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Dedication 

ِ الْعاَلَمِينَ﴾ سورة يونس  ِ رَب  10-﴿ وَآخِرُ دَعْوَاهُمْ أنَْ الْحَمْدُ لِِلّه - 

 

حْلَةُ قصَِيرَةً وَلمَْ يكَُنِ الطهرِيقُ مَحْفوُفاً باِلتهسْهِيلََتِ، لكَِن ِي فعَلَْتهَُا وَهَا أنَاَ قدَْ   وَصَلْتُ إلَِى  لمَْ تكَُنِ الر ِ

يهاتِهَا  رِحْلَتِي الْجَامِعِيهةِ بعَْدَ تعََبٍ وَمَشَقهةٍ وَبعَْدَ خَمْسِ سِنِينَ فِي سَبِيلِ الْحُلْمِ وَالْعِلْمِ حَمَلْتُ فِي طَ نِهَايَةِ  

 .أمََانِيه وَمَناَكِبَ سَعْييِ فكَُلُّهُ أمََسهي مِيْعاَدُ الْيَوْمِ 

رَ الْبدَِاياَتِ وَ  ِ الهذِي يسُ ِ بلَهغَناَ الن ِهَاياَتِ بِفضَْلِهِ وَكَرَمِهِ الْحَمْدُ لِِلّه . 

تمَْامِ هَذِهِ الْمَسِيرَةِ دُمْتمُْ سَ  لًً ثمُه لِمَنْ سَعىَ مَعِي لِِِ ندًَا لًَ عُمْرَ لَهُ  أهُْدِي هَذاَ الْعَمَلَ الْمُتوََاضِعَ لِنَفْسِي أوَه

:لِـ  

اللهياَلِيَ مِنْ أجَْلِي لِمَنْ قاَلَ فِيهِمَا عَزه وَجَله: “وَاخْفِضْ لَهُمَا مَنْ أوَْصَلَنِي لِمَا أنَاَ عَلَيْهِ الآنَ وَسَهِرُوا 

ِ ارْحَمْهُمَا كَمَا رَبهياَنيِ صَغِيرًا” لِنوُرِ عَيْنيَه وَالِدَيه الْعَزِي حْمَةِ وَقلُْ رَب  زَيْنِ جَناَحَ الذُّل ِ مِنَ الره . 

 

 ُ ةَ عَيْنيِ وَسِره لِمَنْ جَعَلَ اللَّه الْجَنهةَ تحَْتَ أقَْدَامِهَا، لِمَنْ كَانَتْ دُعَواتهَُا تحُِيطُنِي وَتسَُعِدُنيِ فيِ كُل ِ وَقْتٍ قرُه

ي-نجََاحِي وَسَندَِي  أمُ ِ - 

 

بْرِ وَ  صْرَارِ لِلنُّورِ الهذِي أنَاَرَ دَرْبِي لِمَنْ كَلهلَ الْعَرَقُ جَبِينَهُ، لِمَنْ عَلهمَنِي أنَْ النهجَاحَ لًَ يأَتِْي إِلًه باِلصه - الِِْ

بِيأَ  - 

 

رَةِ أيَهامِي  لِضَلْعِي الثهابِتِ وَأمََانِ أيَهامِي إلَِى مَنْ شَدَدْتُ عَضُدِي بِهِمْ فكََانوُا لِي يَناَبِيعَ أرَْتوَِي مِنْهَا لِخَيْ 

اتِي وَإخِْوَانيِ وأخََ -وَصَفْوَتهَِا  - 

حْلَةِ لِمَنْ دَعَمُونيِ وَ  كَانوُا شُرَكَائيِ فيِ هَذِهِ الر ِ . 

 

 

ِ شُكْرًا وَحُ  بًّا وَامْتِناَناً عَلَى مَنْ قاَلَ “أنَاَ لَهَا ناَلَهَا”، وَأنَاَ لَهَا وَإنِْ أبََتْ رَغْمًا عَنْهَا أتَيَْتُ بِهَا فاَلْحَمْدُ لِِلّه

 .الْبدَْءِ وَالْخِتاَمِ 
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Abstract 

 

Molecular docking has become an important component of the drug discovery process. 

Since first being developed in the 1980s, advancements in the power of computer hardware 

and the increasing number of and ease of access to small molecule and protein structures 

have contributed to the development of improved methods, making docking more popular 

in both industrial and academic settings. Over the years, the modalities by which docking 

is used to assist the different tasks of drug discovery have changed. Although initially 

developed and used as a standalone method, docking is now mostly employed in 

combination with other computational approaches within integrated workflows. 

Despite its invaluable contribution to the drug discovery process, molecular docking is still 

far from perfect. In this chapter we will provide an introduction to molecular docking and 

to the different docking procedures with a focus on several considerations and protocols, 

including protonation states, active site waters and consensus, that can greatly improve the 

docking results
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Introduction and Literature Review 

The discipline of molecular docking has developed over the past thirty years, propelled by 

the demands of structural molecular biology and structure-based drug discovery. The 

significant increase in the availability and capability of computers, along with the enhanced 

accessibility of small chemical and protein databases, has tremendously assisted this 

process. [1–4] 

The docking procedure entails predicting the structure and orientation of a ligand within a 

certain binding site. Docking investigations often pursue two objectives: precise structural 

modeling and accurate activity prediction. Nonetheless, the identification of molecular 

characteristics responsible for particular biological recognition, or the prediction of 

compound alterations that enhance potency, presents intricate challenges that are 

frequently difficult to comprehend and, even more so, to model computationally. 

Considering these problems, docking is typically structured as a multi-stage procedure, 

with each step adding one or more layers of complexity.[5] The procedure commences with 

the utilization of docking algorithms that position tiny molecules within the active region. 

This is inherently hard, as even very basic organic molecules may possess numerous 

conformational degrees of freedom. Sampling these degrees of freedom must be executed 

with adequate precision to discern the conformation that most closely aligns with the 

receptor structure, and must be sufficiently rapid to facilitate the assessment of thousands 

of molecules in a single docking run. Algorithms are enhanced by SCORING 

FUNCTIONS intended to forecast biological activity by assessing interactions between 

substances and prospective targets.  

Initial scoring functions assessed compound compatibility by calculations of approximate 

form and electrostatic complementarity. Basic scoring functions are extensively utilized, 

particularly in the first phases of docking simulations. Pre-selected conformers are 

frequently subjected to additional assessment utilizing intricate scoring methodologies that 

provide a more comprehensive analysis of electrostatic and van der Waals interactions, as 

well as incorporating certain solvation or entropic effects.[6] 



 

3 
 

 

 Molecular docking serves numerous functions in drug discovery, encompassing structure–

activity analyses, lead optimization, identification of potential leads through virtual 

screening, formulation of binding hypotheses to enhance predictions for mutagenesis 

studies, support for x-ray crystallography in aligning substrates and inhibitors with electron 

density, investigation of chemical mechanisms, and design of combinatorial libraries.[7] 

High-Throughput Screening (HTS) of extensive chemical libraries against molecular target 

panels has established itself as the benchmark for identifying biologically active hits. 

Nonetheless, the substantial expenses associated with the establishment and maintenance 

of these screening platforms frequently impede their application in drug discovery.[8]  

Furthermore, in light of recent advancements in computer technology and the swift 

proliferation of structural, chemical, and biological data pertaining to an expanding arry of 

therapeutic targets, it is evident that the utilization of in silico methodologies such as 

chemoinformatics, molecular modeling, and artificial intelligence (AI) has markedly 

escalated in recent decades. [9–13]  

In silico methodologies currently provide the virtual screening of millions of compounds 

in a cost-effective manner, hence decreasing the preliminary expenses of hit discovery and 

enhancing the likelihood of discovering suitable drug candidates. Currently, various 

molecular modeling strategies exist to aid drug discovery, mostly categorized into 

structure-based and ligand-based methodologies.[14] Structure-based approaches utilize 

information obtained from the three-dimensional structure of a target of interest, enabling 

the ranking of molecular databases based on the structural and electronic complementarity 

of ligands to a certain target.[15]  

Molecular docking is a prominent and effective structure-based in silico approach that 

predicts interactions between molecules and biological targets.[15] This procedure 

typically involves initially forecasting the molecular orientation of a ligand within a 

receptor, followed by assessing their complementarity using a scoring function.[15] 

Docking has demonstrated significant efficacy in structure-based drug design (SBDD), 

leading to its extensive development and enhancement throughout the years. In the past 
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two decades, over 60 distinct docking technologies have been created in both academic 

and commercial environments. Numerous studies exist that elucidate the assessment and 

comparison of various docking programs. [16-19] 

Objectives  

The main objectives of molecular docking are: 

1. Predict Binding Modes: To predict the preferred orientation (pose) of a small molecule 

(ligand) when it binds to a target macromolecule (usually a protein or DNA). 

2. Estimate Binding Affinity: To estimate the strength of the interaction (binding energy or 

score) between the ligand and the target. 

3. Drug Discovery: To identify potential drug candidates by virtually screening large 

libraries of compounds and selecting those with high binding affinity to a specific 

biological target. 

CADD (COMPUTER-AIDED DRUG DISCOVERY) 

INVOLVES 

 a. The application of computational techniques to optimize the drug discovery and 

development process.  

b. Utilize chemical and biological data on ligands and/or targets to identify and enhance 

innovative pharmaceuticals.  

c. Development of in-silico filters to eliminate chemical compounds with undesirable 

features (suboptimal activity and/or inadequate Absorption, Distribution, Metabolism, 

Excretion, and Toxicity (ADMET)) and identify the most promising candidates.  

d. Identification of innovative drug targets and acquisition via databases of target protein 

structures, such as the Protein Data Bank (PDB). CADD (Figure 1) is employed to identify 

potential medication candidates. Virtual screening is utilized to identify novel drug 

candidates from diverse chemical scaffolds by examining databases. [20-21] 
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Figure 1 The computer aided drug design and discovery (CADDD) procedure. (Chaudhary, Kamal 

Kumar, and Nidhi Mishra. 2016) 
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Diverse forms of docking The primary approach employed for docking is the Lock and 

Key model.Rigid Docking - Both the receptor and ligand are held stationary during the 

docking process. Induced fitFlexible docking-involves induced fit docking, wherein both 

the ligand and the receptor exhibit conformational flexibility. At each rotation, the surface 

cell occupancy and energy are computed; subsequently, the most optimal position is 

chosen.[22] 

Principal stages involved in the mechanics of molecular 

docking 

 Molecular docking is the in-silico examination of intermolecular interactions between two 

molecules. The protein receptor serves as the macromolecule in this process. The micro 

molecule is the ligand, which can function as an inhibitor. The docking process comprises 

the subsequent steps: 

 Step I – Protein Preparation: The three-dimensional structure of the protein must be 

obtained from the Protein Data Bank (PDB); then, the recovered structure should undergo 

pre-processing. This should allow for the evacuation of water molecules from the cavity, 

stabilising the charges, filling the absent residues, and generating the side chains, in 

accordance with the supplied specifications. 

 Step II – Active Site Prediction: Following protein production, the active site of the 

protein must be predicted. The receptor may contain numerous active sites, but only one of 

interest should be selected. The removal of water molecules and heteroatoms, if present, is 

predominantly executed [23-24].  

Step III – Ligand Preparation: Ligands can be obtained from several databases, including 

ZINC and PubChem, or can be illustrated using the ChemSketch tool. The selection of the 

ligand should adhere to Lipinski's Rule of Five. The Lipinski Rule of Five aids in 

distinguishing between non-drug-like and drug-like candidates. It offers a significant 

probability of success or failure for drug-like compounds that adhere to two or more of the 

established criteria. For the selection of a ligand in accordance with Lipinski's Rule: Fewer 

than five hydrogen bond donors Fewer than ten hydrogen bond acceptors Molecular mass 
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under 500 Da High lipophilicity (shown by LogP not exceeding 5) 5 The molar refractivity 

should range from 40 to 130. 

Step IV - Docking: The ligand is positioned against the protein, and the interactions are 

examined. The scoring function assigns a score based on the selected optimal docked 

ligand complex.[25] 

Approaches of Molecular Docking 

Two principal techniques are used for conducting molecular docking. One strategy uses 

computer simulations to estimate the energy profile for the docked conformer of the ligand 

target. The second approach employs a technique that assesses the surface complementarity 

between the ligand and the target [26]. 

Simulative Methodology 

 This method involves the separation of ligand and target molecules by a physical distance, 

after which the ligand is permitted to bind to the groove or pocket of the target molecule 

following a specified number of movements within its conformational space. The 

modifications pertain to alterations in the ligand structure, either internally through 

torsional angle rotations or externally via rigid body transformations, including rotations 

and translations. Each movement within the conformational constraints of the ligand 

produces energy, quantified as the "Total Energy of the System." This method is superior 

to the form complementarity technique as it better accommodates ligand flexibility within 

molecular modelling tools. An additional advantage of this approach is that it provides a 

more accurate assessment of the chemical recognition between the ligand and the target 

molecule. Nonetheless, molecular docking employing this method requires an extended 

period to evaluate the best docked conformer, as extensive energy landscapes must be 

computed for each position. Nonetheless, rapid optimisation techniques and grid-based 

tools have significantly transformed this limitation, enhancing the user-friendliness of 

computer simulation methods [26,27]. 
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Shape Complementarity Method  

This method utilises ligand and target as a collection of surface structure characteristics 

that enable their molecular docking. To accomplish molecular docking, the molecular 

surface of the target is characterised in relation to its solvent-accessible surface area, while 

the ligand's molecular surface is represented through a corresponding surface depiction. 

The complementarity of two molecular surfaces is assessed through shape matching, which 

aids in identifying the complementary groove or pocket for ligand docking on the target 

molecular surface. Specifically, for protein target molecules, hydrophobicity is assessed by 

evaluating the number of twists in the main-chain atoms. The shape complementarity 

approach is efficient and reliable, enabling the rapid assessment of hundreds of ligands 

within seconds to determine their potential binding characteristics on the target molecular 

surface. [26, 27] 

Structure-Based Drug Design (SBDD)  

Comprehending the mechanisms governing the recognition and interaction of small-

molecule ligands with macromolecules is crucial in pharmaceutical research and 

development (R & D) [28]. SBDD denotes the methodical application of structural data, 

such as macromolecular targets or receptors, typically acquired through experimental 

means or computational homology modelling. The objective is to design ligands with 

certain electrostatic and stereochemical characteristics to attain elevated receptor binding 

affinity. The accessibility of three-dimensional macromolecular structures for a thorough 

examination of the binding site architecture, encompassing clefts, cavities, and sub-

pockets. Electrostatic characteristics, including charge dispersion, can be meticulously 

analysed. Contemporary structure-based drug design (SBDD) techniques facilitate the 

creation of ligands with essential characteristics for effective regulation of the target 

receptor [28,29]. The selective regulation of a validated drug target by high-affinity ligands 

disrupts certain cellular processes, ultimately resulting in the intended pharmacological and 

therapeutic effects [30]. SBDD is a cyclical process including incremental knowledge gain 

(Figure 2).  
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In silico investigations are performed to find possible ligands based on a known target 

structure. The synthesis of the most promising molecules is conducted subsequent to these 

molecular modelling approaches [31]. 

 Subsequently, assessments of biological features, including potency, affinity, and efficacy, 

are conducted utilising several experimental platforms [32]. Upon identification of active 

molecules, the three-dimensional structure of the ligand-receptor complex can be 

elucidated. The existing structure facilitates the observation of several intermolecular 

characteristics that underpin the process of molecular recognition. Structural descriptions 

of ligand-receptor complexes facilitate the examination of binding conformations, the 

characterisation of critical intermolecular interactions, the identification of unknown 

binding sites, mechanistic investigations, and the elucidation of ligand-induced 

conformational alterations [33]. Upon establishing a ligand-receptor complex, biological 

activity data are correlated with the structural information [34]. The SBDD process 

recommences with new steps aimed at integrating molecular changes that may enhance the 

affinity of novel ligands for the binding site. The adaptability of the target receptor is a 

critical factor to consider during the modelling phase, as significant conformational 

alterations may arise upon ligand interaction. Techniques like flexible docking and 

molecular dynamics are effective in tackling the issue of flexibility [35,36]. 
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Figure 2:  Outline of SBDD. The three-dimensional structure of the molecular target is employed in 

molecular modeling studies. Promising compounds are synthesized and then experimentally 

evaluated. Given that bioactive small-molecules are discovered, the structure of a ligand-receptor 

complex can be obtained. The binding complex is used in molecular modeling studies and novel 

compounds are designed. (Ferreira, Leonardo G., et al. 2015) 

 

 

 

 

Molecular representations for docking 

Molecular representations for docking purposes Evaluating different docking approaches 

necessitates consideration of the representation of the protein and ligand. The receptor can 

be represented in three fundamental forms: atomic, surface, and grid [37]. Atomic 

representation is typically employed solely in conjunction with a potential energy function 

[38] and frequently only during the final ranking stages due to the computational difficulty 

associated with analysing pairwise atomic interactions. Surface-based docking programs 

are generally employed in protein–protein docking, though not exclusively [39,40]. 

Connolly's initial contributions to molecular surface representations significantly catalysed 

further research in this domain [41,42]. These strategies seek to align locations on surfaces 

by reducing the angle between the surfaces of opposing molecules [43]. Consequently, the 

rigid body approximation remains the norm for numerous protein–protein docking 

methodologies. Goodford [44] pioneered the utilisation of potential energy grids, which 

are employed by many docking algorithms for energy computations.  

The fundamental concept is to retain data regarding the receptor's energetic contributions 

at grid points, allowing it to be accessed solely during ligand scoring. Grid points 

fundamentally store two categories of potentials: electrostatic and van der Waals. (figure 

3) depicts a representative grid for the acquisition of electrostatic potentials, while (figure 

4) demonstrates the electrostatic potential of a bound inhibitor projected onto its molecular 

surface. 
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Figure 3a Figure 4b 

 Figure  3: Grid representations. A surface plot depicting the electrostatic potential of HIV protease 

(PDB code: 1BVE) surrounding its active site, which includes the binding inhibitor Dmp323, is 

presented. Red and blue signify regions of negative and positive electrostatic potential, respectively. 

b | Displays a 'cut-away' electrostatic potential grid of the enzyme surrounding the bound inhibitor 

(excluded from the computation). (Kitchen, Douglas B., et al. 2004) 

Figure 4: Electrostatic potential of a constrained inhibitor. The inhibitor Dmp323 is depicted in 

association with HIV protease (PDB code: 1BVE). The electrostatic potential of the symmetrical 

inhibitor in its binding conformation was delineated on its computed molecular surface. The residues 

Ile50 and Asp25 from each monomer in HIV protease facilitate the stabilisation of inhibitor binding. 

(Kitchen, Douglas B., et al. 2004) 
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1. Protein-protein docking 

 Protein-protein docking is a burgeoning research area, owing to its capacity for forecasting 

protein-protein interactions (PPIs) and pinpointing critical residues at the protein-protein 

interface. While protein-protein docking adheres to the concepts of protein-small molecule 

docking, the exploration of conformational space in protein-protein docking presents 

significant challenges. Even for comparatively hard proteins, exploring the rotational-

conformational space of mutual orientations that may be sampled by a pair of interacting 

proteins is challenging. The extensive degrees of freedom render the computational 

expense of search algorithms significant for protein-protein docking. 

Two interacting proteins exhibit considerable differences from ligand-protein binding 

cavities. Protein-protein binding sites typically have relatively planar surfaces lacking a 

prominent, well-defined pocket [45]. The prediction of protein associations is further 

confounded by their inherent flexibility. Proteins are dynamic entities that continually 

interconvert among conformers with differing energy states, and accurately representing 

this flexibility remains a difficulty in molecular docking. Notwithstanding the intricacy of 

the issue, numerous docking techniques are presently accessible for forecasting the 

configurations of protein-protein complexes. The selection of the approach is contingent 

upon the characteristics of the docking issue (46).  The primary objective is to isolate the 

two proteins from the complex structure and employ a rigid docking procedure to attempt 

to recreate a near-native approximation of the complex (bound docking). 

Protein-protein docking techniques have significantly advanced in recent years, as 

evidenced by the outcomes of the Critical Assessment of PRedicted Interactions (CAPRI) 

[47]. 

2. Protein-peptide docking 

Peptideprotein interaction modeling Peptide therapeutics are increasingly recognized in 

drug development for their potential to target 'undruggable' intracellular protein-protein 

interfaces, which are characterized by extensive and relatively featureless surfaces. 

Peptides can interact with extensive protein surfaces with significant efficacy and 

selectivity, resulting in reduced off-target side effects and diminished toxicity potential 
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compared to small molecule medicines [48]. Computational techniques, such as docking, 

have demonstrated efficacy in the discovery and design of small molecule pharmaceuticals 

and in peptide therapies. Protein-peptide docking entails computational processes 

including conformational sampling, structural refinement, and scoring, akin to 

conventional protein-small molecule docking methodologies. Peptides exhibit greater 

flexibility than tiny molecules and typically assume many conformations. Consequently, 

modeling protein-peptide interactions is a formidable and labor-intensive challenge. 

Protein-protein docking techniques, like ZDOCK [49] and Hex [50], have been employed 

to dock peptides onto proteins. In contrast to proteins, peptide molecules exhibit 

significantly greater flexibility and reduced stability. Protein partners often possess well-

defined three-dimensional structures prior to the formation of protein-protein complexes, 

whereas peptides generally lack such structures. Moreover, peptide-mediated interactions 

are typically ephemeral and less robust than protein-protein interactions because of the 

reduced contact between peptides and their protein counterparts. 

The substantial rise of peptide-protein structures in the PDB has enabled the advancement 

of more effective docking and refinement techniques for forecasting peptide-protein 

interactions. Peptide-docking methodologies can be categorized as template-based docking 

or template-free docking, according on the volume of requisite input data. Template-based 

docking approaches, also known as comparative methods, utilize existing structures 

(templates) as a framework to construct a model of the target complex [51]. These 

strategies are preferred when the template closely resembles the subject of investigation. 

3. Nucleic acid docking  

Nucleic acids (NAs) are integral to numerous cellular activities, encompassing cellular 

reproduction and protein synthesis. Consequently, DNA binders may disrupt the DNA 

replication process, impacting cell proliferation, or modulate the transcription process, 

potentially leading to the inhibition of gene expression. Likewise, RNA binders may 

disrupt the processes of transcription and translation. Consequently, nucleic acids are 

prospective pharmacological targets for various disorders, particularly in the domains of 

anticancer, antibacterial, and antiviral therapies [52]. Small molecules engage with nucleic 

acids by many mechanisms: intercalation, cross-linking, strand cleavage, and reading 
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molecules. As of this writing, the PDB contains 523 RNA-ligand co-crystallized structures 

and 730 DNA-ligand co-crystallized structures, with numbers rising annually. This 

structural data facilitates the examination of molecular interactions between nucleic acids 

and ligands, while also supporting structure-based computational approaches for the design 

of nucleic acid-targeting ligands for certain disorders.An efficient method for addressing 

NA flexibility is to employ ensemble docking, utilising a collection of predefined NA 

conformations derived from various X-ray crystal structures, NMR models, or normal-

mode analysis of molecular dynamics simulations. 

NAs-small molecule docking 

1.Solvent exposed pockets, high charge density and polarity 

2.NAs exhibit induced fit or conformational changes upon small molecule binding 

3.Unconventional interactions between NAs and small-molecule binders 

4.Strong interactions with water and metal ions. 

Theory of docking 

The docking of molecules techniques encompass two fundamental processes: predicting 

the shape of a ligand, often a tiny molecule, along with its position and orientation within 

the protein binding site (termed a pose), and evaluating the quality of the pose by a scoring 

function. The experimental binding inversion must be repeatable via sampling and should 

be prioritized as the highest-ranked among all conformations generated by the scoring 

function. Another objective of the docking process is to achieve predictably greater ratings 

for active molecules than for stable inactive compounds. It is challenging to attain this level 

of precision, as it is typically impacted by outside variables unrelated to the protein. 

Accurately predicting the ligand's conformation and evaluating its quality are the main 

objectives of a docking technique.[53] 

The sampling process is non-trivial. The conformational space involves many degrees of 

freedom including the rotation and translation of a molecule relative to another. In practice, 

it is impossible to explore the search space exhaustively by enumerating all possible 
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conformations and all possible rotational and translational orientations of a single molecule 

relative to a protein within a second of elapsed time (a time scale that is realistically needed 

for virtual screening). Hence, efficient sampling of conformational space is still a challenge 

in molecular docking. 

Early approaches to account for these sampling problems treated both the ligand and the 

protein as rigid bodies thereby reducing the number of degrees of freedom to just six. Such 

approaches rely on the shape similarities between the ligand and the protein binding site. 

A very well cited example of a program using this algorithm is DOCK.[54] 

The ligand and the protein binding sites are represented as pharmacophore spheres with 

different radii in a rigid docking approach. The search algorithm attempts to pair the ligand 

and protein spheres by comparing the internal distances of all the ligand's spheres and all 

of the protein binding site's spheres. A least squares fit of the atoms to the sphere centroid 

is then used to align the ligand within the binding site. When an undesirable orientation 

occurs (for as when the ligand and the protein binding site conflict), the ligand is reoriented 

until it achieves an appropriate orientation. The degree of overlap between the ligand and 

protein pharmacophore spheres is then used to score the orientation.[55]  

Since the conformation is linked to protein-ligand interactions, its effectiveness is limited 

even with its computational efficiency. The ideal binding conformation of a small molecule 

is a compromise between its best internal geometry and the interactions it forms with the 

binding site. Rigid docking does not consider this. This is particularly pertinent in predicted 

docking because to the further complexity arising from the conformational alteration of the 

ligand from its unbound (isolated) state to its bioactive (bound) state.[56] 

Small databases of molecules   

For virtual screening, a number of databases of small compounds that resemble leads and 

drugs are accessible.  Even while some of the collections have a lot in common, each 

database has special qualities that can make it better than the others for a given virtual 

screening job.  Every database has a sufficient number of unique compounds to warrant 

examining multiple libraries, if at all possible.  The 'Lipinski's rule of five', which states 
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that drug-like compounds should have a molecular weight below 500, lipophilicity (logP) 

below 5, fewer than five hydrogen bond donors, and fewer than ten hydrogen bond 

acceptors, allows for the design of many publicly accessible chemical databases to have 

desirable properties like 'drug-likeness' [57]. 

Nonetheless, a growing number of substances that violate some of these regulations have 

been authorized as medications and put on the market over time (for example, 50% of 

marketed medications do not adhere to the rule of five, and many natural product 

medications do not) [58].  The range of chemotypes can be severely restricted by rigorous 

adherence to this guideline, suggesting that it is best to follow it with some leeway [58].  

Compounds that violate the rule of five are included in other databases that are accessible 

because they contain chemical structures from licensed medications or natural items. 

Here, we'll give a quick rundown of some of the most widely utilized chemical databases 

for virtual screening. 

1. The ZINC database   

The University of California, San Francisco's Department of Pharmaceutical Chemistry 

created the free database ZINC, which contains information on commercially accessible 

chemicals [59].  It has an increasing number of ready-to-dock 3D structures from many 

manufacturers' catalogs, together with features like size, calculated logP, number of 

rotatable bonds, and pertinent information on protonation and tautomeric states.  The 

primary feature that sets this ZINC apart from other databases is its emphasis on docking 

and availability, as each molecule in the database also includes vendor and purchasability 

information. 

Over 736 million lead-like compounds (molecular weight less than 400 g/mol, computed 

logP less than 4, and rotatable bonds less than 7) are included in ZINC20 [60], its most 

recent edition. Of these, 509 million can be downloaded in 3D and are prepared for 

docking, along with information. 
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2.ENAMiNe databases  

For screening, ENAMINE offers a variety of commercial collections of compounds.  There 

are already more than 2 million low molecular weight chemical molecules in the screening 

collection.  While the Advanced Collection (>493,000 compounds) is meant for lead 

discovery, the HTS collection (>2,115,000 compounds) comprises a very broad variety of 

chemotypes produced from in-house research and partner academic organizations.  This 

collection was created using lead-like characteristics and/or useful pharmacophores like 

amide, carboxylic, and primary amino groups.  Conversely, the Premium collection 

(>44,500 compounds) includes compounds with the best physicochemical characteristics 

(low logP, MW, and high Fsp³). Additionally, Enamine offers a 3D diversity set (50,240 

compounds from conformational analysis and shape clustering of the HTS collection), a 

pharmacologically diverse set (10,240 drug-like compounds clustered by activities from 

biologically relevant chemical space), and a covalent screening library (10,480 compounds 

of well-validated covalent binders). Targeted libraries, such as those for the central nervous 

system (CNS), antibacterial, ion channel, coronavirus, kinase, and lipid G protein-coupled 

receptor (GPCR) libraries, as well as fragment libraries (e.g. covalent, sp3-rich, Protein-

Protein Interactions (PPI), fluorinated and brominated fragments, etc. The REAL database, 

the largest Enamine database, is a virtual collection of more than 1.36 billion molecules 

that can be used to find analogues of successful compounds and to discover new hit 

molecules through extensive virtual screening.  Every molecule in the REAL database 

meets the Veber criterion (TPSA < 140 and rotatable bonds ≤ 10) as well as the rule of five 

[61]. These different collections' structure data files are updated on a regular basis and are 

available for direct download from the ENAMINE webpage in MDL SD (.sdf) or MDL 

ISIS (.db) formats, or upon request.  Each molecule's entry in the database includes 

SMILES and catalogue IDs, as well as key physicochemical parameters (MW, sLogP, 

HBA, HBD, etc.), structural alerts (PAINS, Brenk, and Eli Lilly medchem rules), chemistry 

type, and synthesis difficulty ('s', simple chemistry, standard effort,'m', advanced 

chemistry, higher effort). 
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3.The NCI open database 

  The National Cancer Institute's (NCI) Developmental Therapeutics Program created the 

publicly available NCI Open Database.  This database includes a collection of substances 

that are not protected by confidentiality agreements that the NCI has gathered since 1955 

for anticancer testing and since the 1980s for anti-AIDS screening.  More than 260,000 

compounds from organic synthesis and natural source extracts are presently available for 

download in.sdf format from the database [62]. A manually curated database of bioactive 

compounds with characteristics similar to those of drugs is called ChEMBL [63, 64].  More 

than 1.8 million chemicals and more than 15 million records on their effects on biological 

systems are available in the ChEMBL database.  It includes data on absorption, 

distribution, metabolism, excretion, and toxicity (ADMET), as well as how tiny molecules 

interact with their targets and impact cells and the entire body.  ChEMBL now includes 

more information on the clinical development of substances (ChEMBL Drugs).  This 

carefully selected dataset contains both commercially available medications and those that 

are currently or have been in clinical research. It is annotated with details about the 

compounds' known therapeutic targets and related indications. A substantial portion of the 

SAR and the discovery of contemporary medications are covered by the data in ChEMBL, 

which are taken and curated from the major medicinal chemistry and pharmacology 

literature.  Researchers' deposits and data taken from other public databases are also 

included in the ChEMBL database. ChEMBL contains 2D structures with computed 

molecular attributes (e.g., logP, molecular weight, Lipinski parameters) and bioactivity 

information (e.g., binding constants, pharmacology, and ADMET). The bioactivity 

information is labeled to indicate connections between published experiments and 

molecular targets. 
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The Role of Molecular Docking in Combating the Coronavirus 

(SARS-CoV-2) 

As the COVID-19 pandemic spreads, covalent drugs that form permanent chemical bonds 

with the virus, enhancing their effectiveness, have gained importance. 

Molecular simulations have been used to design covalent inhibitors targeting Mpro, such 

as ketone-based inhibitors, which have been studied to combat the virus.This has improved 

strategies to combat the pandemic and reduced the need for lengthy and expensive 

laboratory experiments.[72] 

How molecular simulations are being used in the search for treatments for SARS-CoV-2 

(coronavirus)? 

By identifying key viral proteins such as Mpro (3CLpro), Spike Protein and RdRp as 

therapeutic targets, it helped test well-known drugs such as Remdesivir, Lopinavir and 

Hydroxychloroquine to see how effective they are against the virus.[75] 

The role of molecular simulation in the pharmaceutical 

industry: 

1. Many drugs such as Imatinib and Zanamivir were developed using this technology.  

2. Reducing costly laboratory experiments:by directing research to compounds most likely 

to succeed. 

3. Predicting the interaction between the drug and biological receptors: By calculating the 

binding position of molecules to proteins, the mechanism of action of the drug can be 

understood and modifications can be suggested to improve its compatibility with receptors.  

4. Structure-Activity Relationship (SAR) studies: To improve compounds, discover new 

drugs, predict the position and properties of drug-protein binding and optimize this 

interaction to increase efficacy and reduce side effects. 

5. Exploring drug resistance mechanisms: used to understand how drug resistance develops 

in bacteria or viruses, helping to design drugs that bypass this resistance.[73-77] 
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Materials (Databases & Chemical Libraries): 

1. ZINC Database:  ZINC is a free database of commercially-available compounds 

developed in the Department of Pharmaceutical Chemistry at the University of California, 

San Francisco.[78] 

It contains a constantly growing number of 3D structures ready-to-dock from catalogues 

of several vendors with annotated relevant information about protonation and tautomeric 

states, and properties such as size, calculated logP, number of rotatable bonds, etc. Each 

molecule in the database also contains purchasability and vendor information, making this 

ZINC’s focus on docking and availability the main distinctive characteristic from other 

databases. 

In its latest version, ZINC20 comprises over 736 million lead-like compounds (molecular 

weight less than 400 g/mol, calculated logP less than 4 and rotatable bonds less than 7), 

509 million of these compounds are avail- able for download in 3D ready for docking, 

together with information.[72] 

2. Drug  Bank: is an online database that provides detailed information about FDA-

approved drugs as well as experimental drugs undergoing FDA approval. It serves as both 

a bioinformatics and cheminformatics resource, combining chemical, pharmacological, 

and pharmaceutical drug data with comprehensive details about drug targets, including 

sequences, structures, and biological pathways. 

All the data in Drug  Bank is freely available, non-proprietary, or sourced from non-

proprietary origins, ensuring full accessibility and traceability to its original references. 

Currently, Drug  Bank contains over 13,700 drug entries, including approved small-

molecule drugs, biologics (such as proteins, peptides, vaccines, and allergenics), and more 

than 6,000 experimental drugs still in the discovery phase. Additionally, the database links 

over 5,000 unique protein sequences, covering drug targets, carriers, transporters, and 

enzymes, along with information on drug-drug and drug-food interactions. 

All chemical structures in DrugBank are available in different formats, including SMILES, 

sdf, .mol, .pdb, InChI, and InChIKey.[74] 
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3. The Chemistry European Biochemistry Laboratory (ChEMBL): is a carefully curated 

database focused on biologically active molecules with drug-like properties. It contains 

over 1.8 million compounds and over 15 million records detailing their effects on 

biological systems. The database provides information on how small molecules interact 

with their targets, their effects on cells and whole organisms, and their key ADMET 

properties (absorption, distribution, metabolism, excretion, and toxicity).[77] 

In addition, ChEMBL provides data on the clinical progress of various compounds through 

the "ChEMBL Drugs" section, which presents marketed drugs as well as drugs undergoing 

clinical trials. These entries are accompanied by details about their therapeutic targets and 

indications. 

ChEMBL includes two-dimensional molecular structures with calculated properties, such 

as logP, molecular weight, and Lipinski criteria, as well as bioactivity data (such as binding 

constants, pharmacology, and ADMET). All bioactivity data are annotated, linking 

molecular targets to their published experimental results.[78] 

In short, ChEMBL is a powerful tool in drug discovery, providing reliable data to support 

pharmaceutical research and improve drug development. 

4. PDB (Protein Data Bank): Database of optimised existing PDB entries with electron 

density maps, a description of model changes, and a wealth of model validation data. [77] 

It is a good starting point for any structural biology project. 

All the entries are treated with a consistent protocol that reduces the effects 

of differences in age, software, and depositors.[78-79] 

PDB is a central archive that stores all experimentally determined protein structures. It is 

managed by an international organization called wwPDB, which consists of four main 

members:  

RCSB PDB (responsible for maintaining a single, consistent version of the data for all 

users) PDBe (Protein Data Bank in Europe) PDBj (Protein Data Bank in Japan) 

BMRB (Biological Magnetic Resonance Data Bank) RCSB PDB ensures that all users 

access the same, unaltered data. [80-81] 
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Software tools used in molecular simulation (Preprocessing & 

Preparation Tools): 

1. ModRefiner: is a tool for improving the quality of protein structures by refining the 

atomic geometry of the model and reducing structural distortions. The text does not provide 

any details about this tool or its role in improving the model after it is built. 

2. PROPKA: is a computational tool used to predict the pKa values of ionizable amino 

acids in proteins. These predictions help determine the protonation state of amino acids 

such as Asp, Glu, Arg, Lys, and His under specific pH conditions. 

Assigning the correct protonation state to protein residues is essential for predicting ligand 

binding modes and affinities, especially in virtual screening, where errors can lead to false 

positives or missed true binders. Protonation states change dynamically, affecting protein-

ligand interactions, so they must align with the bound conformation and experimental pH. 

Crystal structures and known ligands provide insights into these states, steric clashes, and 

hydrogen bonding. Aspartic and glutamic acids are usually deprotonated, while arginine 

and lysine are protonated. Histidine is more complex, as it can adopt different protonation 

forms, influenced by its environment and sometimes misrepresented due to poor crystal 

resolution. To ensure accuracy, each histidine in the binding site should be analyzed 

individually, with hydrogen bonding as a key reference.[82-86] 

3. RDKit: This tool is used to create and optimize 3D structures of molecules, facilitating 

molecular modeling and prediction of chemical reactions. 

Several programs exist to generate and optimise the 3D structure of a ligand (e.g. CSD 

Conformer Generator, Omega, Confab, Confect, RDKit.[87] 

4. CSD Conformer Generator: The Cambridge Structural Database (CSD) is a repository 

for small molecule organic and metal-organic crystal structures. With over 1 million 

structures from X-ray and neutron diffraction analyses, the CSD includes several subsets, 

such as the CSD Drug Subset with entries that feature in the approved drug list provided 

by DrugBank and a CSD COVID-19 subset that includes structures of interest in the fight 

against COVID-19. 
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In short, is a tool linked to the CSD (Cambridge Structural Database), a database containing 

the crystal structures of thousands of organic and metal-organic molecules. This tool is 

used to generate possible conformations (three-dimensional shapes) of small molecules 

based on the chemical formula and structural data of the compound. [81-82] 

Current challenges  

Despite being in a mature stage of development, docking is still far from ideal.  With 

claimed success rates between 70 and 80%, the majority of docking systems can typically 

predict known binding postures with average accuracies of 1.5 to 2 [83].  The computation 

of precise binding energies, however, is one of the main drawbacks of molecular docking 

and is closely tied to all of the approximations made during a docking run (e.g. the 

treatment of solvent and the flexibility of the macromolecular system). Perhaps the most 

detrimental flaw in docking is the absence of an appropriate scoring function and searching 

algorithm that can effectively combine speed and precision.  Therefore, the results of a 

docking experiment should not be interpreted as the final result, but rather as a good starting 

point or as part of a workflow for a more thorough and accurate analysis, even though it 

makes a significant contribution to understanding target-ligand interactions in support of 

drug discovery projects.  We will concentrate on some of the areas where the 

aforementioned restrictions are probably going to have an effect in this section which 

include: 

1-Blind docking: The process of docking a ligand to a protein's whole surface without 

knowing the target pocket beforehand is known as "blind docking."  A far wider search 

space results from blind docking, which views the entire protein as a site where a ligand 

might bind.  Furthermore, the more binding sites there are, the more difficult blind docking 

becomes, which significantly restricts its practical application.  Blind docking's main 

challenge is to address the vast search space. 

As an alternative to a single blind docking run that covers the entire protein structure, this 

can be mitigated in one of two ways: either reduce the search complexity and split the 

docking box into multiple boxes, which would sacrifice the flexibility of some parts of the 
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ligand, or repeat the search multiple times using different seeds and then combine the 

results. 

The Protein Energy Landscape Exploration (PELE), a Monte Carlo-based method coupled 

with a protein structure prediction algorithm, represents a more sophisticated method for 

sampling flexibility in blind docking.  There are three primary steps taken.  First, side chain 

sampling (using algorithms), followed by ligand and protein perturbation (using a rotamer 

library), and finally, minimization and acceptance using the Metropolis acceptance criteria.  

Despite being computationally expensive, this method is still less expensive than MD 

simulations [91]. 

2- Covalent docking: Historically, drug discovery mainly focuses on non-covalent drugs 

due to potential off-target effects and toxicity issues of irreversible covalent drugs. 

However, in recent years and with the outbreak of Covid-19, we have witnessed the 

resurgence of covalent drugs [92-93]. Compared to non-covalent drugs, covalent drugs 

might have extra advantages, including better efficacy. They also offer a lower patient 

burden and less drug resis-tance due to lower and less frequent dosing and improved target 

specificity by careful designs that target specific protein residues [94].Because covalent 

bond formation, bond breaking, and bond rearrangements are quantum mechanical (QM) 

phenomena that cannot be sufficiently handled by force fields or empirical approaches 

typically used for non-covalent protein-ligand interactions, the rational design of covalent 

ligands continues to face unique challenges [95]. 

In the past, numerous manual interventions and ad hoc methods have been employed to 

modify current docking technologies for usage with covalent ligands in order to get around 

these restrictions [95].  More recently, this has altered.  Given the scale of the molecular 

systems and the quantity of configurations and compounds to take into account, a complete 

QM treatment is currently impractical in everyday applications, despite the fact that 

contributions from QM approaches are progressively being incorporated into docking 

applications.  However, quicker and easier modeling techniques could avoid the 

requirement for QM calculations in covalent docking, and in many situations, the QM 

treatment of the docking process might not be necessary. 
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Does anyone know the binding site?  Is the reactivity of the targeted amino acid known?  

Is it known what kind of electrophilic warhead the ligands have?  Various scenarios and 

requirements apply depending on how these questions are answered.  In the most 

straightforward scenario, where the target site is widely recognized. 

3-Reverse docking: As the name implies, reverse docking, also known as inverse docking, 

is the process of docking a group of one or a few ligands against a variety of protein families 

in order to determine a possible target, their binding affinity, or their polypharmacology 

profile.  Furthermore, RD can be a useful tool for drug rescue, repositioning, and 

repurposing. It can also help identify targets for medications with mechanisms that are 

currently unclear and aid in the logical design of less toxic or multitarget medications [96].  

Clinically approved medications may therefore be used for conditions other than those for 

which they were initially intended [97-98]. One well-known example is sildenafil [99], a 

phosphodiesterase-5 (PDE5) inhibitor that was initially created to treat angina but is now 

used to treat erectile dysfunction. 

Minoxidil, which was first created to treat hypertension but was later repositioned to treat 

male hair loss, is another example of a successful therapeutic repurposing [100].  Even 

while RD wasn't used to find these materials, it encouraged the use of computational 

methods for repurposing[101], which are now being used, for instance, to find cures for 

infectious disorders like COVID-19 [102]. In recent years, RD has gained increasing 

attention due to the advancement of computing resources. It has demonstrated some 

effectiveness in target identification, with anticipated results confirmed by crystallographic 

investigations and bioassays. These successful examples demonstrate the significance of 

reverse docking in small molecule protein target prediction. 

Limitations 

Covalent Docking Limitations: 

• The main challenges in designing covalent ligands relate to the fact that the formation, 

breaking, and rearrangement of covalent bonds are quantum mechanics (QM) phenomena, 
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and cannot be adequately addressed using approximate forces or traditional methods used 

in non-covalent docking. 

• QM techniques are still impractical for routine application due to the size of molecular 

systems and the number of configurations and compounds that must be considered, making 

them only suitable for re-evaluation after the docking process, not during it. 

• Blind docking is not applicable to covalent ligands because the binding site and target 

amino acid must be known in advance. 

Reverse Docking Limitations: 

• One of the main limitations is the accuracy of currently used scoring functions, as they 

do not distinguish well between real and fake targets, leading to many false positives. 

• Modern methods based on artificial intelligence/machine learning are effective but 

require massive computational resources and large biological data, which are not always 

available. 

Future Recommendations (Looking Forward) 

• Integrating docking with other computational tools such as MD (Molecular Dynamics 

Simulation) and AI/ML to enhance prediction and improve the accuracy of virtual 

screening results. 

• Optimizing scoring functions to suit different docking scenarios, especially in RD. 

• Using cloud computing and GPU clusters to accelerate docking operations, especially for 

intensive tasks such as blind docking.  
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