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ABSTRACT

Artificial intelligence (Al) has emerged as a powerful tool in
drug discovery and development, revolutionizing the field of
molecular docking. This review provides an overview of
current approaches in molecular docking using Al techniques,
including machine learning and deep learning algorithms. We
discuss the application of Al in virtual screening,
ligand-receptor binding prediction, and drug optimization,
highlighting recent advancements, challenges, and future
directions.

Keywords: Artificial intelligence, molecular docking, virtual

screening, drug discovery, machine learning, deep learning.

Application of Al in Molecular Docking:

Al techniques, including machine learning and deep learning
algorithms, have been widely applied in molecular docking to
enhance the efficiency and accuracy of ligand-receptor
binding prediction. Machine learning models learn from large
datasets of molecular structures and binding affinities to
predict the binding affinity between ligands and receptors(1).
Al technologies can help analyze vast amounts of data, such as
genomic, proteomic, and chemical information, to identify
potential drug molecules and predict drug efficacy or
toxicity(2). By analyzing complex datasets and identifying
hidden patterns, machine learning (ML) or deep learning (DL)
algorithms can find novel targets associated with multi-omics
data and help search for novel chemical entities with
biological activities. They have not only expedited the

identification of potential drug candidates but have also
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proven invaluable in the process of drug repurposing (3). Al it
predict potential new uses for existing drugs, a breakthrough
that has the potential to accelerate the drug development
process and reduce associated costs(3). This ability is
particularly significant in addressing urgent medical needs, as
repurposing existing drugs can bypass lengthy and costly
phases of preclinical testing and safety evaluation. Moreover,
Al has emerged as a key tool for personalized medicine by
aiding the development of drugs that are tailored to individual
patients’ genetic profiles. In the future, the demand for Al in
drug discovery is expected to grow as the technology becomes
more advanced and many more data become available(4).
Machine learning in drug discovery by Al

Machine learning is a group of which is focus on the
development of a logarithms that learn adapt and perform task
through data processing and analysis(5). By identifying
patterns, making predictions, and refining algorithms based on
input data, ML allows machines to improve their prediction
performance and decision-making capabilities autonomously
over time. ML algorithms can be broadly categorized into
three types: supervised learning, unsupervised learning, and
reinforcement learning.

Support Vector Machine

Support Vector Machine (SVM) is a supervised machine
learning algorithm that has been widely used in drug discovery
and development for various applications, including virtual
screening, quantitative structure-activity relationship (QSAR)

modeling, and drug-target interaction prediction. Here's an

overview of how SVM is used in drug discovery. SVM has



been employed in virtual screening to identify potential

drug candidates from large compound libraries. In virtual
screening, SVM models are trained on a dataset of known
active and inactive compounds against a specific drug target.
These models learn to discriminate between active and
inactive compounds based on their molecular features, such as
chemical structure, physicochemical properties, and molecular
descriptors. Once trained, the SVM model can efficiently
classify new compounds as potential drug candidates or
non-candidates, thereby reducing the number of compounds
that need to be experimentally tested(6). SVMs have
established themselves as a significant tool in drug discovery
due to their superior ability to analyze complex
cheminformatics data. Their use extends to various tasks: they
help in virtual screening processes(7),(8).

Naive Bayes

Naive Bayes is employed in virtual screening to prioritize
compounds from large chemical libraries for experimental
testing. In this application, Naive Bayes classifiers are trained
on a dataset of known active and inactive compounds against a
specific drug target. The algorithm learns the probability
of features molecular

distribution descriptors,

(e.g.,
fingerprints) associated with active and inactive compounds.
When presented with new compounds, the Naive Bayes
classifier calculates the probability that each compound is
active against the target based on its features. Compounds with
high probabilities are considered potential drug candidates and

are selected for further experimental validation(9). In drug

design, the naive Bayes algorithm has been widely applied,
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helping predict the biological activities of compounds,
assisting in the early selection of promising candidates, and
estimating results before laboratory experiments(10),(11). It
can  predict  protein—protein(12) and  drug-drug
interactions(13), which is vital for understanding cellular
pathways and managing polypharmacy, where patients take
multiple drugs. This algorithm can also anticipate drug—target
interactions, facilitating drug repurposing and side effect
prediction(14)(15). In addition, it can classify compounds into
specific categories quickly, although it operates on the
assumption of feature independence, which may not always
hold (16).

Random Forest

Random Forest is employed in virtual screening to prioritize
compounds from large chemical libraries for experimental
testing. In this application, Random Forest models are trained
on a dataset of known active and inactive compounds against a
specific drug target. The algorithm constructs an ensemble of
decision trees, where each tree is trained on a subset of the
training data with replacement. When presented with new
compounds, the Random Forest model aggregates the
predictions from individual trees to calculate the probability
that each compound is active against the target. Compounds
with high probabilities are considered potential drug
candidates and are selected for further experimental validation
9).

Virtual Screening and Ligand Optimization

Al-driven molecular docking enables high-throughput virtual

screening of large compound libraries to identify potential



drug candidates with high binding affinity and specificity for
the target receptor. By rapidly screening millions of
compounds, Al algorithms facilitate the identification of lead
compounds for further experimental validation and
optimization (17). Moreover, Al-based approaches can
optimize the chemical structure of lead compounds to improve
their binding affinity, pharmacokinetic properties, and safety
profiles, thereby accelerating the drug discovery process (18).
Despite significant advancements, Al-driven molecular
docking still faces several challenges, including the need for
large and diverse training datasets, the interpretability of Al
models, and the generalization of predictions to novel
ligand-receptor pairs. Future research directions include the
development of hybrid Al models, integration of structural
biology data, and incorporation of quantum mechanical
calculations to improve the accuracy and reliability of
Al-driven molecular docking [5].

Conclusion

In conclusion, Al-driven molecular docking holds tremendous
promise for accelerating drug discovery and development. By
leveraging machine learning and deep learning algorithms, Al
enables rapid and accurate prediction of ligand-receptor
binding, virtual screening of compound libraries, and
optimization of lead compounds, thereby expediting the
development of novel therapeutics for various diseases.
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