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Molecular docking is a structure-based computational approach that predicts the binding location and affinity of ligands
for their targets, aiding in drug discovery and development. determined by platform compatibility, processing resources,
and research requirements. While it speeds up and lowers the cost of drug development, issues including protein flexibility,
scoring function constraints, and prediction accuracy persist. Hybrid modeling, molecular dynamics simulations, and
consensus scoring are all examples of advances that improve dependability. As computational tools and structural biology
advances, molecular docking is projected to become more accurate, allowing for quicker and more efficient drug creation.
Cloud computing, GPU acceleration, and high-throughput virtual screening now allow the analysis of vast chemical
libraries in reduced time frames. Docking has been successfully applied in the repurposing of approved drugs, the design
of covalent inhibitors, and the exploration of allosteric modulators. However, persistent challenges such as limitations in
scoring functions, treatment of solvent effects, and conformational variability necessitate further methodological
refinement. This review summarizes the principles, applications, and recent technological advancements in molecular
docking, highlighting its evolving role in bridging computational predictions with experimental validation and
accelerating the drug development pipeline.
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Introduction

Molecular docking is a computational method to identify the structure of compounds with multiple molecules. Docking
studies try to predict the desired three-dimensional structures. Docking uses maths to forecast the best orientation of
molecules when they join to form a stable complex. Scoring functions can evaluate the binding strength between two
molecules based on their preferred orientation. Molecular docking has a big impact on the unified design of drugs.
Scientists often use several docking methods to create an ideal shape for both the protein and the ligand, as well as the
relative position between them, to minimize the total system's free energy. De-novo drug design involves creating new
compounds based on a receptor's 3D structure.

Molecular modeling techniques help to determine the structural features of lead target complexes and lead changes
( ). Emil Fisher compared the drug-receptor interaction to the interaction between keys and locks in the
early 1890s. He believed that the drug and receptor interacted as solid bodies that did not change their conformations.
Daniel Koshland recently proposed that both molecules undertake conformational changes throughout interaction and
choose the most appropriate conformation to connect. X-ray structures and in silico simulations have repeatedly confirmed
this theory ( ).
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Types of Molecular Docking

Docking is a method of organizing molecules to interact optimally with receptors. Docking occurs when molecules form
a stable complex within a cell. Molecular modeling is used to create, describe, and manipulate the three-dimensional
structures and interactions of substances ( ).

Rigid docking

The target protein and selected ligand conformations are designed to be stiff during the docking process. There is no
flexibility in the molecular bond angle, bond length, or torsion angle; they must all be constant. This method of docking
does not allow for such significant molecular changes ( ).

a. Methods

Preparation: Water molecules are eliminated, hydrogen atoms are added, partial charges are assigned, and, if required, the
geometry is optimized to create the receptor and ligand structures. Search algorithm: To discover the ideal binding posture,
docking algorithms use a variety of search techniques to examine the ligand's conformational space. Geometric hashing,
Monte Carlo techniques, genetic algorithms, and grid-based search are examples of common search algorithms (

). Scoring function: Candidate ligand poses are evaluated and ranked based on expected binding affinity.
Typically, scoring functions take into account elements including desolation energy, van der Waals forces, electrostatic
interactions, and geometric complementarity. Post-processing and analysis involve refining predicted binding postures
and analyzing intermolecular interactions. Visualization techniques let researchers discover important binding residues
and interactions in docked complexes ( ).

b. Applications

Drug discovery: In computer-aided drug design (CADD), rigid docking is frequently used to screen sizable chemical
libraries and find possible drug candidates that have a high affinity and specificity for binding to a target protein. Rigid
docking can anticipate protein-protein interactions, allowing for the creation of inhibitors and modulators. Enzyme
mechanisms: Docking small compounds into enzyme active sites helps researchers understand enzyme-substrate
interactions and catalysis mechanisms, facilitating rational drug design and enzyme engineering. Rigid docking plays a
crucial role in virtual screening procedures, which prioritize compounds for experimental testing based on projected
binding affinity to a target protein ( ).

Flexible docking

This molecular docking allows complete freedom to both the target and the ligand being processed. They account for all
conformational changes at the molecular level ( ).

a. Methods

Flexible docking algorithms use conformational sampling and classic search methodologies to predict the best ligand
binding posture inside the receptor's flexible binding region. Algorithms can employ scoring functions to assess the
compatibility of ligand conformations with receptors, guiding the search for optimal binding poses. Scoring function: In
flexible docking, scoring functions are critical for determining the energetics of ligand-receptor interactions and rating
projected binding poses. Usually, these scoring systems take into account elements like conformational strain, van der
Waals forces, electrostatic interactions, geometric complementarity, and solvation effects ( ).

b. Applications

Flexible docking is a popular method for virtual screening and lead optimization in drug development. It predicts the
binding affinity and selectivity of small molecules to target proteins. Flexible docking can accurately predict binding
affinity and effectiveness by identifying compounds that rigid docking approaches may miss due to receptor flexibility.
Flexible docking can help understand the molecular mechanics of protein-ligand interactions, particularly induced-fit
effects during binding. Flexible docking models receptor conformational changes to better understand ligand recognition
and binding selectivity ( ). Flexible docking is a technique used in enzymology to anticipate enzyme
inhibitor binding modalities and processes. Flexible docking allows for the creation of strong, targeted enzyme inhibitors
with potential for therapeutic use by taking into account the flexibility of both the ligand and the receptor. Virtual screening
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methods rely on flexible docking to uncover potential drug candidates from huge chemical databases. Flexible docking
improves virtual screening predictions and lead optimization by taking into account receptor flexibility ( ).

Induced-fit docking

Induced fit docking includes elements of rigid and flexible docking. The process starts with docking stiff structures, then
refines the complex using flexible side chains or backbone motions to account for induced fit effects. This computational
method in molecular modeling predicts binding mechanisms and affinity between ligands and receptors, taking into
account conformational changes in both structures during interaction. In contrast to rigid docking, which assumes rigid
conformations for both the ligand and receptor during binding, induced fit docking takes into consideration the dynamic
nature of biomolecular interactions and the induced-fit phenomena found in receptor-ligand binding.

a. Methods

Conformational sampling involves sampling both the ligand and receptor structures to create an ensemble of
conformations that reflect their flexibility. This might entail methods like normal mode analysis, systematic
conformational search tools, or molecular dynamics simulations. Induced fit docking techniques use conformational
sampling and classical search methodologies to estimate the best ligand binding posture inside the receptor's flexible
binding region. Algorithms employ scoring systems to match ligands to receptors and find the best binding postures
( ). In induced fit docking, scoring functions evaluate the energetics of ligand-receptor interactions
and provide a ranking of the anticipated binding positions according to many criteria, including conformational strain,
van der Waals forces, electrostatic interactions, geometric complementarity, and solvation effects. These scoring systems
help identify the most stable and physiologically relevant binding postures among docked complexes. Analysis and post-
processing: Following the creation of potential ligand positions, post-processing methods are used to improve the
predictions and examine the interactions between molecules. Through the use of visualization tools, scientists may analyze
the docked complexes and pinpoint important binding residues, conformational shifts, and induced-fit effects (

).
a. Applications

In lead optimization, induced fit docking predicts the affinity and selectivity of small-molecule ligands for target proteins.
Through the explicit consideration of receptor flexibility, induced fit docking makes it possible to identify ligands that
rigid docking approaches would miss, resulting in more precise estimates of binding effectiveness and affinity. Fragment-
based drug design: Using induced fit docking, tiny molecular fragments are screened to predict their binding patterns to
target proteins. Induced fit docking identifies fragment hits that can lead to high-affinity molecules by taking receptor
flexibility into account ( ). Induced fit docking is a crucial part of virtual screening procedures, which use
computer screening to find possible drug candidates from huge databases of chemical compounds. Induced fit docking
improves virtual screening predictions, hit detection, and lead optimization by taking into account receptor flexibility.
Induced fit docking helps understand the molecular mechanics of ligand-receptor interactions, particularly induced-fit
effects during binding. Induced fit docking models receptor conformational changes to better understand ligand
recognition and binding selectivity ( ).

Ligand-based docking

Lipid-based docking determines a ligand's binding mechanism and affinity to a target receptor by comparing its
similarities to existing ligands with empirically confirmed activities. Ligand-based docking techniques use the ideas of
pharmacophore mapping and molecular similarity to pinpoint the crucial structural elements and functional groups
required for ligand binding and biological activity. Liquid-based docking predicts the binding affinity and selectivity of
novel ligands to target receptors by analyzing their molecular characteristics and spatial arrangement ( ).

a. Methods

Ligand selection and preparation of the dataset: The first step in ligand-based docking is the selection of a dataset that
includes ligands with known activity against the target receptor and a variety of structural types. These ligands are used
as reference compounds for creating pharmacophore models and doing similarity searches. Usually, virtual screening
libraries or experimental databases are used to curate the dataset.

Pharmacophore generation: Pharmacophore models are created by aligning essential functional groups and molecular
characteristics that influence ligand binding and biological activity. Hydrophobic areas, aromatic rings, acceptors, and
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donors of hydrogen bonds are typical pharmacophore characteristics. Pharmacophore creation techniques uncover shared
properties across active ligands and their spatial correlations. Virtual screening and similarity search: After the
pharmacophore model is created, it is utilized to look for compounds with comparable spatial arrangements and chemical
characteristics in virtual compound libraries. The pharmacophore model is matched with potential ligands using ligand-
based similarity search techniques such as shape-based similarity, 3D pharmacophore overlays, and 2D fingerprints.
Virtual screening compares prospective ligands to known active molecules and predicts their affinity for the target
receptor. After virtual screening, ligands are scored and validated to determine their binding affinity and selectivity.
Scoring functions use pharmacophore fit, chemical characteristics, and energy estimates to rank compounds for
experimental testing ( ).

b. Applications

Ligand-based docking identifies compounds with potential action against certain receptors or enzymes. Using virtual
compound libraries, ligand-based docking finds molecules that share chemical characteristics and biological activity with
known ligands, making it easier to find new lead compounds for additional experimental testing. Virtual screening uses
ligand-based docking to rank molecules for experimental testing from massive databases of chemical compounds. Ligand-
based docking enables the rapid identification of potential drug candidates with desirable pharmacological properties by
leveraging molecular similarity and pharmacophore mapping ( ). Lead optimization: To direct the
creation of novel compounds with enhanced binding affinity and selectivity, ligand-based docking is utilized. Ligand-
based docking aids in the optimization of chemical scaffolds and functional groups to improve ligand potency and drug-
like qualities by examining the structure-activity connections of existing ligands and finding important pharmacophore
traits. Ligand-based docking makes bioisosteric substitution easier by finding structurally related compounds that can
replace important chemical moieties or functional groups in existing ligands. By exploring the chemical space and
discovering analogs with comparable pharmacological characteristics, ligand-based docking assists in the discovery of
new ligands with increased efficacy and fewer off-target effects ( ).

Protein-protein docking

Protein-protein docking predicts binding mode and affinity by searching conformational space and discovering
energetically advantageous configurations. Protein-protein interactions occur through complementary surfaces of protein
molecules, where certain amino acid residues establish intermolecular contacts such as hydrogen bonds, hydrophobic
interactions, and electrostatic interactions. Protein-protein docking models interactions and predicts their spatial
organization in bound complexes ( ).

a. Methods

Protein-protein docking begins with preparing protein structures, which involves removing water molecules, adding
missing atoms, assigning partial charges, and optimizing hydrogen bond networks. Protein structures are commonly
obtained by experimental approaches like X-ray crystallography and NMR spectroscopy. Protein-protein docking
algorithms use diverse search methodologies to investigate the interacting proteins' conformational space and locate
probable binding sites. Genetic algorithms, stochastic optimization strategies, Monte Carlo methods, and geometric
hashing are examples of popular search algorithms. These algorithms take samples of the proteins' various orientations
and conformations and assess their compatibility using intermolecular interactions and geometric complementarity
( ). A scoring function ranks potential binding positions based on projected affinity and stability.
Typically, scoring functions take into account variables including interface area, van der Waals forces, electrostatic
interactions, form complementarity, and desolvation energy. The scoring algorithm is designed to discriminate between
native-like binding postures and nonspecific interactions. Post-processing and Analysis: Post-processing methods are used
to improve predicted binding postures and evaluate intermolecular interactions. Researchers can use visualization tools to
analyze docked complexes and find important binding residues and interfaces. Molecular dynamics simulations or energy
reduction techniques can optimize docked structures and analyze their dynamic behavior ( ).

a. Applications

Protein-protein docking reveals the three-dimensional structure of protein complexes and the molecular underpinnings of
their interactions. Protein-protein docking predicts the binding mode and interface residues of interacting proteins,
offering insights into complex formation and function. Drug Discovery: Protein-protein docking is critical for structure-
based drug design since it identifies potential inhibitors or modulators of protein-protein interactions. Protein-protein
docking allows for the rational creation of tiny compounds or peptides to disrupt disease processes by targeting particular
protein-protein interactions ( ). Protein-protein docking predicts protein interactions and binding modes,
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allowing for functional annotation. Protein-protein docking identifies complexes engaged in cellular processes and
signaling cascades, shedding light on protein function and regulation. Virtual screening methods rely on protein-protein
docking to find putative inhibitors of protein-protein interactions. Protein-protein docking prioritizes candidate drugs for
experimental testing based on expected binding affinity and interaction specificity by docking them into target protein
binding sites ( ).

Blind docking

Blind docking involves searching the receptor's full surface for possible binding sites and predicting ligand binding
mechanism and affinity. Blind docking is ideal for targets with unknown or flexible binding sites, as it doesn't require
previous knowledge of their location or structure. Blind docking methods sample a grid or mesh of locations on the
receptor surface and evaluate probable binding poses using intermolecular interactions and scoring functions.

a. Methods

Grid creation involves representing the receptor structure as a three-dimensional grid or mesh that covers the protein's
whole surface. Grid spacing determines search resolution, with smaller spacing resulting in finer sampling but higher
computing cost. Grid creation may include masking or eliminating portions of the receptor surface that are unsuitable for
ligand binding, such as solvent-exposed or conformationally flexible regions. Ligand sampling involves creating a library
of ligand conformations and docking them into the receptor grid. Ligand sampling methods might include random,
systematic, or fragment-based approaches. Ligand conformations are often created by exploring their structural space or
sampling from a library of existing structures ( ). Blind docking systems use diverse search tactics,
including geometric hashing, Monte Carlo methods, evolutionary algorithms, and stochastic optimization, to identify
probable ligand binding poses inside the receptor grid. The grid is used to put ligand conformations, which are then
analyzed for potential binding poses based on geometric complementarity and intermolecular interactions with the
receptor. A scoring function ranks potential binding positions based on projected affinity and stability. The scoring
function evaluates geometric complementarity, electrostatic interactions, van der Waals forces, desolvation energy, and
interface area. The scoring system differentiates between native-like binding postures and non-specific interactions (

).
b. Applications

Blind docking identifies possible binding sites on a protein and predicts ligand affinities and binding modes. Blind docking
allows for the discovery of new binding sites on the receptor's full surface, which may not be visible in experimental
structures or homology models. Virtual screening methods rely on blind docking to find potential drug candidates from
chemical compound libraries. Blind docking allows for the discovery of ligands with varied chemical structures and
binding behaviors on the receptor surface, resulting in the identification of new lead compounds for testing. Blind docking
is a technique used in fragment-based drug discovery to assess and predict the binding patterns of tiny molecule fragments
to target proteins. Blind docking identifies fragment hits on the receptor surface that may be improved into high-affinity
lead compounds using fragment linking or growth techniques ( ). Blind docking can predict protein
function by identifying putative ligand binding sites and analyzing their binding modalities. Blind docking explores the
receptor's full surface, revealing the structural basis of protein-ligand interactions and aiding in annotation of function and
control ( ).

Molecular docking methods and approaches

This review study categorizes Vina algorithms into four macro groups: Modification can be based on target, ligand, scoring
function, or computational system (Table 1).

Table 1. Different methods and approaches for molecular docking
Tools Description Reference
Identification of Antagonistic Action of Pyrrolizidine Alkaloids in
VinalLC Muscarinic Acetylcholine Receptor M1 by Computational Target ( )
Prediction Analysis
Efficient analysis of toxicity and mechanism of food contaminants
QuickVina using network toxicology and molecular docking strategy: A Case ( )
Study of Aflatoxin B1

WWW.COrnous.com 5



Pachiappan et al., 2025

SwissDock 2024: major enhancements for small-molecule docking

AutoDockFR with Attracting Cavities and AutoDock Vina ( )
A Combination of Structure-based Virtual Screening and
. Experimental Strategies to Identify the Potency of Caffeic Acid
AutoDock VinaXB Ester Derivatives as SARS-CoV-2 3CLpro Inhibitors from an In- ( )

house Database

Principle of molecular docking

Docking is a process that examines how proposed molecules fit into cavities and interact with residues. Computational
drug discovery typically involves docking between small compounds and macromolecules, similar to protein-ligand
docking. This method of docking is referred to as molecular docking. Molecular mechanics, which applies classical
physics to polyatomic systems, serves as the foundation for most docking programs. Experimental parameters help align
experimental findings with molecular mechanics. To overcome experimental restrictions, quantum mechanics,
semiempirical, and ab initio computations are used to turn mathematical equations into parameters. These equations use
several characteristics to create molecular force field systems, including potential energy, torsional properties, bond
geometry, electrostatic terms, and the Lennard-Jones potential. AMBER, CHARMM, GROMOS, OPLS-AA, and UFF
are examples of force fields ( ).

Guidelines for Molecular Docking
Hardware and software requirements for molecular docking

Docking computations do not require an intense processing unit (CPU) due to their quick completion time. Small docking
efforts (500-1000 compounds) can now be run efficiently on most personal computers (PCs). Virtual screening of public
databases employing docking-based approaches can result in a quick increase in the number of molecules (106
compounds). To complete the operation in a reasonable amount of time, additional data processors are required. GPU data
processing is more efficient and appealing for heavy tasks than CPU-based computations ( ).

Program selection for molecular docking

There are various docking methods and approaches. For novices, accessible academic or free software is preferred. Some
docking programs were not designed to run on Windows. Beginners can use Linux to overcome such issues. Additionally,
Windows-friendly apps like AutoDock, Vina, and LeDock may be preferred ( ).

Steps for molecular docking

The molecular docking process involves identifying and preparing the target protein, preparing the ligand, selecting the
appropriate docking scoring function, and validating the results.

Target protein identification and preparation

The qualities of the selected protein structure are critical for the result of docking. The use of technology, such as X-ray
crystallography, NMR, and cryo-EM, has increased to a large extent the number of proteins with known three-dimensional
(3D) structures, which may now be stored in a public database, such as the Protein Data Bank. The first step in docking
is to obtain the 3D structure of the protein preferably associated with a ligand, but also preferred from the PDB. 3D
structures should be highly resolved or bound by high-affinity ligands. This may not be the case for some proteins. If a
protein’s 3D structure is unavailable in the PDB, homology modelling is used to generate it. Protocol preparation involves
adding hydrogens, removing water, establishing charges, and minimizing energy. AutoDock and SwissDock implement
an in-program force field, while MOE utilizes AMBER, and LeDock uses CHARMM charges and atomic species.

Ligand preparation

Ligand structures are generated by applications such as ChemDraw or can be found in databases such as PubChem and
ZINC. Preclinical stress, before docking to a Ligand structure, is recommended to reduce the energy level. The grid
represents binding space, which is then used to calculate the binding energetics. A box of known size is composed of small
squares with probe atoms on each of them, specifying the boundary of possible interactions. The resolution of the grid
and the size of the grid affect the docking results ( ).
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Docking type determination

Different types of docking are selected depending on the research needs of the researcher. Flexible docking algorithms
are ideal for docking multiple compounds to a protein binding site with low pH, no water, and low solubility, but when
inspecting thousands of compounds from databases, it may not be possible without the high processor power and fast
computer, so the researcher can choose various docking algorithms based on computer work capacity and the target
characteristics ( ).

Choose the most effective docking scoring function

The stability of the ligand-protein complex is a major consideration in selecting the optimal docking scoring function.
Choosing a scoring function that accurately detects binding patterns and ligand-binding candidates may be challenging,
and in theory, ligand protein complexes with lower binding free energy (G) are more stable. Another scoring function is
known as empirical scoring, which considers the free energy of binding from hydrogen bonding and Van der Waals
contacts, electrostatics, hydrophobic interactions, and the conformational free energy produced by ligand binding. Force
field computing computes energy using molecular mechanics, analogous to CHARMM and AMBER, that includes
internal energies, coulombic interactions (including Van der Waals), and hydrogen bonding ( ).

Docking validation

As with any other technique, validation should be performed before the start and end of the docking, as well as when the
same ligand/target is docked again. For highly complex target-ligand docking evaluation you should use molecular
dynamics simulations to validate your targets, improve your selection criteria and then fix those complexes that would
not come out in your docked results, calculate binding free energy, make sure you accounted for solvent effects in the
ligand sequence and finally know what binding poses, residues and energy you obtained from the docking (

).

Application of molecular docking in drug design and discovery (Figure 1)

Polypharmacology s;ier;lr:‘?'ll .

Application of
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Figure 1. Application of molecular docking
Virtual screening

In drug discovery, molecular docking is often used to identify hits. Through the prediction of the binding affinity of small
molecules to a protein or receptor of interest, molecular docking can aid in identifying novel therapeutic candidates. A
huge database of small molecules can be screened by docking to identify compounds that have a high affinity for binding
to a target protein ( ).
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Lead optimization

Molecular docking can be used to optimize the structure of the target molecule to increase its affinity and selectivity after
finding a hit compound. By modelling the binding patterns of modified structures, the process can also be used to make
new analogs (

Bioremediation

In bioremediation, molecular docking can be used to model how well small molecules will bind to enzymes that digest
environmental contaminants and to design inhibitors or activators of these enzymes to increase bioremediation efficiency

( )-
ADMET prediction

It is possible to predict the Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) properties of small
molecules with the use of docking. Early in the drug development process, molecules with undesirable properties can be
filtered out using the predicted ADMET properties ( ). AutoDock Vina, GOLD (Genetic Optimization
for Ligand Docking), Glide, and the Schrodinger Suite are among the programs that offer efficient algorithms and
computational methods for ligand-receptor docking simulations, allowing for the identification of potential therapeutic
candidates and elucidating binding affinity. Moreover, they provide ADMET prediction modules that enable to
investigation of the drug’s actions in terms of its absorption, distribution, metabolism, excretion, and possible toxicity

( )-
Molecular dynamics simulation

Differential dynamics of protein—ligand complexes can be studied using molecular docking as well as molecular dynamics
simulations. The stability and stability of the complex and conformational changes seen during ligand binding can be
better investigated with these simulations. Molecular docking and molecular dynamics simulation are combined in some
software tools. These include the most commonly used software such as Glide, AutoDock, Vina, and GOLD, which allow
molecular dynamics simulation in addition to molecular docking, allowing for the investigation of protein—ligand
interactions at long-term scales as well as the dynamic behavior of proteins ( ).

Recent developments and innovations in molecular docking

Molecular docking has lately made substantial advances, thanks to the integration of artificial intelligence (Al) and
machine learning (ML) techniques, as well as improvements in computer capacity and algorithms (

Integrating Al and machine learning

DIFDOCK, which works with high precision to achieve comprehensive prosperity and propagation of pose, is one of the
remarkable Al-based docking approaches. Deep learning models, such as deep neural networks, can process large datasets
and capture complex patterns that can be ignored by traditional methods ( ; ). Al has
transformed drug discovery, development, and precision medicine through the use of machine learning, deep learning
(e.g., convolutional neural networks), and natural language processing is transforming drug discovery by leveraging large
amounts of data and computer power to identify and validate targets. Machine learning and deep learning algorithms
evaluate various datasets, including genomes, proteomics, and clinical data, to identify potential therapeutic targets (

). The many methodologies utilized in Al-assisted target identification and validation are as follows: (1)
Statistical analysis uses omics data, such as genome-wide association studies (GWAS) and summary data-based
Mendelian randomization (SMR), to identify disease-related target genes. (2) Network-based techniques can uncover
complex biological linkages. Gene co-expression and miRNA-disease networks can uncover disease-associated gene sets
and pathways. Target identification uses knowledge graphs, which include entities, connections, and semantic
information, to represent and evaluate data. (3) Machine learning-based techniques. ML approaches, such as classifiers
(e.g., random forest, support vector machine, Neural Net) and regression models, are used to determine a gene's potential
therapeutic target. Al algorithms can verify new targets by predicting druggability and therapeutic appropriateness. This
technique allows for research of hitherto undiscovered targets while reducing reliance on experimentally proven theories

( )-
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Improved computational techniques

In computational approaches, advances have greatly increased the speed and accuracy of molecular docking simulations.
EXSCALATE4COV and other projects have used high-scale, high-performance computing to perform large-scale virtual
screening, accelerating the discovery of new medicinal chemicals. In addition, technologies such as Rosetta@home use
distributed computing to predict protein structures and docking interactions, allowing more fuller understanding of
molecular interactions ( ). Diffusion models (DM) are a crucial methodology that drives these
advancements. Diffusion models emerged in computer vision and quickly became popular for picture production due to
their high quality and performance. These models were then adapted for application in other fields, such as computational
structural biology. DMs can effectively model high-dimensional geometric data and leverage deep learning capabilities.
In structural biology, they have produced cutting-edge achievements for protein 3D structure synthesis and small molecule
docking ( ). With the recent development of chemical libraries exceeding one billion molecules, more
effective virtual screening technologies are required. The Deep Docking (DD) technology accelerates structure-based
virtual screening by docking just a portion of a chemical library repeatedly while predicting the remaining docking scores
using ligands. This technique allows the screening of chemical libraries the size of billions of molecules without the need
for enormous computer resources since it produces virtual hit enrichment hundreds to thousands of times without
significantly sacrificing possible therapeutic candidates ( ).

Approaches: fragmentation and consensus

Recent developments have also focused on piece-based methods, where small chemical pieces are used for the
manufacture of potential ligands, and unified approaches that add several scoring functions to improve the docking
accuracy. The purpose of these strategies is to increase the reliability of docking predictions and is an integral part of
modern drug search processes ( ). Fragment-based drug discovery identifies potential hit compounds
by targeting binding hotspots. Combining pieces enables exploration of huge chemical spaces. This approach effectively
identifies lead compounds. Growing, merging, and connecting are the three ideas used to combine pieces into a compound.
Artificial intelligence (Al) has enhanced molecular design accuracy and efficiency ( ).

Advanced tools in molecular docking

Based models are developing as effective tools for designing molecules and property prediction. However, the absence of
explainability in these models remains a major concern. ABIET (Attention-Based Importance Estimation Tool) is an
explainable Transformer model that identifies key functional groups (FGs) for drug-target interactions in physiologically
active compounds. Functional groups are essential for regulating biological interactions and chemical activity. This
method uses focus weights via Transformer-encoder architectures based on SMILES representations to determine the
relevance of molecular subregions. Using a particular approach to analyze attention ratings, taking into account layer-
based extraction, bidirectional interactions, and activation transformations ( ).

Limitations and challenges in molecular docking

Molecular docking, despite its advances, has significant constraints and obstacles that affect its accuracy and dependability
in drug discovery. These issues can be divided into three categories: computational, methodological, and biological (

).
Limitations in computation

Large-scale docking experiments require adequate computer power, which can be expensive and time-consuming. Most
of the methods of docking use scoring functions that are for the approximate binding efficiency, but they often fail to
capture complex molecular interactions such as water-mediated hydrogen bonding and entropy contributions. Binding

( )-
Challenges with methodology
Despite the progress, docking algorithms sometimes produce incorrect ligand orientation within the binding site. Money

docking programs employ simplified molecular representations that ignore solvent effects, induced fit, and oligomer
binding sites.( ).
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Scoring functions: desolvation and entropic effects

Scoring functions are critical in virtual screening for predicting binding affinity, and different techniques (e.g., target-
specific scoring such as GOLD for kinase inhibition, empirical scoring, and consensus scoring) can assist in improving
predictions. Accounting for protein flexibility is one of the most difficult tasks. Scoring functions must be both rapid and
accurate. While several have been designed with these aims in mind, they have inherent flaws, particularly those related
to solvent (desolvation) and entropy effects. For solvent effects, force-field-based scoring algorithms have difficulty
adequately modeling the action of water. Solutions include employing a distance-dependent dielectric constant (e.g., in
DOCK) or more advanced but computationally expensive approaches such as Free Energy Perturbation (FEP),
Thermodynamic Integration (TI), OWFEG, and LIEPROFEC. Empirical scoring functions can help to mitigate entropy
effects. For example, PHOENIX adds entropic effects based on experimental data from isothermal titration calorimetry.
Knowledge-based scoring functions also face challenges in defining an ideal reference state (as per the inverse Boltzmann
relation), which is very hard for complex systems like proteins.

Crystallographic water

A key problem in structure-based drug design is the existence of tightly bonded crystallographic water molecules within
the receptor's binding pocket, which frequently mediate hydrogen bonding between the ligand and the protein. During
docking, these water molecules might be added or removed from the binding site. Excluding them is often entropically
advantageous, although it may result in a loss of enthalpy, which can be compensated for if the ligand is tailored to
replicate the hydrogen bond network. Alternatively, the water molecule can be kept intact to establish hydrogen bonds
with the binding site. To determine whether to include or omit such water molecules, free energy perturbation (FEP)
computations using Monte Carlo simulations can be performed to predict binding energies.

Conclusion

Molecular docking, a computationally powerful technique, is now indispensable for accurate and rapid prediction of
ligand-target interactions in biomolecular research and discovery. In addition to various docking methods like semi-rigid,
flexible docking, and the most complex algorithm, which is the key component of molecular docking virtual screening,
lead optimization, and structure-based drug design. Molecular docking, although advantageous, has drawbacks. What can
affect the accuracy of docking results includes protein flexibility, weighting functions, and computational limitations.
More importantly, however, recent in time advancements in docking were artificial intelligence, machine learning
integration, and hybrid modeling techniques provide us with better accuracy and speed to dock. We can improve its
predictability with effort in molecular docking & further advancement of consensus scoring technology, and high-
throughput virtual screening. Objectives will need integration of experimental and computational validation strategies to

bridge the current interoperability barriers, as well as to maximize this focused pharmaceutical search. At last, molecular
docking is used in current medical research since it helps to decode new treatments and molecular interactions.
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