model for predicting the cytotoxicity of metal-based and metal-oxide nanoparticle (MBNPs
and MONPs) [38]. Monte Carlo based global QSAR (CORAL) modeling of Bruton tyrosine kinas’
inhibitors using hybrid descriptors; the Monte Carlo algorithm of CORAL software using the DCW hybrid
descriptors derived from molecular SMILES notation [39]. The modeling of QSAR is a popular
computational method with many uses for wide verity of applications.

However, a significant of conventional QSAR modeling is that models is constructed using a small
number of theoretical and experimental conditions. To overcome this, new computational techniques
known as multitasking or multi target QSAR (mt-QSAR) approaches have surfaced. These tools can
combine multiple data points into a single model of biological and chemical data, enhancing and
increasing the validity of this type of modeling.

The MT-QSAR differential model was developed using a large and heterogeneous database of
compounds. Halder ef al.,(2021) has been developed a QSAR-Co-X, an open source toolkit that supports
mt-QSAR modeling using the Box-Jenkins moving average approach [40]. Various Al-generated tools
and models are shown in Table 1.
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Table 1: - Use of Al tools and algorithms, such as DL and ML approaches, in drug discovery

Tools and . o
software’s Explanation Method Application References
SAR model
An online tool designed to create Design molecular structures, arrange
Cloud 3D ntitative structure-activit molecules, calculate molecular
ou - | quantitatiy Jacivity Machine-learning interaction field (MIFs), and analyze [41]
QSAR relationship models for drug . .
. results to deliver comprehensive
discovery. .
solutions.
The Mont.e Carlo Method acts as Examine the harmful effects of dioxin
a mechanism for formulating and related compounds to assist in
CORAL predictive Qqaptltatlvq Strugture- Molecular descriptors choosing effective treatments for [42-44]
property/Activity relationships neurodesencrative diseases
(QSPR/QSAR). g '
It is used to automatically analyze
Chem- Optical Character Recognition- Machine learning and | images and convert them into chemical [45]
Grapher Device of chemical compounds. Deep learning graph structures, which can be beneficial
for drug discovery applications.
YZS-model - . . . . -
Predictive model for organic Drug | Machine Leaning, | Predict the drug molecule solubility [46]
solubility. Deep learning based on graph conventional network.
Chem-MORT ..
. . . They are used to optimize unfavorable
Automatic ADMET optimizer. Deep learning ADMT characteristics. [47]
An online pinelinine platform for RDkit or Chemopy Producing of SAR classification models
Chem SAR p1p Ep package, scikit-learn | for chemo informatics and other [48]
molecular SAR modeling. . . .
package biomedical applications.
Drug repurposing
Important insights into the interactions
Prioritizing drug diseases using a . . between drugs, targets, and them, not
. . Machine learning, o . .
DrugNet network and combining diverse . only within specific drug-target pairs but [49]
Deep learning . > .
data. also through the integration of disease-
related data.
Machine learning, . . .
RLEDDA A meta-path-based graph meta- path-based Wlde!y ysed to predict drug-disease [50]
representation learning model. ) . associations.
earning model
. Prediction and validation of Rory
wSDTNBI Anovel netwprk-based mference Network based ligands, Evaluation of network-based [51]
method for virtual screening. method, models
Bindin Mother of all databases set a It provides a set of high-quality X-ray
inading focused on high-quality x-ray Binding affinity data crystal structures for identifying ligands [52]
MOAD . . . :
crystal structures. essential to biological functions.
DockoMatic v2.1 now includes a
Repurposing drues: the role of Heuristic search generic and integrated version of
SPIDR pUrposIng drugs. | method and genetic SPIDER, during mammalian meiosis, [53,54]
small molecule peptides. . . .
algorithms homologous recombination requires
SPIDER
A pipeline that combines . Improving the generalizability of
AI-BIND network-based sampling Deep learning protein-ligand binding predictions [35]
EDC-DTI It is a comprehensive, deep Deep learning Propose a novel method for predicting [56]

collaborative learning framework.

drug-target interactions.
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Tools and

software’s Explanation Method Application References
CeDR provides insights into drug
. . resistance, Pharmacological adverse
CeDR Atlas | 2 knowledgebase of cellular drug | Machine  learning, | oo "2 14 the formulation of [57]
response data collection . . . .
combinatorial therapies by fine-tuning
drug response at the cellular level.
Attention aware multimodal Multi-modal network is constructed for
AMDGT fusion using a dual graph Molecular  docking, | fusing and learning representations, 58]
transformer for drug-disease drug repositioning Determine the relationship between
associations prediction drugs and diseases.
Drug-disease association
GCNGAT predlctlop based on graph Neural network, Deep featurg to Qetermlnatlon of drug- [59]
convolution neural network and disease relationship
graph attention network
Drug repositioning based on L . L
HeTDR heterogonous networks and text Deep learning Estimation of the ra.tmgs of association [60]
. between drug and diseases
mining
. Mmmg.relatlonsh.lp s for advanced Heterogeneous Capture the complex relationship
MiRAGE generative evolutional drug . [61]
e network between drugs and diseases.
repositioning
Qualities of physical-chemistry and bioactivity models
Prediction of interaction with nucleic
acids at the residue level and allows for
Deep learning platform for the ligand transplaptqtlop based on sequence
CSM- analysis of protein interactin Deep learnin and structure similarity to [62]
Potential2 ana’y p & p & experimentally determined structures,
interfaces. . o .
also predicts binding sites for protein-
protein interactions and classes of
biological.
. . Fingerprint based, | Predict the properties absorption,
FP-ADMET A compendium ofﬁpg;rprmt- Machine learning distribution, metabolism, extraction, and [63]
based ADMET prediction models. ..
toxicity of drug.
Graph-based methods for Approaches are essential for creating
predicting the binding affinity of Data collection novel treatments; computational
CSM-AB antibodies to antigens, along with . . > | methods can quickly evaluate binding [64]
. . : machine learning . .
a scoring function for docking landscapes and inform experimental
assessments. design.
A minimally designed ML Estimating the binding affinity of a
i scoring function that relies on . . generated protein-ligand poses from
GB-score distance-weighted interatomic Machine learning docking or a crystal structure using ML [65]
contact features. and DL techniques.
TB-IECS Theory-based interaction energy Machine learning Used as a coring function for virtual [66]
component score. screening.
Additional Al tools and models utilized in drug discovery
Optimized size-oriented virtual A novel approach for 3D method that
Space Grow screening of combinatorial Molecular  docking, | uses a single CPU too quickly and [67]
p fragment libraries containing virtual screening screen of billions of chemical
billions of compounds. compounds for virtually using ligands.
It is a molecule design command Machine  learning, | Used for the making of de novo design,
Reinvent4 line tool that can read user transfer learning, | scaffold hopping, R-group replacement, [68]
configuration in TOML or JSON | reinforcement library design, linker design, and
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Tools and Explanation Method Application References
software’s
formats. learning molecule optimization easier.
Technique to be applied and used in
MDeePred Novel. .multi-channel protein Deep learning cgmputational drug repoisitionir}g apd
factorization. discovery, and also predict the in vitro
comparative analysis.
Using cross-attention networks
enhanced with graph features and To predict the drug-target binding
GPCNDTA pharmacophore information, this | Deep learning affinity, constructing cross attention
tool forecasts the binding affinity inter and intra molecules
between drugs and targets.
A novel approach based on regression
that formulates the whole work as a
Representation heterogeneous graph that incorporates
Affinity2Vesc Prediction of drug-target binding legrping, graph . the informatiop regarding p}ultiple
affinity. mining, and machine | sources, like binding affinities between
learning drugs and targets as well as drug-drug,
target-target similarity, and drug-target
affinities.
Identifying and learning complex
i s patterns from molecular data, non- liner
CNN model Excellent p .re.d ictive ablhty in the Deep learning transformation can be used to effectively
computer vision domain. 1 . .
earn the underlying patterns in raw data
by improving its representation.

2.2 UTILIZATION OF AI TECHNOLOGIES IN NATURAL PRODUCTS

Natural products have been used for many centuries, and in recent times they have been used to treat many
diseases. For more than half a century, scientists have been able to extract natural compound from plants,
microorganisms, or animals that useful for treating the disease. As the contribution of scientists in the
work related to natural science is increasing day by day, the amount of data related to natural products is
also increasing day by day. In recent years, due to the rapid development of artificial intelligence, it has
brought many new opportunities in the discovery of natural products. Artificial intelligence utilized the
many advanced technologies, such as deep learning, machine learning and image processing, and has been
proven useful in solving challenges in natural product drug discovery and managing the huge data [73,
74]. Development of Chemo informatics, bioinformatics, and other informatics-related fields played major
contributions to NPs-based drug development over the years. Their limitation and successful uses have
been examined recently [17, 18]. Computational photochemistry is growing field that uses computational
tools such as Al, big database and mathematical modeling to solve phytochemical research issues. It has
been applied in screening plant materials, metablomics, chemical fingerprinting, biosynthesis, and
prediction of pharmacological properties. This technology saves time and money in phytochemical
research [75]. Advances in computational omics and artificial intelligence approaches such as machine
learning technologies which have been used in the computational de novo drug design for molecular
targets of interest and predict the biological activity of the natural products, omics technologies developed
by revealing the variety of natural products [76]. Other hand, Plant-based natural products and associated
microorganisms play a major role in the fight against human cancer disease. For example, Taxol is an
anticancer drug that is derived from plants. Major obstacles may prevent identification and application of
anticancer lead compounds. Now, new developments in sequence and omics-related technologies have
provided a wealth of data for the creation of novel natural product-based medicines. Artificial intelligence
and machine learning have provided powerful methods for comprehensive data analysis and predict the
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anticancer lead molecule [77]. The risk of Methicillin-resistant Staphylococcus aureus (MRSA) infection
is continuing to increase globally, requiring new strategies. Dias et al., (2018) introduced a ligand-based
strategy that included two quantitative structure-activity relationship (QSAR) studies, utilizing R and
RSME models alongside ML techniques. The highest-performing model reached an R* of 0.68 and an
RSME of 0.59 for the dataset. Additionally, they proposed a novel method for natural product drug
discovery that leverages 1D NMR descriptors to evaluate the accuracy of both training and test models
[78].

ML/DI1. algorithm-based NPs drug discovery

]

Genome-
Collection of data —v Structure mining
elucidation and de
replication
1
Extraction

Sampling

comp ounds

Omics data

Predicting biological \ SR Encoding NPs into
functions 4mmm molecular
(QSAR/PR model) E representations

Bioactivity
data

Figure 3: ML/DL based Al algorithm that are used at various phases for the discovery of new natural active
compounds. The pipeline is divided into two sections: computer-assisted NPs discovery (genome mining, structure
elucidation, data-mining into traditional medicine) and machine learning/deep learning algorithms applied to NPs
(encoding omics and bioactive data) for biological function prediction with QSAR/PR model.

2.3 Al tools used in natural products

The research examined the current landscape of intelligent manufacturing in the Traditional Chinese
Medicine (TCM) sector to find the ways that generative Al can help improve process and supply chains. It
found four main areas where it can be used: a helpful information system for medicines, better training for
workers, automated checks for quality in production, and an intelligent supply chain [79]. For TCM, the
integration of Al-based research aims to deepen the understanding of TCM’s overall material base while
adhering to evidence-based principles. The system Function Decoding Model (SFDM) used to identify,
quantify, predict, and verify the physical basis of TCM [80]. Botanical and natural drugs show significant
potential and are used to treat and prevent complex diseases. Therefore, quality control of the natural
product is essential to ensure the safety, purity, potency, and therapeutic stability of drug products. Many
methods have been developed to ensure the quality of natural products. But sometimes the methods cannot
show sufficient data for the natural product. At the end, artificial intelligence algorithm based models are
developing name as conventional neural network (CNN) models and dual-scale anomaly (DSA) model,
CNN models are used to determine the phytochemicals and bioactivity-based spectra and DSA is
proposed for visual particle inspection based on images [81]. Al-driven drug discovery strategies inspired
by natural products can serve as creative tools for the identification and discovery of lead compounds and
molecular design. Various models of machine learning produced many kind of yield readily synthesizable
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mimetic of the templates of natural goods [82]. During the COVID-19 pandemic, Ayurveda treatments
provide personalized herbal remedies for enhancing immunity. Botanists discovered immunity-boosting
plants for Ayurvedic medicine by observing their leaf characteristics. Recognizing these plants by their
leaves alone can be difficult for an average person. In the medicinal plant analysis, the leaves show
significant similarity. A deep learning-based mobile app was developed for generating numerical leaf
shape descriptors using the SDAMPI algorithm. The app achieved a 96% accuracy rate with 64x64 pixel
images [83]. The computer based neural network model generates synthetic structural copies of natural
products. The successful synthesis and in-vitro testing with the help of computer-generated molecules
confirmed by their functionality towards the retinoid X receptor. They strongly support the use of
generative neural networks for drug discovery inspired by natural products, uncovering both opportunities
and certain limitations of the current approach, and they also suggest possible future advancements and
development [84-90].

2.4 Artificial neural network (ANN) regression models in natural drug discovery

A bioprocess medium was formulated using response surface methodology (RSM) and a combination of
artificial neural networks and ant colony optimization (ANN-ACO) to enhance the production of neural
protease from Bacillus cereus during submerged fermentation. The ANN-ACO model shows the excellent
predictive ability and low error rate. Moreover, the biomolecule successfully clarified fruit juice and
indicated promising applications in the food industry [91]. Ray ef al., (2020) developed an ANN model to
predict the most suitable region for cultivation Hedychium coronariumkoena plant with high coronarin D
content. The model was based on 50 rhizomes from 50 distinct places throughout five Indian states. The
results showed that the ANN model correctly predict the coronarin D content, with estimate the 0.891
correlation coefficient and a 0.06 root mean square error. The model is crucial for predicting the optimum
coronarin D yield in H. coronarium [92].

2.5 Al tools approach for biological drug discovery of natural products

A new deep learning approach known as e-DeepBGC has been created to identify biosynthetic gene
clusters (BGCs) in bacterial genomes. This method increases sensitivity and reduces the rate of false
positives compared to its predecessor, DeepBGC [93]. NaPDoS (Natural Product Domain Seeker) is an
online tool that identifies and classifies keto synthase and condensation domains from various DNA
sources, including amplicon sequences, metagenomics data, and genomic data. It detects polyketide
synthase (PKS) and non-ribosomal peptide synthase (PKS) and non-ribosomal peptide synthetase (NRPS)
genes using a classification method based on their phylogenetic relationships. This tool is particularly
valuable for studying incomplete biosynthetic genes or gene clusters. The latest version, NaPDoS2 has
added 1,417 new keto synthase sequences and now covers 41 different class and subclass categories [94].
An online platform called Global Natural Product social; molecular networking (GNPS) focused for
tandem mass spectrometry data curation and analysis with a small molecule. It offers chemical insight into
untargeted MS? datasets and links into biological questions. GaNPS-MassIVE is a public repository for
untargeted MS?data, with metadata and annotated spectra. Molecular networking is an important analytical
tool that creates a structured data table to reflecting molecular diversity. The platform can be shared or
replicated disseminate knowledge, uncover new chemicals, metabolic pathways, and ecosystem [95].
Natural product (NPs) is small, bioactive molecules that have potential uses in industries and
pharmacology. Still, there is no online resource that complies all known NPs in one place. This manuscript
presents the online version of the collection of Open Natural Products (COCONUT), an aggregated
dataset with an accessible web interface for easy browsing and downloading [96]. LOTUS is an online
platform initiative that aims to improve knowledge management and analysis in natural products research
by consolidating and sharing referenced structure-organism pairings. Over 750,000 referenced structured-
organism pairs are to be harmonized, curate, validated, and publicly disseminated as part of this endeavor,
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which is maintained on Wiki data. As a result, data access and interoperability will increase, and enable

community curation and changing publication formats will be made possible.

The integration of LOTUS data into the Wiki data knowledge network will facilitate for the discovery and

create of novel biological and chemical relationships [97]. A deep learning program called NP Classifier

is designed to automatically classify natural products (NPs) based on their counted Morgan fingerprints. It

improves discovery and improves the analysis of a large number of NPs, particularly when evaluating a

big number of NPs, by connecting NP structures to their underlying attributes [98]. Artificial intelligence

(AI) was used to predict pharmacological inhibitors of EGLNI, a protein that prevents HIF-la

proteosomal destruction. A custom-based virtual screening was conducted using Deep Conventional

Neural Network (DNN) architecture, docking, and molecular dynamics simulation. The findings support

the use of deep learning architecture for identifying EGLN1 inhibitors, demonstrating its potential to

accelerate drug discovery to accelerate drug discovery and development [99].
Table2: -Application of other Al tools includes deep learning and machine learning approach for drug

discovery of natural products:

compounds: Natural products are valuable sites
for drug discovery due to their large chemical
structure, unique chemical structures and diverse
functional groups. These are used in de novo and
using generic models to inspire pseudo-natural
products [101]. The first de novo assembly of the
pink Auricularia cornea, commonly called the
genome wood ear mushroom or jelly mushroom,
has been achieved. This species, valued as a top
edible

commercially

and medicinal mushroom, will be
2022.

However, research has encountered obstacles due

cultivated starting in
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hindered gene discovery and product development.
In 2024, Ye Leie and colleagues published a de
novo assembly of the pink A. cornea Fen-Al
genome, featuring detailed functional annotations.
The genome measures the size of 73.17 Mb and is
contain the predicted gene 19,120, with a BUSCO
completeness score of 92.60%. the study identified
789 CA Zyme gene linked to postharvest quality
degradation, along with 3 related to antibiotics and
36 that are light-dependent gene [102]. Icarilin is a
potent anticancer agent used in nutraceuticals and
medicine. However, its structural complexity and

38

Tool and o A
Software Description Method Application References
Deep learning-based method . . .
DeepBGC | focuses on identifying bacteria- Deep learning De?ecqng the bl.osynthe.tlc gene §1usters and [93]
. their biosynthetic class in bacterial genomes.
derived small molecules.
. The tool used for analyze amplicon,
. Deep learning, . . .
The natural product domain . metagenomic and genomic sequencing data to
NaPDoS2 P database expansion . [94]
seeker version 2. web ool detect and classify ketosynthase (KS) and
condensation domains.
It is a public repository platform nMe(t)]v::cf;lklif;r data Builds a structured data table-focused tandem
GnNPS focusing tandem mass analvsis & deep | Mass spectrometry (MS?) data creation and [95]
spectrometry data analysis. learr?ing’ p analysis infrastructure.
. It has been observed multiplication of
COCONUT Collection of open natural Datab.ase ;tudy, generalistic and thematic Natural product [96]
products database. Machine learning databases
Initiative supports open Databases analvsis Initiative to the harmonization, curation,
LOTUS knowledge sharing in natural Machine learnirzl > | validation and open dissemination of natural [97]
products research. & products.
This tool enhances the speed of natural product
NP dAe3:le (I)) Ie]:?lutfoar] &th%i tz};ztlem Deep learning, | discovery by associating structural features with
Classifier | cate ofization of natural neural network | their properties. It also automates the [100]
) (ig ¢ based classification of natural products using their
products. computed Morgan fingerprints.
2.6 De Novo design and discovery of natural to the scarcity of genomic data, which has
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low abundance in plants makes it unstable in
chemical synthesis and extraction from plants
[103]. A bicycle scaffold inspired by sordarin, a
natural antifungal, was synthesized and fused with
the fungal protein eukaryotic elongation factor 2
(eEF2). The  scaffold
functionalized chiral cyclopentadiene showed high

constructed  using
affinity for eEF2, offering a new avenue of
medicinal chemistry drive [104]. Limonoids are a
class of terpenoids isolated from pyridine-
containing alkaloids, some of which have PTP1B-
inhibitory activities. Access to several strategies
for limonid alkaloids using de novo pyridine
synthesis has been developed. Laboratory routes
were developed to access these compounds,
including  Pd-catalyzed transformation and
computational investigation of an important pyran
formation [105] ,[106].

Target sampling of natural product space (TSNaP)
is designed to discover and evaluate sections of
chemical space that are related to polyketide-like
macrolides (pMLs). This technique prioritizes
specific compounds for targeted synthesis and
includes the computational design of pMLs
containing tetrahydrofuran. Its effectiveness in
drug discovery is underscored by successful
validation from whole-cell biological testing,
which has shown hit rates that exceed those
usually found in small molecule libraries [107].
Using two generative algorithms, Merkus et al,
(2012) have successfully designed DOGS (Design
of actual structures)

computational tool that can be used to characterize

software which is a

drug-like molecules using a ligand-based approach
[108]. DOGS to produce and evaluate NP mimetic
from three recognized RXR (retinoid X receptor)
agonists:  valerenic acid, isopimeric acid,
dehydroabietic acids were validated as active in
vitro and acted as templates for the computational
de novo design of RXR [109]. A virtual screening
protocol was constructed using machine learning
models to identify mimics of natural products (-)-
glentamine. This automated approach identifies on

(-)-glantamine targets, two of which are suitable
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for the treatment of Alzheimer’s disease. The
results suggest multi target drug design using
advanced virtual screening protocols [110].

Relevance to natural-product research: Al-
based plant phenotyping can contribute to natural-
product research by supporting the identification,
authentication, cultivation, and quality assessment
of medicinal plants. These applications may help
monitor plant health and cultivation conditions
that influence the availability and consistency of
bioactive phytochemicals. However, the relevance
of plant-phenotyping methods to natural-product
discovery depends on establishing a clear link
between the traits and
phytochemical bioactivity, or

measured  plant
composition,
product quality. General crop-monitoring studies
should therefore be interpreted as
applications unless their contribution to medicinal-

indirect

plant research or natural-product production is
demonstrated.

2.7 Predicting plant phenotype using Deep
Learning and Machine Learning models
Genomics and proteomics are revolutionizing the
drug discovery. Genomics is the study of entire
genome of an organism, including the DNA
sequence and gene expression patterns. Protomics
is the study of proteins in an organism. They help
identify new drug targets, which are molecular
basis of disease helps scientists develop drugs and
improve safety and efficacy [111]. Advances in
plant genomics have given rise to high throughput
techniques for the identification of molecular
phenotypes at low cost. Al based Deep learning
has proven effective in predicting and explaining
phenotypes [112].
learning  techniques to
phenotyping has
destructive approaches to assess plant responses to

these Applying machine
image-based plant
proven helpful, as non-
biotic and abiotic stress have developed quickly
[113, 114]

photosynthetic capacity [115]. Advances in image

and used to the estimation of

technology, artificial intelligence algorithms, and
data analysis techniques have enabled detailed

exploration of genotype, phenotype, and
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environment studies

[116].
illustrate a potential enabling role for Al, but their

Plant-phenotyping
relevance to this review depends on a
demonstrated link to medicinal plants or natural-
product [117]
described UAV-based machine learning for crop

production. Teshome et al
phenotyping and monitoring, while Elmanawy et
al. [118] reported hyperspectral image-processing
Such
methods may help monitor cultivation conditions

software for plant-stress assessment.
or plant health; however, general crop-yield or
drought-stress prediction is not direct evidence of
improved natural-product discovery. These studies
should interpreted  as

applications and retained only to the extent that

therefore be indirect
they inform medicinal-plant selection, cultivation,
authentication or phytochemical consistency. The
same distinction applies to spectral disease-
[119]: plant-health
classification alone does not establish the identity,

detection methods

abundance = or  bioactivity = of  specific

phytochemicals.

3. FUTURE PERSPECTIVES

Integration of Al into natural product plays a key
discovery and
development of bioactive compounds from plants.

role in transforming the

Advanced machine learning algorithms and

predictive  modeling  will accelerate  the

identification of  promising plant-based
compounds, along with Al-powered robotics to
automate extraction and synthesis processes. The
ability to create herbal formulations through Al
will beneficial to maintain the quality, standard
and reduced the risk factors. Additionally, the
ability of Al to integrate diverse datasets from
provide a
comprehensive understanding of plant compounds,
which

treatment. Al can also be useful for documenting

genomics and metabolomics will
lead to more effective and targeted

and preserving traditional knowledge which can
help to future generation.
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4. CONCLUSION

In conclusion, this review emphasizes the
transformative role of Al and big data together,
which have ushered in a new era in drug discovery
and development. Using state-of-the-art algorithms
based on machine learning and deep learning
models, researchers can now mine, explore data
sources, identify novel drugs, and accelerate the
process of new drug discovery and production.
These paradigm shifts are crucial in the discovery
of natural products, where the complexity and
diversity of natural compounds pose unique
challenges. tools, the
identification of bioactive compounds from natural

Using  Al-powered

resources can be accelerated and their medicinal
properties can be predicted. Additionally, Al
models can also help understand the complexity of
natural compounds, enabling the development of
targeted and effective treatments. It can handle the
large datasets from genomics, proteomics and
metabolic sources, offering a deeper understanding
of plant compounds. Advancements in Al-based
machine learning technology can improve the
extraction and synthesis processes, ensuring their
better quality and efficacy. Overall, the review
advocates for the continued exploration and
application of Al technologies to advance the field
of drug discovery.
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