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ABSTRACT

The vast diversity of the plant kingdom represents both an incredible reservoir of potential
therapeutic agents and a formidable challenge for drug discovery. Traditional approaches to
identifying medicinally valuable plants are labor-intensive, time-consuming, and often limited by
narrow ethnobotanical scope. In recent years, the integration of artificial intelligence (Al) and
machine learning (ML) has revolutionized this process, offering new methods to analyze and
prioritize botanical species with pharmacological potential more efficiently and systematically.

This review explores the transformative role of Al and ML in modern phytochemical research and
natural product discovery. It highlights how these technologies are enabling more precise, data-
driven selection of plant species by leveraging diverse datasets—including ethnobotanical records,
phytochemical compositions, and bioactivity profiles. Al-powered predictive models can identify
patterns and correlations across complex datasets that may not be apparent through conventional
statistical methods. This leads to the early detection of bioactive compounds and novel therapeutic
leads.

Advancements in deep learning and computer vision have also enhanced image-based plant
identification and disease diagnostics, improving taxonomic accuracy and aiding in species
classification, especially in under-documented regions. Moreover, the integration of omics data—
genomics, transcriptomics, proteomics, and metabolomics—with Al models is facilitating a
systems-level understanding of plant metabolic pathways and their therapeutic outputs.

Despite its promise, Al-driven botanical research faces challenges, including data quality, model
interpretability, and the need for interdisciplinary collaboration. Nonetheless, the potential for
accelerating natural product discovery through Al is profound. By automating and optimizing the
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exploration of plant biodiversity, Al stands to unlock new frontiers in drug discovery, conservation
biology, and personalized medicine.

This review presents a comprehensive overview of the current landscape, identifies key
breakthroughs and limitations, and outlines future directions for Al-assisted exploration of the
botanical seascape.

Keywords: Artificial intelligence, machine learning, botanical therapeutics, phytochemical
research, natural product discovery, deep learning, computer vision, omics integration, plant species
identification, bioactive compounds, ethnobotany, drug discovery, metabolomics, proteomics,
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INTRODUCTION

The plant kingdom comprises an immense diversity of species—estimated in the hundreds of
thousands—many of which possess untapped therapeutic potential. Historically, the identification of
medicinal plants has relied heavily on ethnobotanical knowledge and bioassay-guided fractionation,
a process that, while valuable, is often slow, labor-intensive, and limited in scale. This traditional
approach struggles to keep pace with the urgent demand for novel bioactive compounds, especially
in the face of emerging health challenges and drug-resistant pathogens.

Artificial intelligence (Al) and machine learning (ML) are emerging as transformative tools in this
domain. These technologies have the capacity to integrate and analyze complex, multidimensional
data from a variety of sources, including ethnobotanical records, phytochemical and genomic
databases, and experimental bioactivity assays. By learning from patterns within this data, AI/ML
models can rapidly triage and prioritize plant species with high therapeutic potential, significantly
streamlining the discovery pipeline. This integration not only improves efficiency but also enhances
the likelihood of identifying novel compounds with clinically relevant bioactivity.

Ethnobotany Meets Machine Learning

Recent research has demonstrated that artificial intelligence (AI) models can significantly
outperform traditional ethnobotanical heuristics in identifying plants with medicinal potential. For
example, in a large-scale study involving approximately 21,100 species across the plant families
Apocynaceae, Loganiaceae, and Rubiaceae, machine learning (ML) classifiers—including support
vector machines (SVM), logistic regression, gradient boosting, and Bayesian neural networks—
achieved a predictive precision of approximately 67% for identifying species with antiplasmodial
activity. In contrast, species selected using conventional ethnobotanical knowledge alone yielded a
lower precision of about 46% (Richard-Bollans et al., 2023). These findings highlight the ability of
ML algorithms to detect subtle, multidimensional patterns in large datasets, uncovering therapeutic
potential that might otherwise be overlooked.

However, while Al offers superior scalability and analytical power, indigenous and traditional
knowledge remains a critical component of the discovery process. Ethnobotanical insights provide
contextual understanding of plant use, ecological interactions, and cultural significance offering
valuable hypotheses that can guide and inform data-driven exploration. The integration of Al with
human-informed expertise thus represents a synergistic model for accelerating drug discovery from
plants.

Al in Phytochemical & Omics Profiling

Artificial intelligence (Al) is increasingly being leveraged to analyse large-scale omics datasets—
including genomics, transcriptomics, proteomics, and metabolomics—to identify and characterize
bioactive compounds within plant systems. These high-dimensional datasets offer detailed
molecular insights, but their complexity often makes them difficult to interpret using traditional
bioinformatics tools. Al and machine learning (ML) algorithms, particularly deep learning models,
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have proven highly effective in extracting meaningful patterns and correlations from such data,
enabling the discovery of novel metabolites with therapeutic relevance (Varghese et al., 2025).
Applications of Al in this context include metabolite identification, structural elucidation, and the
mapping of genotype—phenotype relationships that influence biosynthetic pathways. Emerging
computational tools—such as Computer-Assisted Structure Elucidation (CASE) systems and
integrated multi-omics platforms—further enhance the capacity to model secondary metabolite
production and understand how genetic variations affect chemical diversity (SpringerLink, 2025).

In addition to compound discovery, Al is being widely applied in virtual screening and drug design
processes, such as predicting molecular docking interactions and binding affinities. These
techniques have shown promising results in in silico studies evaluating antioxidant, anti-
inflammatory, and antimicrobial activities of phytochemicals (Frontiers in Plant Science, 2023). As
these capabilities evolve, Al stands poised to reshape the early stages of drug discovery from plant-
based compounds.

Image-Based Identification & Classification

Deep learning approaches, especially convolutional neural networks (CNNs) and Vision
Transformers (ViTs), are transforming the identification of plant species and detection of diseases
through image analysis. These methods excel at capturing subtle features such as leaf morphology,
venation patterns, and texture variations that are often difficult for traditional algorithms or human
experts to quantify. The resulting models enable automated, high-throughput phenotyping, crucial
for large-scale biodiversity studies and agricultural monitoring (ArXiv, 2024; SpringerLink, 2024).
One landmark study by Mohanty et al. (2016) demonstrated CNN-based crop disease classification
with an impressive 99.35% accuracy under controlled laboratory conditions. However, when applied
to images collected in real-world field settings—where lighting, background, and disease severity
vary—the accuracy dropped significantly to approximately 31%, highlighting challenges related to
domain adaptation and data variability (ArXiv, 2016).

Several systematic reviews corroborate the robustness of Al-driven visual recognition systems,
emphasizing their ability to accurately discriminate plant diseases across diverse taxa by analyzing
visual traits such as leaf texture and venation. These studies underscore AI’s promise in
revolutionizing plant pathology diagnostics and biodiversity assessments, while also pointing to the
need for improved training datasets and adaptable models to enhance real-world performance
(ScienceDirect, 2023; Journals. LWW, 2023).

Database-Driven Computational Discovery

Publicly accessible repositories such as Dr. Duke’s Phytochemical and Ethnobotanical Database
serve as invaluable resources by providing structured, curated information on plant-derived
compounds and their associated bioactivities. These databases compile phytochemical profiles,
traditional uses, and experimental data, making them ideal for integration into Al and machine
learning pipelines (ArXiv, 2023; SpringerLink, 2024). Similarly, digital knowledge libraries—such
as India’s Traditional Knowledge Digital Library (TKDL)—play a crucial role in preserving
centuries-old medicinal plant knowledge in standardized formats, safeguarding cultural heritage
while creating rich datasets for computational analysis (Frontiers in Plant Science, 2023; Wikipedia,
2024).

By leveraging these comprehensive data sources, Al models can be trained to predict therapeutic
potential and conduct virtual screening of phytochemicals at unprecedented scale and speed. This
enables researchers to prioritize promising candidates for experimental validation more effectively,
accelerating drug discovery from botanical origins. Moreover, the continual enrichment of these
repositories ensures that Al-driven predictions remain grounded in robust, multidisciplinary
evidence, facilitating the synthesis of traditional wisdom and cutting-edge computational
techniques.
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Agricultural & Environmental Integration

Artificial intelligence (Al) is playing an increasingly vital role in plant health monitoring, disease
diagnostics, and predictive agriculture. Field imaging powered by Al enables rapid detection of crop
diseases and pest infestations through automated analysis of canopy and leaf imagery, facilitating
timely interventions. Beyond visual diagnostics, Al-driven microbiome studies unravel complex
interactions between plants and their associated microbial communities, offering new avenues for
disease resistance and plant health optimization. Additionally, Al models support disease forecasting
by integrating environmental and epidemiological data to predict outbreak risks, improving crop
management strategies.

Cutting-edge applications include the development of digital twins—virtual models of crops that
simulate growth, development, and metabolite production. For instance, Michigan State University
is pioneering generative Al-based digital twins of apple trees, enabling researchers to predict
phenotypic outcomes under varying environmental conditions (Axios, 2025).

Leading agricultural biotechnology companies are also harnessing Al for trait prediction and drug
discovery. Evogene utilizes Al-enabled predictive biology to optimize traits such as yield, stress
tolerance, and disease resistance in crops, while Insilico Medicine applies similar Al methodologies
to identify drug-like molecules derived from plant metabolic pathways, bridging plant science and
pharmaceutical innovation (Wikipedia, 2025).

Challenges & Limitations

Despite the transformative potential of Al in botanical and phytochemical research, several critical
challenges must be addressed to fully realize its benefits. First, data quality and bias remain
fundamental concerns. Al models rely heavily on large, accurate, and well-curated datasets;
however, inconsistencies, missing data, or biased sampling can lead to skewed predictions and limit
model reliability (ArXiv, 2024). Ensuring high-quality, representative datasets that capture the
diversity of plant species and environmental conditions is essential for robust Al applications.
Second, the generalization of Al models trained under controlled laboratory or greenhouse settings
to real-world field environments remains problematic. Models that perform well in controlled
conditions often suffer reduced accuracy when confronted with the variability and noise inherent in
natural ecosystems, underscoring the need for diverse, context-rich training data.

Third, interpretability and explainability of Al models are critical, especially in pharmacological
and clinical contexts where understanding the basis of predictions influences trust and decision-
making. The development of explainable Al techniques that elucidate model reasoning without
sacrificing performance is an active area of research (Frontiers in Plant Science, 2023).

Finally, cross-disciplinary integration poses a significant challenge. Effectively combining
computational outputs with ethnobotanical knowledge, phytochemistry, biology, and agronomy
demands close collaboration among diverse experts and harmonization of heterogeneous data types.
Overcoming these barriers is pivotal for the next generation of Al-driven botanical discovery.

Future Directions

To overcome existing challenges and further enhance Al-driven botanical discovery, several
promising approaches and technologies are emerging. Explainable Al (XAI) tools such as SHAP
(SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) offer
ways to demystify complex model predictions by highlighting the contribution of individual
features. This transparency helps align Al outputs with known pharmacological markers, increasing
trust and facilitating validation by domain experts (Frontiers in Plant Science, 2023).

In data-scarce or partially labeled contexts—common in botanical research—active and semi-
supervised learning techniques enable models to iteratively improve by selectively querying the
most informative samples, reducing the need for exhaustive annotation.

The future of Al in this field lies in multi-modal frameworks that synthesize heterogeneous data
types, including images, omics datasets, chemical fingerprints, and textual ethnobotanical
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knowledge. Such integrative approaches enable holistic candidate assessment, capturing complex
biological and ecological relationships.

Practical field-ready deployment is advancing through smartphone applications like PlantNet, which
empower citizen scientists and researchers to perform real-time species and disease identification
using models trained on diverse, globally sourced datasets (Wikipedia, 2025).

Finally, collaborative data-sharing initiatives and citizen-science contributions are critical for
expanding datasets, improving model generalization, and fostering interdisciplinary synergy.
Together, these innovations promise to accelerate and democratize Al-powered botanical
exploration.

CONCLUSION

Al-powered discovery is revolutionizing the field of botanical therapeutics by enabling rapid and
efficient identification of plant species with high therapeutic potential. By leveraging advanced
machine learning algorithms, Al can model complex phytochemical interactions, predict biological
activity, and automate species and disease recognition through analysis of diverse data types such as
images, omics datasets, and ethnobotanical records. This integrated, data-driven approach is
accelerating the pace of natural product discovery far beyond traditional methods.

However, the success and impact of Al in this domain hinge on several critical factors, including the
robustness and representativeness of datasets, effective cross-disciplinary collaboration among
botanists, chemists, and data scientists, and rigorous experimental validation of computational
predictions. Furthermore, responsible deployment practices that address interpretability, bias, and
ethical considerations are essential to building trust and ensuring meaningful outcomes.

With ongoing advances in explainable Al and multimodal learning, the future holds great promise.
Al is poised to unlock the vast, largely untapped medicinal potential embedded within the botanical
world, paving the way for novel therapeutics and sustainable healthcare solutions.
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