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Molecular docking is an essential computational technique widely used in drug discovery to predict the
interaction between small molecules and their protein targets. This review presents a detailed examination
of molecular docking, including its historical development and current relevance in pharmaceutical
research. It outlines the core principles of molecular docking, differentiating between rigid and flexible
docking methods and discussing the critical components such as search algorithms and scoring functions.
The review highlights the role of molecular docking in identifying and validating drug targets, supported
by case studies demonstrating successful applications. Additionally, it covers the identification and
optimization of lead compounds through virtual screening processes. Recent advancements in docking
methodologies, such as the integration of machine learning and artificial intelligence, the development
of improved scoring functions, and the combination with other computational techniques, are explored.
The review also illustrates the application of molecular docking in various therapeutic areas, including
oncology, infectious diseases, and neurological disorders, with relevant examples. The challenges faced in
molecular docking, such as accuracy, computational demands, and the need for experimental validation,
are discussed. Looking forward, the potential of molecular docking in personalized medicine, the impact
of quantum computing, and its applications in environmental and agricultural sciences are considered,
emphasizing its growing significance across diverse fields.

INTRODUCTION

the possible binding modes based on their predicted

Molecular docking is a computational technique that
predicts the preferred orientation of one molecule to a
second when bound to each other to form a stable complex.
The primary goal of molecular docking is to achieve an
optimized fit between a small molecule (ligand) and a
macromolecular target (usually a protein or nucleic acid),
predicting the binding affinity and interaction sites. The
process involves two main components: a search algorithm
to explore the conformational space of the ligand and
the target, and a scoring function to evaluate and rank

interaction energies (Lengauer & Rarey, 1996).

The concept of molecular docking dates back to the early
1980s, with the development of the first docking algorithms
such as DOCK (Kuntz et al., 1982). These early methods
primarily focused on rigid-body docking, where both the
ligand and the receptor were considered inflexible. As
computational power and understanding of molecular
interactions advanced, more sophisticated methods were
developed, allowing for the flexibility of ligands and,
eventually, receptor molecules. Key milestones in the
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evolution of molecular docking include the introduction of
flexible docking algorithms, the incorporation of solvent
effects, and the development of more accurate scoring
functions. Today, molecular docking integrates advanced
techniques such as machine learning and quantum
mechanics, significantly enhancing its predictive power
and application scope (Trott & Olson, 2010).

Molecular docking plays a crucial role in modern drug
discovery and development. It is extensively used in virtual
screening to identify potential drug candidates from large
chemical libraries, thereby significantly reducing the time
and costassociated with experimental screening (Shoichet,
2004). By predicting how small molecules interact with
biological targets, docking studies help in elucidating the
mechanisms of action of drugs, identifying potential off-
target effects, and optimizing lead compounds for better
efficacy and reduced toxicity. Furthermore, molecular
docking aids in the design of novel therapeutics for a wide
range of diseases, including cancer, infectious diseases,
and neurological disorders, making it an indispensable
tool in the pharmaceutical industry (Kitchen et al., 2004).

Principles of Molecular Docking

Molecular docking is a computational technique aimed at
predicting the optimal binding orientation and affinity of
aligand when itinteracts with a biological macromolecule,
such as a protein or nucleic acid. The primary objective
is to identify the most stable ligand-receptor complex
configuration, which can provide insights into the
molecular basis of the interaction. This technique relies
on the fundamental principles of molecular recognition,
which involve the complementarity of shape and chemical
properties between the ligand and the target binding site
(Lengauer & Rarey, 1996). The docking process typically
involves two main steps: (1) sampling the conformational
space of the ligand and receptor to generate possible
binding poses, and (2) evaluating these poses using a
scoring function to estimate their binding affinities

(Morris et al., 2009).
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Types of Molecular Docking

There are two main types of molecular docking: rigid
docking and flexible docking.

Rigid Docking

e In rigid docking, both the ligand and the receptor
are treated as inflexible entities. This simplification
reduces computational complexity and time but
may not accurately represent the dynamic nature of
molecular interactions.

e Rigid docking is suitable for cases where the binding
site and ligand are known to undergo minimal
conformational changes upon binding.

e Early docking algorithms, such as DOCK, were based
on this approach (Kuntz et al., 1982).

Flexible Docking

¢ Flexible docking allows for the conformational
flexibility of the ligand, and in some advanced cases,
the receptor as well. This approach provides a more
realistic representation of molecular interactions.

e Ligand flexibility can be achieved by sampling different
conformations of the ligand, while receptor flexibility
can involve techniques like side-chain flexibility or
induced fit models.

¢ Moderndocking programs, such as AutoDock and FlexX,
incorporate flexible docking to improve the accuracy
of binding predictions (Trott & Olson, 2010) see Fig. 1.

Key Components of Molecular Docking

Search Algorithms

Search algorithms are responsible for exploring the
conformational space of the ligand and receptor to
generate possible binding poses. Effective search
algorithms balance the thoroughness of the search with
computational efficiency. Common search methods
include:

e Systematic Search

Exhaustive exploration of all possible conformations,
typically used for small ligands due to high computational
demand.

e Stochastic Search

Random sampling methods, such as Monte Carlo
simulations, genetic algorithms, and particle swarm
optimization, to explore conformational space efficiently.

e [ncremental Construction

Building the ligand pose incrementally, as used in
algorithms like FlexX, where fragments of the ligand are
docked sequentially (Rarey et al., 1996).

Scoring Functions

Scoring functions evaluate and rank the generated binding
poses based on their predicted binding affinities. They

e
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estimate the interaction energy between the ligand and the
receptor. There are three main types of scoring functions:

e Force-Field Based

Calculate interaction energies using classical force-field
equations, considering van der Waals forces, electrostatics,
and hydrogen bonding.

e Empirical

Use experimental data to derive energy terms that
correlate with binding affinities. They typically include
terms for hydrogen bonds, hydrophobic effects, and
desolvation energies.

e Knowledge-Based

Derived from statistical analysis of known protein-ligand
complexes, these functions use potentials of mean force to
predict binding affinities (Morris et al., 2009).

By combining advanced search algorithms with accurate
scoring functions, molecular docking provides valuable
insights into the binding interactions between ligands
and their biological targets, aiding in the rational design
of new therapeutic agent

Applications of Molecular Docking in Drug
Discovery

Target Identification and Validation

Molecular docking plays a pivotal role in identifying
potential drug targets by modeling the interaction
between small molecules and biological macromolecules.
By simulating how small molecules bind to target proteins,
docking helps to predict which proteins are involved in
disease processes and can be targeted by drugs. This
technique allows researchers to understand the molecular
mechanisms of diseases and identify critical interaction
sites on target proteins. As a result, it facilitates the
identification of promising therapeutic targets and guides
the design of new drugs (Shoichet, 2004). Additionally,
molecular docking canreveal allosteric sites—alternative
binding sites on the protein that can regulate its activity
when bound by a ligand—offering further opportunities
for therapeutic intervention (Parks & Hubbard, 2014).

The identification of HIV protease as a critical target for
antiretroviral therapy was significantly supported by
molecular docking studies. These studies modeled how
various inhibitors interacted with the active site of the HIV
protease enzyme. The insights gained from these models led
to the development of effective HIV protease inhibitors, such
as saquinavir and ritonavir, which have played a crucial
role in managing HIV/AIDS (Wlodawer & Vondrasek, 1998).
The identification and validation of the BCR-ABL fusion
protein as a therapeutic target in CML were facilitated by
molecular docking studies. Docking helped to understand
how inhibitors could specifically target the ATP-binding
site of the BCR-ABL protein. This knowledge led to the
development of imatinib (Gleevec), a groundbreaking

drug that has revolutionized the treatment of CML by
selectively inhibiting the BCR-ABL tyrosine kinase
(Schindler et al., 2000).

Lead Compound Identification

Virtual screening (VS) is a computational technique used
to identify potential lead compounds from large chemical
libraries by predicting their binding affinity to a target
protein. Molecular docking is a critical component of
VS, where each compound in the library is docked into
the binding site of the target protein, and their binding
affinities are calculated using scoring functions. This
approach allows for the rapid identification of promising
lead compounds, significantly accelerating the drug
discovery process by reducing the need for extensive
experimental screening (Shoichet, 2004).

During the COVID-19 pandemic, molecular docking played
a crucial role in identifying potential inhibitors of the
SARS-CoV-2 main protease (Mpro). Virtual screening of
large compound libraries led to the discovery of several
promising candidates that inhibit Mpro, some of which
have progressed to clinical trials. These efforts have
contributed to the rapid development of antiviral therapies
against COVID-19 (Zhang et al., 2020).

Molecular docking has been instrumental in identifying
several kinase inhibitors that have become important
anticancer drugs. For example, the virtual screening of
compound libraries against the B-Raf kinase led to the
discovery of sorafenib, a multi-kinase inhibitor used to
treat renal cell carcinoma and hepatocellular carcinoma.
This case highlights the efficiency of docking in identifying
potent kinase inhibitors (Wilhelm et al., 2004).

Lead Optimization

Lead optimization is the process of refining lead
compounds to enhance their pharmacological properties,
such as potency, selectivity, and safety. Molecular
docking aids in this process by predicting how structural
modifications to lead compounds will affect their binding
affinity and interaction with the target protein. Through
iterative cycles of docking and synthesis, researchers can
design molecules with improved therapeutic profiles,
increasing their efficacy while minimizing adverse effects
(Kitchen et al., 2004).

The optimization of epidermal growth factor receptor
(EGFR) inhibitors for treating non-small cell lung cancer
(NSCLC) has been significantly guided by molecular
docking studies. For instance, the development of
osimertinib, a third-generation EGFR inhibitor, involved
docking studies to optimize its binding to mutant EGFR
while avoiding wild-type EGFR, thereby reducing side
effects and overcoming resistance to earlier EGFR
inhibitors (Cross et al., 2014).

Molecular docking was crucial in developing COX-2
selective inhibitors, such as celecoxib. Docking studies
helped optimize the binding of these inhibitors to the
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COX-2 enzyme, minimizing interaction with COX-1,
which is associated with gastrointestinal side effects
common in non-selective NSAIDs. This optimization
led to the development of more selective and safer anti-
inflammatory drugs (Penning et al., 1997).

Molecular Docking in Different Therapeutic Areas

Oncology

Molecular docking has become a crucial tool in oncology
for the discovery and development of cancer therapeutics.
By simulating the interaction between small molecules and
cancer-related proteins, docking helps identify potential
inhibitors that can disrupt cancer cell proliferation,
angiogenesis, and metastasis. It allows researchers to
virtually screen large libraries of compounds against
key oncogenic targets, such as kinases, receptors, and
transcription factors, to find candidates that can specifically
bind and inhibit their activity (Shoichet, 2004). This
approach accelerates the identification oflead compounds,
which can then be optimized and developed into effective
anticancer drugs. Case studies of successful applications.

Infectious Diseases

BRAF Inhibitors in Melanoma

The development of vemurafenib, a BRAF inhibitor, for
treating melanoma is a notable success story. Molecular
docking was instrumental in identifying compounds that
selectively inhibit the BRAF V600E mutation, a common
mutation in melanoma. Vemurafenib has significantly
improved survival rates in patients with this mutation
(Bollag et al.,, 2012).

PARP Inhibitors in Breast and Ovarian Cancer

The discovery of poly (ADP-ribose) polymerase (PARP)
inhibitors, such as olaparib, involved extensive molecular
docking studies. Docking helped identify compounds that
effectively bind to the PARP enzyme, which is crucial for
DNA repair. PARP inhibitors are now used to treat BRCA-
mutated breastand ovarian cancers, exploiting the concept
of synthetic lethality (Bryant et al., 2005).

Impact on recent outbreaks (e.g., COVID-19)

SARS-CoV-2 Main Protease (Mpro) Inhibitors

During the COVID-19 pandemic, molecular docking was
extensively used to identify inhibitors of the SARS-CoV-2
main protease (Mpro). Virtual screening of compound
libraries and subsequent docking studies led to the
discovery of several potential inhibitors. Some of these
compounds progressed to clinical trials, providing a rapid
response to the outbreak (Zhang et al., 2020).

HIN1 Influenza Neuraminidase Inhibitors

The 2009 H1N1 influenza pandemic prompted docking
studies to identify new neuraminidase inhibitors. These

132

studieswerecrucialindevelopingzanamivirand oseltamivir,
which target the neuraminidase enzyme and prevent
the release of viral particles from infected cells, thereby
curbing the spread of the virus (Russell et al., 2006).

Neurological Disorders

Molecular docking is also pivotal in the discovery of
treatments for neurological disorders. By identifying
compounds that can interact with neurological targets,
such as neurotransmitter receptors, enzymes, and ion
channels, docking facilitates the development of therapies
for conditions like Alzheimer’s disease, Parkinson'’s
disease, and epilepsy. This computational approach helps
in understanding the binding interactions at a molecular
level, guiding the design of drugs with improved efficacy
and reduced side effects (Cummings et al., 2014).
Docking studies have been instrumental in identifying
and optimizing acetylcholinesterase inhibitors, such
as donepezil, for treating Alzheimer’s disease. These
inhibitors enhance cholinergic transmission by preventing
the breakdown of acetylcholine, thereby alleviating
cognitive symptoms (Sussman et al., 1991).

The development of selective monoamine oxidase B
(MAO-B) inhibitors, such as selegiline and rasagiline,
was aided by molecular docking studies. These inhibitors
reduce the breakdown of dopamine, a neurotransmitter
deficient in Parkinson’s disease, and help manage motor
symptoms. Docking studies helped optimize the binding
of these inhibitors to MAO-B, improving their selectivity
and therapeutic profile (Youdim & Bakhle, 2006).

Recent Advances in Molecular Docking Techniques
(Table 1)

Machine Learning and Al Integration

The integration of artificial intelligence (Al) and
machine learning (ML) with molecular docking has led to
significantadvancements in docking algorithms. Al-driven
approaches enhance the accuracy and efficiency of docking
simulations by learning complex patterns and relationships
within large datasets. These methods can predict binding
affinities more accurately and identify novel binding sites
that traditional algorithms might miss. Machine learning
models, such as deep neural networks, support vector
machines, and random forests, are increasingly used to
refine scoring functions and optimize docking protocols
(Jiménez-Luna et al., 2020). Some examples are:
DeepDock is an Al-based docking framework that uses
deep learning to predict binding affinities and optimize
ligand poses. It has demonstrated superior performance
in virtual screening campaigns, identifying potential
inhibitors for various targets with higher accuracy than
traditional methods (Torng & Altman, 2019).

AtomNet developed by Atomwise, employs convolutional
neural networks to analyze atomicinteractions and predict
protein-ligand binding. It has been successfully used in

P
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Table 1: Recent Advances in Molecular Docking Techniques

Advancement Description

Applications/Examples

Integration of
Machine Learning

and Al accuracy and efficiency.

Enhancement of
Scoring Functions

Hybrid Approaches Combining molecular docking with other computational
with Computational techniques like molecular dynamics and quantum
Methods mechanics to simulate more realistic biological interactions.

The incorporation of artificial intelligence and machine
learning to refine docking algorithms, improving prediction

Development of more sophisticated scoring functions that
offer better predictive accuracy for binding affinities.

Al models enhance pose prediction and affinity
scoring, significantly reducing computational time
(Jiménez et al., 2018).

Techniques such as MM-PBSA and MM-GBSA provide
improved free energy estimations, leading to more
reliable results (Wang et al., 2019).

Integration with molecular dynamics captures ligand
flexibility and protein conformational changes,
enhancing prediction accuracy (Cheng et al., 2017).

drug discovery projects, including the identification of
potential inhibitors for Ebola virus and multiple sclerosis
(Wallach et al., 2015).

Improved Scoring Functions

Recent advances in scoring functions have significantly
improved the accuracy of molecular docking predictions.
These improvements stem from incorporating more
comprehensive physical models and leveraging machine
learning techniques to better understand the energetic
contributions of protein-ligand interactions. Enhanced
scoring functions now consider factors such as solvation
effects, entropic contributions, and allosteric modulation,
providing a more realistic representation of binding
affinities (Ain et al,, 2015).

Comparative Analysis of Traditional vs. Advanced Scoring
Methods

Traditional scoring functions, such as those based on
empirical, knowledge-based, or force-field approaches,
provide a quick estimation of binding affinities. However,
they often suffer from limitations in accuracy due to
oversimplified models and inadequate consideration of
complex energetic contributions (Trott & Olson, 2010).
Advanced scoring methods, such as those incorporating
machine learning, quantum mechanical calculations, and
enhanced sampling techniques, offer improved accuracy
by capturing a broader range of interactions. For instance,
ML-based scoring functions like RF-Score and NNScore
have shown superior performance in predicting binding
affinities compared to traditional methods (Ballester &
Mitchell, 2010).

Integration with Other Computational Methods

Integrating molecular docking with other computational
methods, such as molecular dynamics (MD) simulations,
enhances the reliability and depth of docking studies. MD
simulations provide insights into the dynamic behavior
of protein-ligand complexes, capturing conformational
changes and interaction patterns that static docking
cannot. This integration allows for a more comprehensive
understanding of binding mechanisms and improves the
accuracy of binding affinity predictions (Shivakumar et
al,, 2010).
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Benefits of Integrated Approaches

Docking and MD in Drug Design

Combining docking with MD simulations has been crucial
in the design of HIV-1 protease inhibitors. MD simulations
refine the docking poses by exploring the conformational
space of the protease-ligand complex, leading to more
accurate predictions of binding affinities and identification
of key interaction hotspots (Rosenfeld et al., 2013).

Hybrid QM/MM Approaches

Hybrid quantum mechanics/molecular mechanics (QM/
MM) approachesintegrate quantum mechanical calculations
with classical molecular mechanics simulations. This
combination has been effective in studying enzyme
catalysis and drug binding, providing detailed insights into
electronic interactions and energetics that are crucial for
accurate drug design. For example, the QM /MM approach
was used to study the binding of inhibitors to the enzyme
thymidylate synthase, leading to the development of potent
anticancer agents (Gorbitz et al., 2019).

Challenges in Molecular Docking

Accuracy and Reliability

One of the main challenges in molecular docking
is accurately predicting binding affinities. Despite
significant advancements, the complexity of protein-
ligand interactions often leads to discrepancies between
predicted and actual binding affinities. This is due to
several factors:

e Simplified Models

Docking algorithms often rely on simplified models of
protein and ligand flexibility, which may not fully capture
the dynamic nature of these molecules in a biological
environment (Kitchen et al., 2004).

e Scoring Functions

Many scoring functions used to estimate binding energies
are based on empirical or knowledge-based approaches
that may not account for all relevant interaction energies,
such as solvation effects, entropic contributions, and
allosteric interactions (Warren et al., 2006).
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Conformational Sampling: Inadequate sampling of the
conformational space of both the ligand and the protein
can result in missing the true binding pose, leading to
inaccurate predictions (Cheng et al., 2012).

Common Pitfalls and Sources of Error

Several common pitfalls and sources of error can affect
the accuracy of molecular docking predictions:

Protein Flexibility

Many docking tools treat the protein as a rigid body, which
can result in inaccurate binding predictions when the
protein undergoes significant conformational changes
upon ligand binding (Carlson, 2002).

Ligand Flexibility
The flexibility of ligands is often oversimplified, which can

lead to incorrect binding poses and affinities (McGovern
& Shoichet, 2003).

Water Molecules

The role of water molecules in mediating protein-ligand
interactions is often neglected or inadequately modeled,
which can affect the accuracy of docking results (Michel
etal., 2009).

Computational Resources

Molecular docking is computationally intensive, especially
when dealing with large compound libraries and complex
proteins. High computational demands arise from the
need to perform extensive conformational sampling and
accurate energy calculations. Solutions to address these
demands include:

High-Performance Computing (HPC)

Utilizing HPC systems and cloud computing resources can
significantly speed up docking calculations by enabling
parallel processing of multiple docking runs (Voelz et al.,
2010).

GPU Acceleration

Leveraging Graphics Processing Units (GPUs) can
accelerate docking algorithms, providing substantial
performance improvements over traditional CPU-based
calculations (Salomon-Ferrer et al., 2013).

Advances in Hardware and Parallel Computing

Recent advances in hardware and parallel computing have
enhanced the efficiency and scalability of molecular docking:

Multi-core Processors

Modern CPUs with multiple cores can perform parallel
docking simulations, reducing computation time
(Eberhardt et al., 2021).

Distributed Computing

Distributed computing frameworks, such as BOINC
(Berkeley Open Infrastructure for Network Computing),

134

enable researchers to harness the power of volunteer
computing for large-scale docking projects (Lehmer et
al., 2006).

Validation and Experimental Correlation
Experimental validation is crucial for ensuring the
reliability of docking predictions. Computational docking
results must be corroborated with experimental data
to confirm the accuracy of predicted binding poses and
affinities. This validation helps identify false positives
and refine docking algorithms for better performance
(Mclnnes et al.,, 2016).

Strategies to Correlate Docking Results with
Experimental Data

Several strategies can be employed to correlate docking
results with experimental data:

Crystallography and NMR

X-ray crystallography and nuclear magnetic resonance
(NMR) spectroscopy can provide high-resolution
structures of protein-ligand complexes, which can be
compared with docking predictions to validate binding
poses (Moitessier et al., 2008).

Biochemical Assays

Enzyme inhibition assays, surface plasmon resonance
(SPR), and isothermal titration calorimetry (ITC) can
measure binding affinities and validate the accuracy of
docking predictions (Freire, 2008).

Mutagenesis Studies

Site-directed mutagenesis can identify key residues
involved inligand binding, providing experimental data to
verify docking results and refine binding models (Ladbury
& Arold, 2012).Bottom of Form

Future Prospects of Molecular docking in Drug
Discovery

Personalized Medicine

Molecular docking holds significant potential in the
development of personalized therapeutic strategies.
By utilizing patient-specific genetic and molecular
data, molecular docking can help design tailored drug
treatments that optimize efficacy and minimize adverse
effects. This approach aligns with the goals of precision
medicine, where treatments are customized based on
individual genetic profiles, ensuring that therapies are
effective for specific patient subgroups (Ashley, 2015).
Some examples and Potential Future Applications
include:

e Cancer Treatment

In oncology, molecular docking can be used to identify
personalized drug regimens based on the genetic
mutations present in a patient’s tumor. For instance,

<l

e
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docking studies have been employed to design inhibitors
targeting specific oncogenic mutations in the EGFR gene
in non-small cell lung cancer (Liu et al., 2020).

e Pharmacogenomics

Docking can predict how genetic variations affect
drug binding and metabolism, guiding the selection of
appropriate drugs and dosages for individual patients. This
is particularly relevant for drugs with narrow therapeutic
windows or significant variability in patient response
(Roden et al., 2019).

Quantum Computing

Quantum computing has the potential to revolutionize
molecular docking by addressing the limitations of
classical computational methods. Quantum computers can
perform complex calculations exponentially faster than
classical computers, enabling more accurate simulations
of molecular interactions and energy landscapes. This
can significantly enhance the precision of docking studies
and accelerate the drug discovery process (Babbush etal,,
2019). Future Directions and Research Areas are:

e Quantum Algorithms for Docking

Developing quantum algorithms specifically designed
for molecular docking could lead to breakthroughs in
predicting binding affinities and poses with unprecedented
accuracy (Reiheretal., 2017).

e Integration with Classical Methods

Hybrid approaches thatintegrate quantum computing with
classical molecular dynamics and docking simulations
could leverage the strengths of both computational
paradigms, providing more comprehensive and accurate
results (Cao et al., 2019).

Environmental and Agricultural Applications

Expanding the Use of Docking Beyond Human Health

Molecular docking can also be applied to environmental
and agricultural sciences, where it can aid in the
development of eco-friendly pesticides, herbicides, and
other agrochemicals. By understanding the interactions
between chemicals and biological targets in pests or crops,
docking can facilitate the design of compounds that are
effective yet environmentally benign (Pandey et al., 2014).
Docking studies have been used to identify microbial
enzymes that can degrade environmental pollutants,
aiding in the design of effective bioremediation strategies
(Jindal & Thakur, 2020). Molecular docking has been
employed to design pesticides that target specific proteins
in pests, minimizing off-target effects and reducing
environmental impact. For example, docking was used to
develop insecticides targeting the acetylcholinesterase
enzyme in mosquitoes, which are vectors for diseases like
malaria and dengue (Zhu et al., 2018).
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CONCLUSION

Molecular docking is a powerful computational tool that
plays a critical role in drug discovery and development.
It helps in target identification and validation, lead
compound identification, and lead optimization. Recent
advances, such as the integration of Al and machine
learning, improved scoring functions, and coupling
with other computational methods, have significantly
enhanced its accuracy and efficiency. The role of
molecular docking is expanding beyond traditional drug
discovery to include personalized medicine, quantum
computing, and applications in environmental and
agricultural sciences. These advancements promise to
make docking a more versatile and impactful tool in
various fields. As computational power continues to grow
and new technologies such as quantum computing emerge,
molecular docking is poised to become even more precise
and efficient. Continued integration with experimental
validation and interdisciplinary approaches will further
enhance its reliability and applicability, cementing its place
as a cornerstone in both scientific research and practical
applications.
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