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Abstract—In pharmaceutical sector, Al is significantly influential as the younger generation shifts
towards natural remedies, appreciating their safety and effectiveness with minimal side effects.
However, isolation of pure and specific phytoconstituents from a wide array of options is challenging.
Artificial intelligence is utilized in several capacities, including the structural elucidation of chemical
compounds, predicting the bioactivity of targeted substances, designing novel drugs with unique
structures, and assessing the absorption, distribution, metabolism, efficacy, and toxicity of key
compounds. Although it reduces human errors, it encounters difficulties such as managing the
complexities of data, variability, quality, and biases. Issues related to the model, including overfitting
and underfitting of datasets, disrupt the training of models on these datasets. Even the biological and
experimental research, challenges arise from incomplete gene annotations and the failure to accurately
replicate in-vitro and in-vivo models. This review article discusses the challenges faced by artificial
intelligence during natural product drug discovery.

Index Terms—Dereplication, Bottlenecks, Drug discovery, Data integration, Cheminformatics, Natural
products

I Introduction

The emergence of natural remedies can be attributed to the extensive discovery of chemical
compounds, leading to the isolation of new components for enhanced results. The natural products offer

possibilities for uncovering the new compounds that can be developed into pharmaceuticals.

Although the intricate structures of natural products provide benefits, developing structural analogs to explore
structure-activity relationships and enhance natural product candidates can be complex, particularly when the
synthesis pathways are complicated. Moreover, phenotypic screening is often utilized to discover therapeutic
leads from natural products, and ascertaining chemical structure is a lengthy process. The main obstacles for
upcoming discoveries associated with natural products include dereplication and structural analysis,
particularly in determining the relative and absolute configurations of secondary metabolites with stereogenic

centers @,
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Typically, multiple compounds interact synergistically and concurrently, contributing effectiveness to treat
disease with minimizing side effects plant extracts. Consequently, the process for developing plant-derived
medications should commence with a combinatorial approach when assessing potential molecules and

technological advancements®®,

Il. SCOPE

To improve the systematic approach in the search for natural product drug discovery, it is crucial to
utilize various emerging artificial intelligence technologies to create innovative and pure compounds, ensuring
that new treatments along with its safety, efficacy, and quality. During these procedures, a variety of challenges
can surface when integrating and training Al with large datasets. To address these issues, new Al tools can
effectively identify precise compounds along with their structural screening. All new drugs should be designed
using robust methods that prioritize safety; Al can assist in overcoming many difficulties faced when sourcing
pure compounds from extensive collections and in developing reliable biological models, thus decreasing the

necessity for experimental animals and expediting the identification of new compounds®.

1. LITERATURE SEARCH STRATEGY
Different scientific databases like Scopus, PubMed, Google scholar are utilized for information

gathering regarding the challenges faced by Al during natural products drug discovery, employing keywords
such as "natural product drug discovery", "the use of Al in natural product drug discovery", "issues concerning
artificial intelligence", '"data-related challenges", "model-related challenges", and "biological and
experimental challenges. Research articles concerning the applications and drawbacks of artificial intelligence
in the discovery of natural products drug discovery were examined, specifically those published from 2010 to

2025, regardless of their publication date. In cases where two papers presented identical information, the more

recent one was chosen.
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IV. CASE STUDIES
4.1. Case study based on deep learning model for antibiotic ©.

4.1.1. Background and rationale

The quest for natural products is currently impeded by the challenge of dereplication, where identical
molecules are often rediscovered. Furthermore, the rapid expansion of available chemical spaces through the
modification of complex scaffolds results in a greater number of failures than successes when developing
next-generation antibiotics based on existing ones. Consequently, Stokes et al. (2020) employed deep learning

models across different chemical libraries to identify promising lead compounds.
4.1.2. Key identification

The model observed demonstrated efficacy against bacteria due to its structurally diverse compounds
compared to current antibacterial agents. The study highlights the success of diverse approaches in

expanding the array of antibiotics through the identification of structurally distinct antibacterial compounds.
4.1.3. Issues

In this instance, the deep learning model created for antibiotic discovery performed well; however, it
had some limitations due to the restricted datasets provided, which mainly concentrated on the phenotypic
data of bacterial strains that were biologically inadequate. This issue led to problems with the model's ability
to demonstrate consistent and reliable results, it potentially produced biased reports, and it struggled to
comprehend the biosynthetic pathways of natural products, as the models were provided synthetic libraries
datasets. For further enhancement, deep learning models should undergo more thorough training on

particular task to improve detection accuracy.
4.1.4. Improvement

To ensure effectiveness in future applications, deep learning models should be trained using chemical
libraries that encompass of molecules which have molecular properties. similar to those of antibacterial drugs

but also be diverse enough to enable tools to identify the molecules. Additionally, by conducting multiple
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training cycles across a variety of Phytoconstitute, we can analyze particular chemical constitutes which

exhibits activity against bacteria.

4.2. Case study based on mass spectroscopy based molecular networking ©.

4.2.1. Background and rationale

After millions of years of evolutionary fine-tuning, natural products possess remarkable
pharmacological characteristics and have traditionally been the primary resource for drug development. A
considerable portion of small-molecule drugs and their derivatives have shown effectiveness in the treatment
of diverse ailments. Nevertheless, it is clear that many pharmaceutical companies have discontinued their
initiatives to screen new chemical entities from natural products since the year 2000. The reasons given point

to the swift progress in biopharmaceuticals.
4.2.2. Key identification

The initial report on classical MS-based techniques was published by Dorrestein’s team in 2012, aimed
at examining the metabolic profiles of active microbial communities. In 2013, worldwide products originated
from natural sources, serves as collaborative web platform for the storage, analysis, sharing, and comparison
of MS data, along with the generation of molecular networks, further advanced the application of molecular

networking across various research teams.
4.2.3. Issues

It's important to emphasize that MS-based analysis is a detection method that can be biased, depending
on the effectiveness of compound fragmentation, as certain natural products do not ionize as effectively as
others. Despite the use of various innovative techniques for screening and analyzing the molecular data of

compounds, errors still occur, highlighting the necessity for manual skills and expertise.
4.2.4. Improvement

While there are conceptual approaches for molecular networking that rely on extensive datasets, the

processes for data handling, algorithm development, and annotation compilation are essential. In recent years,
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there has been a growing demand for innovations in the field of molecular analysis, detection, and the

dereplication of datasets. This case study discusses various tools utilized for molecular networking, including

CLMN, MS2LDA, FBMN, and IIMN, highlighting their wide-ranging applications in practical work and

showcasing their advantages.

Table no. 1 provides a brief overview of case studies to help readers understand how frequently used

approaches in NP drug development operate and the challenges they encounter.

Table 1. Observations of applications and limitations identified in the previously discussed case studies.

Study Al approach | Objective Key Findings | Major Ref.
Limitations
Case Deep To  identify | Discovered Dataset biased | Stokes
study 1 | Learning structurally eight towards E. coli | et
Model for | novel antibacterial Phenotypic al.,2020
Halicin antibacterial compounds data; Limited | (5).
Antibiotic compound including natural product
Discovery. halicin ~ with | representation.
unique
scaffolds.
Case MS based | To  improve | Enabled rapid | lonization bias, | Qiang
study 2 | Molecular dereplication | comparison of | fragmentation | et
Networking. | and MS  spectra; | variability, al.,2021
visualization improved manual (6).
of natural | annotation and | intervention
product collaborative | required.
chemical data sharing.
space
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V. CURRENT APPLICATIONS OF Al IN NATURAL PRODUCTS DRUG DISCOVERY
5.1. Structure elucidation

Artificial intelligence, particularly through machine learning and deep learning, has transformed drug
development by improving data analysis and predictive modeling. AI algorithm toolkits exhibit strong
performance, such as multitarget drug target interaction, which assesses the binding affinity between specific
proteins and ligands. Table no. 2 lists a few of the toolkits along with their intended usage. The NMR based
model categorizes specific compounds using NMR data, whereas multitarget profile prediction identifies
small molecules with the desired multitarget profiles for disease-related targets by employing the SMILES

notation of a chemical compound?.
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Al Technique Application Al Tools used Purpose Ref.
Area
Visualization Dereplication Convolutional For rapid | (10)
models Neural Networks | identification of
(CNN). known
Deep Belief | compounds from
Network (DBN). complex
extracts.
Deep learning Structure Neural Networks, | Prediction of | (7)
Elucidation MS2DeepScore, molecular
Micro ED structure  from
MS OR NMR
data.
QSAR models Activity k-NN,  Decision | Correlation  of | (8)
Prediction trees, Gradient | molecular
boosting descriptors with
biological
activity.
virtual screening Target based | Molecular Screening large | (11)
screening Docking + ML | NP libraries
scoring against
biological
targets.
generative models | Drug Deigning | Variational Designing novel | (12)
by De novo. Autoencoder NP inspired

scaffolds.

120789

Table 2. Utilizing Al toolkits in the process of drug discovery.
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5.2. Bioactivity prediction

In order to detect the biological activity of specific compounds, it is necessary to comprehend how
these chemical compounds interact with targeted biological molecules. Several machine learning, deep
learning, and natural language processing techniques have been advanced for the prediction of biological
activity. Computational tools are essential, as demonstrated by SEA (similarity ensemble approach), which
categorizes proteins by the chemical similarity of their ligands. TiGER (target inference generator)
qualitatively identifies up to 331 targets. DEcRyPT (drug target relationship predictor) reveals the targets of
phenotypic hits and accurately predicts their affinities. STarFish (stacked ensemble target fishing) assesses
how small molecules interact with 1907 targets, with a particular emphasis on predicting the targets of natural

products®.
5.3. Drug designing

The integration of Al into computational chemistry has resulted in the creation of de novo design
approaches that focus on developing new molecules. These methods aim to investigate and navigate vast
regions of chemical space, extending beyond the limits of current databases of drug-like compounds. De novo
molecular design primarily utilizes two approaches. The first, termed "Holistic Generation”, involves
constructing an entire molecule from the ground up, which is especially effective during the early discovery
stages and for broadly exploring chemical spaces. The second method, "Iterative Generation," involves
assembling molecules in a sequential manner, making it better suited for refining existing molecules or

customizing them for specific applications®.

VI. MAIJOR ISSUES AND CHALLENGES

Artificial intelligence has made significant progress in discovering new natural compounds and
identifying optimal methods for their extraction. Meanwhile, Al is addressing various challenges to enhance
the efficiency of natural product discovery. The range and diversity of natural products are immense. The
difficulties that develop during the various phases of drug discovery are many and stem from a number of

causes, which are listed in figure no.1 below.
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Figure 1. Issues faced by Al during natural product drug discovery
6.1. Data related issues
6.1.1. Scarcity and biasness of data

The main obstacle faced by Al in NP drug discovery is the challenge of incorporating a large variety
of chemical moieties. However, early limitations in methods for determining structure and inaccuracies in
data collection frequently result in incomplete datasets, which may lack stereochemical specifics, leading to
the unnecessary storage of duplicate substances due to differences in the level of structural detail.

Consequently, it is wise for users to confirm the accuracy of the information obtained!?).

Developing a community-oriented, openly available database for natural product structures would enhance
advancements in technologies aimed at discovering natural products and strengthen the connections among
current natural product data resources. To foster collaboration and integration, it is crucial to compile data
from a variety of sectors, such as academic studies, industry research, and regulatory guidelines, to achieve

validated results!V.
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As scientists receive extensive responses from gene banks to evaluate the activity of chemical moieties for
predicting their effects. Blood samples are gathered from various blood banks for analysis of m-RNA strains,
which are then utilized to develop and train Al models aimed at predicting drug efficacy on these blood
samples. However, the collected blood samples do not provide insights for organ-specific studies, as treating
particular diseases like Alzheimer’s, diabetes, and cancer necessitates m-RNA strains from the corresponding
organs, and such data is often limited and of questionable quality. This poses a significant challenge for Al

models in the drug discovery process for organ-specific diseases!?.
6.1.2. CHEMICAL COMPLEXITY

Natural products display an impressive variety in structural composition compared to synthetic
compound libraries; they generally possess greater molar masses, a higher number of carbon and oxygen
atoms, an increased quantity of hydrogen bond donors and acceptors, and enhanced rigidity in their molecular
frameworks. This diversity however, diminishes their target affinity and specificity, presenting a challenge in

the field of drug discovery!?.

The generalizability of machine learning models used for predicting toxicity is hindered by the variety of
toxicity endpoints and the intricate nature of biological systems in vivo. These endpoints assess the toxicity
profiles of compounds and highlight the diverse interactions that occur within biological systems. Generally,
models are created for individual endpoints, each of which necessitates distinct data parameters. As a result,
a model that is successful for one specific type of toxicity may not consistently yield reliable results for

another(!¥,

Natural products frequently exhibit intricate structures that include multiple stereocenters, a variety of
functional groups, and different isomers, which makes it challenging for AI algorithms to accurately forecast
their bioactivity, toxicity, and other traits. To tackle this complexity, advanced computational tools such as

automated statistical analysis, in silico screening, and multivariate data analysis are essential!).
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6.1.3. VARIABILITY IN HERBAL RAW MATERIALS

The composition, yield, and bioactivity of natural products can be significantly affected by variations
related to age, the season of harvest, and the methods of extraction. Such inconsistencies can introduce bias
in the data collected. Numerous challenges can impact the effectiveness, safety, and feasibility of developing
new medications, despite the advantages of using phytochemicals in pharmacology. The first challenge arises
from the complex and varied phytochemical compositions of plants, which can lead to inconsistent

characterization and isolation of these compounds'®.

Environmental factors such as climate, geographic location, and soil conditions have a significant effect on a
plant's phytochemical profile, complicating efforts for standardization. The second challenge is that extraction
and purification processes for pure compounds are often time-consuming and sometimes yield extremely low
amounts, which can hinder the ability to conduct thorough pharmacological studies and further

development!?,
6.1.4. BIASED DATA

The difficulty is exacerbated by the lack of high quality, annotated datasets related to NPs, which
complicates effective model training. This shortfall leads to issues such as overfitting, where models may
perform exceptionally well on the training dataset but struggle to generalize to new or unseen data. The
resultant fragmentation of data impedes Al systems from identifying cross-modal patterns that link structural,
functional, and pharmacological aspects, thus limiting their capability to predict new chemotypes or reveal

emerging bioactivities!®).

A common challenge in large data modeling is the issue of missing information. In earlier studies, a typical
strategy was to create QSAR models for specific tests and then apply these models to predict target drugs that
had not been tested against those assays. This approach was effective only when the data used in model-
building demonstrated clear biological processes (such as log values or rigid target bindings, for instance).
Nevertheless, due to prediction errors from QSAR models, this method introduced additional uncertainty into

the modeling process. When dealing with diverse and intricate datasets (like clinical data), advanced statistical
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methods such as multiple imputations become necessary. During the modeling phases, it is essential to
prioritize active findings over inactive ones to account for the biased nature of high throughput screening

data?),

The reliability of AI models in natural product discovery is notably constrained by the "garbage in, garbage
out" concept, where the quality of the input data poses a significant challenge. Systematic biases within
publicly accessible databases (like ChEMBL), which predominantly focus on synthetic compounds and
singular target assays, cause a significant underrepresentation of NP chemical variety and poly pharmacology.
Furthermore, the diverse nature of data from various sources including raw extracts, different bioassays, and
traditional records lacks uniform annotation, generating noise and complicating the integration of machine

learning®?,
6.2. Model related issues
6.2.1. Overfitting due to small databases

Overfitting in machine learning refers to a situation where a model is trained to large number of
datasets but it fails to identify unknown data. Data scientists usually develop a machine learning model using
a particular dataset to make predictions. Once the model is trained, it applies this knowledge to predict
outcomes for new data. A model that is overfit can yield inaccurate predictions and may have difficulty
performing well across different types of new data. This issue can arise when the training dataset is minor and
not enough to represent the required output. Overfitting can emerge for several reasons, such as having an
insufficiently sized training dataset with a lack of adequate samples to represent all potential input data values.

Furthermore, an overly complex model can lead to the capture of noise in the training data®".

The initial problem in QSAR modeling is that imprecise training data can lead a QSAR model to capture the
patterns present in the noise instead of the actual trends in the data, a commonly recognized issue known as

overfitting??).
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6.2.2. Insufficient representation of stereochemistry and 3d geometry

Computers have allowed for the swift digital storage and retrieval of chemical substances and their
representations, along with rapid updates to digital data and improved efficiency in physical storage.
Algorithms emerged to visualize compounds in two dimensions, and the computational representation of these
compounds in a three-dimensional format gained popularity with the launch of specialized software.
Throughout that time, the efficiency of memory was vital in shaping the development of chemical notations.
The representations that are prevalent today were primarily formulated in the 1970s to depict small molecules,
macromolecules, and chemical processes. These representations are frequently employed in the fields of
artificial intelligence, particularly within cheminformatics and drug development. The emphasis is confined

to domains actively being explored in the fusion of Al and ML %),

Figure No. 2 illustrates how recently developed techniques for performing QSPR and QSAR analysis use a
simplifying molecular input-line entry system (SMILES) to describe chemical structures for two-dimensional

modelling.
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Figure 2. QSAR and QSPR models working processes

Unlike standard SMILES, quasi-SMILES consists of a series of special symbols and codes that represent
molecular characteristics and specific experimental conditions. Both standards are the foundation methods to

analyze the structures®.

CoMFA and CoMSIA are two of the most commonly employed 3D QSAR techniques. COMFA evaluates the
forces related to steric and electrostatic interactions between the compound and the probe atom at various
locations within a structured 3D grid, utilizing Lennard-Jones and Coulomb potentials. COMSIA investigates
the influence of steric fields, electrostatic fields, hydrogen bond donors and hydrogen bond acceptors on the

effectiveness of inhibitors®.
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6.2.3. Difficulty in integrating multiomics datasets

Multi-omics research represents a revolutionary approach in life sciences, integrating information
from genomic studies and various other omics technologies to provide a comprehensive perspective on
biological systems®®. The presence of unmeasured data in multi-omics datasets increases data sparsity,
making the identification of patterns or predictions more challenging. Combining different types of data, such
as binary genomic information and continuous gene expression levels, is complicated due to their differing
scales. Variations in data from various laboratories, batches, or platforms can obscure true biological signals.
Problems such as missing data, outliers, and noisy information in actual datasets can skew results if not
properly addressed. Different omics technologies carry inherent biases, including variations in sensitivity or
dynamic range, which must be corrected before integrating data. This highlights the heightened issues

stemming from the lack of standardization, resulting in challenges in the integration of multi-omics data®?.

The number of gene expression datasets that are publicly accessible and stored in the Gene Expression
Omnibus is increasing rapidly. These datasets are highly valuable for discovering new knowledge, especially
when they are integrated. These datasets are inherently multimodal, including genomic sequences,
metabolomic signatures, spectral readouts, and unstructured text records; however, they do not have
standardized formats or consistent ontologies. The lack of standardization and interoperability greatly limits
their compatibility with modern deep learning frameworks, which are designed to process clean, structured,

and uniform data®®.
6.2.4. Blackbox

The challenges hindering the use of Al in natural product research go beyond simply data-related
issues and include significant algorithmic and methodological hurdles. A notably important concern is the
“black box” characteristic of sophisticated deep learning models, in which the processes behind their decision-
making are unclear and lack transparency. This lack of clarity poses a considerable obstacle in a field that

requires robust, transparent, and verifiable evidence to satisfy the strict criteria for regulatory approval and
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clinical application. Without a clear understanding of the underlying mechanisms, researchers cannot fully
trust the predictions made by the models®?).

A major limitation of Al technologies, such as neural networks, is their perception as black boxes. These
methods are dependent on the training data, creating a constant risk of overgeneralization to scenarios not
represented in that dataset. A drawback of genetic algorithm techniques is the absence of a guarantee for
achieving optimal outcomes. The performance of deep learning models declines when the dataset is not
adequately large. Reliable and sufficient data is fundamental for the success of AIDD models. Deep Neural
Networks provide highly accurate predictions for Al models through extremely complex non-linear statistical
models with numerous parameters, which obscures the transparency of these techniques. As a result, Al
algorithms face issues of transparency, commonly referred to as opacity, which is a condition where a system
does not provide justifications or logical explanations for its actions, often termed "the black box problem."
Grasping black box systems presents a considerable difficulty for humans. Depending on black-box models
for important decisions creates an urgent requirement for Al algorithms to be clear in their decision-making

processesC?,
6.3. Biological and experimental issues
6.3.1. Complexity in np biosynthetic pathway

Although there have been considerable improvements in target identification, virtual screening, and
compound optimization through Al, the synthesis of biosynthetic compounds continues to pose a challenge.
While additional advancements are needed to completely leverage AI’s capabilities in natural product
synthesis, innovations like Chemotic employ expert-like thinking to develop viable synthetic pathways for
intricate compounds. A proficient and well-trained workforce presents another challenge. There is a demand
for additional software engineers who understand Al technology, as well as for more skilled data scientists.
With in depth knowledge in these areas combined with expertise in pharmaceuticals, the workforce can
effectively engage in Al driven drug discovery. Nevertheless, there is still a need for a more skilled and trained

workforce®D.
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6.3.2. Incomplete annotations of genes

This presents a challenging issue, as a significant portion of genetic data in microbial and plant systems
is classified as "hypothetical proteins" with unclear functions. AI models that are based on incomplete or
insufficient annotations may generate predictions that lack innovation or reinforce existing flaws. Structural
annotations are essential for understanding a wide range of biological data, which makes the annotation of
small molecules a particularly challenging and critical aspect of untargeted mass spectrometry research.
Nevertheless, the dissemination of these annotations requires manual scrutiny of mass spectrometry spectra
within spectral networks, as the structural and natural diversity of natural products makes it difficult for Al
models to accurately identify compounds. This type of analysis can only be conducted when a spectrum from
a reference library is at hand. A major challenge in in silico annotation stems from the ambiguity regarding
the accurate structure within the proposed candidate list. One key problem with annotation techniques based
on machine learning is that they primarily concentrate on annotating molecules one by one. Nevertheless,
structural hypotheses generated by interpretation of compounds discovered through MS can be strengthened

by molecular connections based on spectrum similarity®®,

Now, there are two primary challenges in creating annotated datasets. It is impractical to integrate annotations
from different sources since most datasets may be labeled in various ways, necessitating research into a unified
training framework. The accuracy and structure of models are influenced by annotation techniques that often
introduce biases and misleading categorization. While it is crucial for subject matter experts to annotate
datasets for Al developers, the field should prioritize the development and implementation of annotation

standards for fundamental data categories©?.

The diversity among these annotation databases is quite remarkable, and enrichment testing may not have
been a primary aim in their original creation. Instead, they focus on specific contexts, including detailed
metabolic pathway illustrations from KEGG, curated human pathways from Reactome, comprehensive
protein function annotations from UniProt, identification of protein families and domains through SMART

and InterPro, and structured ontologies related to gene functions or cellular locations across different levels
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of detail in the Gene Ontology. These variations result in substantial disparities in gene representation, with a

small number of genes predominantly affecting pathway annotations®?.
6.3.3. In vivo and in vitro

Modern methods that primarily rely on HTS datasets encounter practical difficulties because they are
fundamentally based on less biosystem complexity or excessively easy experimental situation, especially
when there are insufficient controls to accurately replicate in vivo features. They also have shortcomings in
their ability to elucidate protein interactions. The effectiveness of implementations focused on structural-
based drug design is limited by the existing knowledge of protein topology, which is often biased towards
known protein conformations, leading to difficulties in selecting diverse or innovative chemical structures.
This reliance on previously published information, while neglecting areas beyond the explored or reported
experimental data ranges, significantly affects the creation of new medications or scaffolds an issue known
as implementation bias. Furthermore, the success of utilizing data influences drug repurposing efforts and the
capacity to achieve results for specific targets, while limitations in the reliability of data sets hinder both
existing and prospective applications, failing to consider factors that govern clinical responses or patient
demographics due to insufficient methodologies for assessing new medication applications in repurposing
initiatives and flawed data evaluations. Consequently, to ensure that transforms and application in NP
innovation are reliable, the existing emphasis on "structural analysis and virtual assays" ought to transition
towards models that integrate various validation parameters, which should include real in vivo models and

clinical endpoint information.

Neurodegenerative disorders are a category of long-term, advancing illnesses marked by the deterioration of
neuronal structure and functionality. Traditional drug development approaches that focus on single molecular
targets have often fallen short in preventing or halting the progression of these diseases, highlighting the need
for more holistic strategies. In this context, Multi-Target Directed Ligands have emerged as a promising

threating option®¥,
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6.4. Practical and commercial issues
6.4.1. Workflow and dereplication problem

Assessing the biological activity of extracts or extract fractions is the first step in creating a medication
from natural matrices. A phytochemical profile of the samples under examination should be supplied to ensure
study repeatability, as the phytochemical profile of natural samples differs by each batch. As an alternative,
the specific substances that cause biological effects have to be recognized, separated, and their activity
verified. The absence of effective methods for locating and separating physiologically active substances is

one of the main obstacles to screening complicated mixtures for pharmacological leads®®.

Conventional screening techniques frequently call for the chemical separation of specific chemicals from
mixtures, integrated and evaluated. These procedures usually expensive, labor intensive, and time-consuming.
Synthetic libraries of individual chemicals are the primary focus of high throughput screening methods. To
find the pharmacologically active compounds in mixtures, time-consuming isolation and characterization are
required. The most generally performed strategy relies by separating of individual chemicals followed by
evaluating them in their pure forms. Thus often results in the isolation of the most prevalent new compounds

or molecules that have previously been thoroughly studied®®).
6.4.2. High computational cost for deep learning models

Deep learning models requires a large financial investment to meet the computational demands of both
hardware and software assets. In addition to GPUs and TPUs, which are typically unavailable to many startups
and academic institutions, training complicated models on big datasets requires an effective computational
infrastructure. Moreover, the energy consumption associated with drug development makes these deep
learning models environmentally unsustainable®*”. Additionally, the process of model creation is ongoing,
which adds to the computational load as models are continuously refined. Keeping costs under control
necessitates well-organized workflows and structured algorithms. Nevertheless, developing such solutions

requires knowledge in both pharmaceutical development and computational sciences©?.
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6.4.3. Limited collaboration between phytochemistry and computational scientist

The combination of ethnopharmacological insights with computational drug discovery methods marks
a significant change in the initial phases of drug development, particularly in the quest for bioactive substances
derived from natural sources. Ethnopharmacology, which includes the traditional understanding of plant-
based treatments in various cultures, offers a valuable repository of structurally varied bioactive substances.
However, the process of converting these traditional leads into clinically applicable drug candidates has often
been hindered by lengthy and resource-demanding experimental processes.®?) Although computers have made
it easier to choose and refine lead compounds, fully automating drug development remains unfeasible because
there are no advanced scientific robots powered by artificial intelligence or their virtual equivalents. The goal

of fully automated Al drug development continues to be a hopeful ambition?),
6.5. Regulation and ethical aspect

The main regulatory challenge is the absence of unified international standards for Al products. While
the FDA has released its AI/ML Action Plan and white papers, and the EMA has published reflection papers
regarding Al applications during the product life cycle, regulatory frameworks for adaptive learning
algorithms and ongoing maintenance after market entry are still being developed. Submission requirements

also differ greatly among agencies, leading to uncertainty for industry participants.

Another challenge is the question of accountability. When an Al system produces an incorrect result, it’s often
ambiguous who is responsible whether it’s the developer, the pharmaceutical company utilizing it, or the
regulatory agency relying on it. This ambiguity in accountability leads to legal and ethical uncertainties within

the regulatory landscape™V.

VIl. FUTURE PERSPECTIVE

7.1. Data standardization

The integration of AI with the Internet of Things could signify a significant advancement in
pharmaceutical manufacturing, effectively bridging the gap between the digital and physical worlds. By

incorporating Al algorithms into IoT sensors, both the production process and quality assurance are optimized,
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resulting in greater overall efficiency. This synergy facilitates machine learning and deep learning, which
allows for real-time analysis, predictive maintenance, and automation, as it continuously monitors vital

manufacturing parameters?.
7.2. Ethical concerns 3.

To fully harness the potential of Al while ensuring regulatory integrity is preserved, enhanced
collaboration among global organizations, industry stakeholders, and technology developers is essential.

Recommended best practices should involve:

e Implementing ALCOA+ principles: Attributable, Legible, Contemporaneous, Original, Accurate,
Complete, Consistent, Enduring, and Available in Al-driven systems and Adhering to data protection
laws such as GDPR and HIPAA®4.

e Collaborative governance: Developing worldwide regulatory structures that cater to the requirements
of researchers, developers, and policymakers will aid in the incorporation of Al in natural product

research®),

VIIl. Advanced Docking Methodologies
Future studies should concentrate on expanding these generative docking frameworks and giving

priority to improvements in precision, computer effectiveness, and smooth compilation in NP discovery“%.

e Four-dimensional (4D) docking - technique reduces sampling time while preserving the accuracy of
traditional assemblage dockage and allows for the seamless integration of receptor conformational
ensembles into a single docking simulation*?,

e Molecular dynamic - The efficiency of evaluating metric depend on machine learning for interaction
strength prediction may be improved by refining. The assessment was carried out by a number of angles,
including feature selection, conformation sampling and collecting, descriptor development and
combination, machine learning techniques, and the targets' structural flexibility. The most accurate
prediction results were obtained for feature selection when Smina and NNscore were integrated, and each

target's final gain features included a certain amount of strength®®).
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e Molecular dynamics simulations - provide crucial information on the workings of macromolecules,
enabling more adaptable sampling than conventional docking studies™”.

e Convolutional neural network - A CNN scoring function autonomously identifies essential
characteristics of conjugate interactions that are associated by interacting. The development of CNN
ranking to distinguish among accurate and inaccurate docking mode, as well as between known binders

and non-binders®9,

IX. CONCLUSION

The incorporation of Artificial Intelligence into natural product research represents a major shift in
drug discovery and development. By leveraging Al technology, researchers can address numerous challenges,
with advancements in structure elucidation, De novo design, and more. However, despite these advancements,
Al cannot yet be regarded as a completely reliable and robust approach for drug discovery, as several issues
related to data reliability, Al models, clinical validity, computational complexity, as well as regulatory and
ethical concerns must be acknowledged in this discussion. For further advancements in Al tools and
techniques, it is essential to explore the specific issues that arise and to adopt new integrations in this field
through ethical practices and collaboration with innovative methods to enhance the reliability of natural

product drug discovery.
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