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ABSTRACT

Artificial intelligence (Al) has emerged as a powerful
computational tool to support early-stage drug discovery
by facilitating the analysis and prioritization of bioactive
compounds. In the context of plant-derived phytocon-
stituents, Al-based methods offer significant potential
to assist drug—target interaction (DTI) prediction, virtual
screening, and pharmacological prioritization. This nar-
rative review summarizes recent advances in Al-assist-
ed approaches applied to phytochemical-based drug
discovery, with a particular focus on machine learning,
deep learning, and graph-based models used for DTI
prediction. The review also discusses the role of Al in
supporting in-silico assessment of absorption, distri-
bution, metabolism, excretion, and toxicity (ADME/
Tox) properties, as well as its integration with molec-
ular docking- and pharmacology-oriented evaluation
workflows. A structured literature search was conduct-
ed using PubMed, Scopus, Web of Science, and Google
Scholar, covering publications from 2015 to 2025, with
the final literature search completed on 15 December
2025 and employing keywords related to artificial intel-
ligence, drug-target interactions, phytochemicals, and
natural product drug discovery. Rather than reporting
new experimental findings, this review critically ana-
lyzes existing computational strategies, databases, and
workflows, highlighting their strengths, limitations, and
translational relevance. Overall, Al-assisted DTl predic-
tion is presented as a complementary approach that can
guide experimental pharmacology and accelerate the
rational development of phytoconstituent-based ther-
apeutics, provided that computational predictions are
supported by subsequent in-vitro and in-vivo validation.
This review is narrative in scope and is based exclusive-
ly on previously published studies, without generating
new experimental or computational data.

Keywords: Artificial Intelligence, Phytoconstituents,
Drug—target interaction, Machine learning, Deep learn-
ing, Graph neural networks, Natural product drug dis-
covery, Molecular docking, ADME/Toxicity prediction,
Pharmacology-oriented drug discovery

Introduction

Natural products, especially plant-derived phytocon-
stituents, have historically served as a cornerstone
in pharmacology and drug discovery due to their re-
markable chemical diversity and wide spectrum of
biological activities." Classical pharmacotherapy owes
many of its most effective therapeutics, including an-
ticancer, antimicrobial, and cardioprotective agents,
to compounds isolated from nature’s vast repertoire
of secondary metabolites. Despite their promise, tradi-
tional natural product drug discovery faces significant
challenges, including labour-intensive experimental

screening, structural complexity, limited scalability,
and difficulty in systematically identifying molecular
targets relevant to pharmacological effects.” In recent
years, artificial intelligence (AI) has emerged as a
transformative force in early-stage drug discovery by
enabling rapid analysis and prediction of drug—target
interactions (DTIs) that would be infeasible through
conventional methods alone. Al approaches, ranging
from machine learning (ML) and deep learning (DL)
to advanced architectures like graph neural networks
(GNNs), are capable of extracting meaningful pat-
terns from high-dimensional chemical and biological
data, accelerating virtual screening, and improving
the prioritization of bioactive phytochemicals for
pharmacological evaluation.” These computational
methodologies complement classical pharmacological
paradigms by offering predictive insights into ADME
(absorption, distribution, metabolism, excretion),
toxicity, and off-target risks before costly in-vitro and
in-vivo testing begins. As a result, Al-assisted DTI
prediction is reshaping how researchers identify and
optimize novel drug candidates from nature, bridging
the gap between large phytochemical libraries and
actionable pharmacological outcomes.” An overview
of the Al-assisted framework for phytochemical drug
discovery is illustrated in Figure 1.

This figure illustrates the integrated workflow for
Al-assisted phytochemical drug discovery. Medicinal
plants serve as the primary source of phytoconstitu-
ents, which are curated into phytochemical libraries
and processed through Al models, including ML, DL,
and GNNs. These models enable rapid prediction of
DTIs, followed by in-silico ADME and toxicity filtering
to prioritize drug-like and safe candidates. The short-
listed phytochemicals are subsequently subjected
to pharmacological validation through in-vitro and
in-vivo studies, facilitating efficient and translational
natural product-based drug discovery.

Literature Search Strategy and Methodology

A comprehensive and systematic literature search
was conducted to identify relevant studies focusing
on Al-based DTI prediction involving phytochemicals
and natural products. Major scientific databases, in-
cluding PubMed, Scopus, Web of Science, and Google
Scholar, were searched. The search strategy employed
combinations of keywords such as “artificial intelli-
gence”, “machine learning”, “deep learning”, “graph
neural networks”, “drug-target interaction”, “phyto-
chemicals”, “natural products”, and “Al-assisted drug
discovery”.’ Boolean operators (AND/OR) were used
to refine the search. The search was restricted to ar-
ticles published in English between 2015 and 2025,

reflecting the rapid evolution of Al methodologies in
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Fig 1| Al-assisted phytochemical drug discovery
framework (The workflow is based on literature published
between 2015 and 2025, with the final search conducted
on 15 December 2025.)

drug discovery. Reference lists of selected articles were
also screened to identify additional relevant studies.
This transparent search strategy ensured comprehen-
sive coverage of recent and relevant advancements in
Al-assisted phytochemical DTI prediction.® The litera-
ture search was conducted using the following search
strings in various combinations: (“artificial intelli-
gence” OR “machine learning” OR “deep learning” OR
“graph neural network”) AND (“drug—target interac-
tion” OR “DTI prediction”) AND (“phytochemicals” OR
“natural products” OR “plant-derived compounds”).

The final literature search was completed on
15 December 2025. This manuscript is a narrative
review and does not present any original experi-
mental, computational, or proprietary analyses. All
methodological descriptions, performance metrics,
docking results, and simulation examples discussed
are derived from and attributed to previously pub-
lished studies.

Search Strings

The following exact search strings were executed:
Database-specific search strategy

PubMed

(“artificial intelligence” OR “machine learning” OR
“deep learning” OR “graph neural network”)

AND (“drug—target interaction” OR “DTI prediction”)

AND (“phytochemicals” OR “natural products” OR
“plant-derived compounds”)

Scopus

TITLE-ABS-KEY (“artificial intelligence” OR “machine
learning” OR “deep learning” OR “graph neural net-
work”)

AND TITLE-ABS-KEY (“drug-target interaction” OR
“DTI prediction”)

AND TITLE-ABS-KEY (“phytochemicals” OR “natural
products” OR “plant-derived compounds”)

Web of Science

TS=(“artificial intelligence” OR “machine learning” OR
“deep learning” OR “graph neural network”)

AND TS=(“drug-target interaction” OR “DTI predic-
tion”)

AND TS=(“phytochemicals” OR “natural products” OR
“plant-derived compounds”)

Google Scholar

(“Al-assisted drug discovery” AND “drug—target inter-
action” AND phytochemicals)

Inclusion and Exclusion Criteria

Inclusion Criteria:

¢ Original research articles and review papers focus-
ing on Al, ML, DL, or graph-based models for DTI
prediction.

e Studies involving phytochemicals, natural prod-
ucts, or plant-derived compounds.

e Research utilizing validated drug-target databases
or benchmark datasets.

e Studies reporting methodological details, model
performance, or pharmacological relevance.’

Exclusion Criteria:

e Studies limited to classical molecular docking with-
out Al-based prediction.

e Research focusing exclusively on
small-molecule drugs.

e Editorials, conference abstracts, opinions, or non-
peer-reviewed articles.

¢ Studies lacking sufficient methodological transpar-
ency or reproducible data.

synthetic

Records retrieved from all databases were screened
for relevance based on title and abstract. Duplicate
records were removed before screening. Full-text
articles were then assessed for eligibility according
to predefined inclusion and exclusion criteria. Only
peer-reviewed articles focusing on Al-based DTI pre-
diction involving phytochemicals or natural products
were included in the final analysis.

As this study is a narrative review, no formal quan-
titative risk-of-bias tool was applied. However, the
quality of included studies was qualitatively assessed
based on publication type, methodological transpar-
ency, dataset quality, and relevance to pharmacolo-
gy-oriented drug discovery. Studies lacking sufficient
methodological detail or biological relevance were
excluded. The literature search and study selection
process is summarized using a PRISMA-style flow di-
agram (Figure 2).
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Fig 2 | PRISMA-style flow diagram illustrating the literature search, screening, eligibility assessment, and
final inclusion of studies in this narrative review (2015-2025; final search date: 15 December 2025)

Study Screening and Selection Process

All retrieved records were screened by a single review-
er (Muskan Tomar) based on title and abstract. Dupli-
cate records were removed before screening. Full-text
articles were subsequently assessed for eligibility
according to the predefined inclusion and exclusion
criteria. As this study is a “Narrative Review”, no in-
dependent second screener was applied. Any uncer-
tainties regarding study relevance were resolved by
careful re-evaluation of the full text and methodologi-
cal details to ensure consistency and accuracy in study
selection.

At the full-text screening stage, studies were ex-
cluded primarily due to the absence of Al-based DTI
methods, lack of focus on phytochemicals or natural
products, relied solely on classical molecular docking
approaches, insufficient methodological transparency,
or non-peer-reviewed publication status.

Phytoconstituents as Drug Leads

Phytoconstituents, the bioactive secondary metabo-
lites produced by plants, represent one of the most
valuable sources of drug leads in pharmacology. Owing
to their vast chemical diversity and evolutionary opti-
mization for biological interactions, the plant-derived
compounds have historically contributed to the
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development of numerous clinically approved drugs.®
Unlike pure synthetic molecules, phytoconstituents of-
ten possess complex scaffolds, multiple chiral centers,
and diverse functional groups that enable selective
and potent interactions with a wide range of molecu-
lar targets. From a pharmacological perspective, phy-
toconstituents exhibit broad therapeutic potential,
including anti-inflammatory, antimicrobial, antican-
cer, neuroprotective, cardioprotective, and metabolic
regulatory activities.” Many of these compounds act
through multi-target mechanisms, offering advantages
in complex diseases where modulation of a single target
may be insufficient. This intrinsic poly-pharmacology
makes phytochemicals attractive candidates for mod-
ern drug discovery strategies focused on systems-level
therapeutic intervention." Despite their promise, the
translation of phytoconstituents into drug candidates
has been limited by challenges such as low natural
abundance, structural complexity, poor bioavailability,
and difficulties in systematic target identification using
conventional screening approaches. These limitations
have slowed down the experimental validation and
reduced the efficiency of traditional pharmacological
workflows. Consequently, there is a growing need for
computational and Al-assisted strategies to efficiently
prioritize phytoconstituents with high drug-likeness
and clear pharmacological relevance. Integrating the
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Al with phytochemical research offers a rational path-
way to unlock the full potential of natural products as
drug leads and to streamline their progression from
plant sources to clinically relevant therapeutics. Giv-
en this chemical and pharmacological complexity of
phytoconstituents, computational and Al-based ap-
proaches are increasingly required to efficiently iden-
tify their molecular targets, which is discussed in the
following section.

Major Classes and Chemical Diversities

Phytoconstituents are structurally diverse secondary
metabolites produced by plants that serve as a rich
reservoir of potential drug leads. Major classes include
alkaloids (e.g., morphine, quinine), phenolics and
polyphenols (e.g., flavonoids, tannins), terpenoids
(e.g., limonoids, diterpenes), glycosides, saponins, an-
thraquinones, and alkenes, each exhibiting distinctive
chemical scaffolds that can interact with a broad range
of biological targets. The immense chemical diversity
of these compounds arises from evolutionary pres-
sures and biosynthetic complexities, offering unique
stereochemistry, functional groups, and bioactive
frameworks, often not present in synthetic libraries.
Such diversity enhances the likelihood of finding spe-
cific interactions with pharmacological targets, mak-
ing phytochemicals invaluable leads in drug discovery
programs.'""> The major classes of phytoconstituents,
their representative compounds, natural sources, and
pharmacological activities are summarized in Table 1.

Known Pharmacological Activities

Phytoconstituents exhibit a wide range of
pharmacological activities, including antioxidant,
anti-inflammatory, antimicrobial, anticancer, cardio-
protective, antidiabetic, neuroprotective, and immu-
nomodulatory effects. Many clinically used drugs are
either directly derived from or inspired by these natural
products; examples include anticancer agents, analge-
sics, and antimalarials, highlighting their therapeu-
tic relevance. Their complex structures often engage
in multiple molecular targets or biological pathways,
contributing to poly-pharmacology and synergy in
multi-component extracts.'**’

Limitations in Conventional Screening
Despite their promise, conventional pharmacolog-
ical screening of phytoconstituents faces several

limitations. Traditional bioassay-guided fractionation
and high-throughput screening are time-consuming,
resource-intensive, and often hindered by the low
abundance of active compounds in crude extracts. The
complex mixture of components and variable com-
position due to environmental, seasonal, and genetic
factors complicate reproducibility and standardiza-
tion.”*"** Additionally, isolating pure compounds from
plant matrices and identifying their molecular targets
through empirical methods alone can be challenging,
leading to slow progression from discovery to drug
candidate. These practical bottlenecks have histori-
cally limited the translation of many promising phyto-
chemicals into clinically viable drugs.”

Al Approaches for DTI Prediction

Building on the need for efficient target identification,
this section summarizes the key Al approaches used
for DTI prediction in phytochemical drug discovery.
Al has emerged as a powerful tool for predicting DTIs
by enabling rapid and large-scale analysis of chemical
and biological data. Unlike conventional experimental
approaches, Al-based methods can efficiently handle
the high structural diversity of phytoconstituents and
the complexity of biological targets. By learning pat-
terns from existing drug-target datasets, Al models
facilitate virtual screening, target identification, and
binding affinity prediction, thereby accelerating ear-
ly-stage pharmacological research.” In natural prod-
uct drug discovery, these approaches are particularly
valuable for prioritizing bioactive phytochemicals and
reducing the time, cost, and experimental burden as-
sociated with traditional screening methods. Al-driven
DTI prediction typically integrates molecular represen-
tations of compounds with protein features to infer in-
teraction likelihoods. ML algorithms utilize predefined
molecular descriptors, while advanced DL and graph-
based methods automatically learn meaningful repre-
sentations directly from raw chemical structures and
protein sequences.” These models not only enhance
prediction accuracy, but also support pharmacolo-
gy-oriented assessments such as poly-pharmacology,
off-target effects, and safety profiling. Overall, Al ap-
proaches provide a robust computational framework
that bridges phytochemical databases with experi-
mental pharmacology, enabling more informed deci-
sion-making in natural product-based drug discovery.
A comparative overview of Al approaches employed

Table 1 | Major Classes of Phytoconstituents and Their Pharmacological Significances™*

Phytoconstituent Class Representative Compound Natural Source Key Pharmacological Activities

Alkaloids Morphine, quinine, berberine, vincristine Papaver somniferum, Cinchona spp., Analgesic, antimalarial, anticancer, antimicrobial
Berberis spp.

Flavonoids Quercetin, kaempferol, catechin, luteolin Fruits, vegetables, tea, Ginkgo biloba Antioxidant, anti-inflammatory, anticancer,

cardioprotective

Phenolic acid Caffeic acid, ferulic acid, gallic acid Coffee, cereals, berries Antioxidant, neuroprotective, anti-inflammatory

Terpenoids Artemisinin, taxol, limonene Artemisia annua, Taxus spp., citrus fruits Anticancer, antimalarial, anti-inflammatory

Glycosides Digoxin, salicin Digitalis spp., Salix spp. Cardioprotective, analgesic, anti-inflammatory

Saponins Ginsenosides, diosgenin Panax ginseng, Dioscorea spp. Immunomodulatory, anticancer, cholesterol-lowering

Tannins Ellagitannins, proanthocyanidins Tea, grapes, berries Antioxidant, antimicrobial, anticancer

Lignans Secoisolariciresinol, podophyllotoxin Flaxseed, Podophyllum spp. Anticancer, antiviral, estrogenic modulation
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Fig 3 | Artificial intelligence approaches for drug—target interaction

prediction

for DTI prediction, along with their strengths and
limitations, is presented in Table 2. Different artificial
intelligence models employed for DTI prediction are
schematically represented in Figure 3. While ML, DL,
and GNN models have demonstrated a strong perfor-
mance in DTI prediction, their applicability to phyto-
chemicals varies considerably. Classical ML models
offer better interpretability, but struggle with complex
natural product scaffolds. DL and graph-based models
capture structural complexity more effectively; howev-
er, they are data-intensive and often trained on datasets
dominated by synthetic compounds, limiting model
portability to underrepresented phytochemicals.
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