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14.1 Introduction

In the current scenario, our life is too fast-paced, which comes with major concerns about public health. The public

health of every age group has been a never ending story. However, it is evident that utilizing rigorous ongoing develop-

ments in the pharmaceutical field, we have successfully found a cure for several diseases. These modern-day medicines

can present themselves to be more effective either by direct treating, and preventing the diseases or by generating

immunity to prevent the reoccurrence of the disease. For instance, patients with many deadly diseases, such as cancer,

which had been a low survival rate in the 1970s, now can able to get treatment more effectively by modern chemother-

apy techniques. The death rate for the same has been declined by 20% as compared to the last decade (Siegel,

Naishadham, & Jemal, 2013). However, along with this accelerated development of these pharmaceutical medicines,

there is a need to be more careful about their long-term desirable/undesirable side effects that may vary according to

severity, which may include multidrug resistance, poor absorption and retention, toxicities, and some adverse allergic

reactions. The other side of the development of these drugs is manufacturing, which takes a lot of money and time.

According to some estimation, it takes up to $2.6 billion for development and after bringing it to the market raised

almost 150% of its cost in the past decades (Tollman, 2001). Furthermore, 90% of drug failure occurs due to lack of

efficacy and severe toxicity effects in clinical trials, and clinical trials require a large amount of funding for its comple-

tion (Joseph, DiMasi, Henry, & Grabowski, 2012; Khanna, 2012). In recent years due to the emergence of new viruses

and other disease causing pathogens, the time needed to develop drugs that come to market is around 10�15 years or

as soon as possible.

Advanced techniques, such as combinatorial chemistry or high-throughput screening (HTS), are capable of assay

and screen thousands of molecules in a single go as they are having 96�1536-well formats (Li et al., 2017). However,

it is seen that these techniques come with limitations, such as time consuming and expensive while taking the biological

complexity scenario into mind. Therefore there is an urgent need to view closer into these drugs in terms to get reduced

manufacturing time as well as expenditure, for that the researchers and pharmaceutical companies may have attention

to computer-aided drug discovery. Generally, these techniques can be comprised different stages of drug discovery and

development. These techniques might be helpful to screen hundreds/thousands of compounds quickly and identify puta-

tive efficient candidate molecules against the desired molecular targets (i.e., proteins, nucleic acid, lipid, and carbohy-

drates) and visualize their molecular interactions with the help of molecular modeling software’s to determine

target�ligand interaction (Sotriffer & Klebe, 2002; Zhao, Xia, Yu, Pan, & Wang, 2015). Therefore, optimization of

drug candidates is required for improved potency, lesser side effects, and enhanced selectivity with the target. The

structure-based drug design (SBDD) is a very useful and robust technique in the discovery of lead molecules through

computational approaches.

Over the decades, technologies, such as X-ray crystallography and nuclear magnetic resonance spectroscopy

(NMR), have contributed to identifying the three-dimensional (3D) structures of many biological molecules, which

establishes the era of drug discovery by SBDD (Middleton, 2007; Hosfield et al., 2003; Kawato et al., 2015). This

approach is followed by designing suitable drug molecules according to the amino acid residues present in binding site
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cavities of the target structure for better binding affinity and selectivity. SBDD also predicts the key binding sites of the

target and the affinity of probable ligands to the target that is important in terms of respective biological functions

(Mandal, Moudgi, & Mandal, 2009). In recent times this technique helped researchers to find many drugs like com-

pounds and some of them are finally brought to the market. Besides this, there are some disadvantages of SBDD, such

as the difficulty of considering target flexibility in docking, high false positive rate of virtual screening, and the inaccu-

racy of algorithms and scoring functions used by tools for predicting target�ligand-binding-free energy (Pei, Yin, Ma,

& Lai, 2014; Saleh & Elshemey, 2017; Warren, Do, Kelley, Nicholls, & Warren, 2012).

14.2 Background of structure-based drug design

SBDD has been seen as the most powerful and efficient process in the entire drug discovery program. Databases con-

taining information about the target and small molecules, genetic information with their sequences, 3D structure, inter-

action, and binding information, cytotoxicity data, absorption, distribution, metabolism, excretion, and toxicity

(ADMET) data, and other important biological information serves as the most efficient sources for accelerating the

drug discovery process (Batool and Choi, 2017). SBDD works as an iterative process and it proceeds with multiple

cycles of screening and simulation that leads to a highly optimized drug candidate for the subsequent developmental

clinical trials. In general, any drug discovery process mainly comprises four steps that include the discovery phase,

development phase, clinical trial phase, and registry phase. First, in the discovery phase, a metabolically involved thera-

peutic target and active ligands and their interactions among them are identified.

Many computer algorithm-based tools are available that are utilized for the docking of the ligand database that may

also include their modified forms or fragments into the binding pocket of the targeted structure. The operational tool

ranks these ligand molecules with respect to the scoring function used that is generally based on steric, binding ener-

gies, electrostatic interactions, and hydrogen bond formation of the drug like a molecule with the target-binding cavity/

site. Therefore a thorough investigation is done for examining electrostatic behavior of the binding site, and also identi-

fying the cavities, clefts, and allosteric pockets presence that can be visualized by using molecular visualization tools,

that is, PyMol. The information of the 3D structure of protein identified by techniques, such as X-ray diffraction and

NMR, can be imported from online database, that is, RCSB Protein Data Bank (PDB). With the availability of 3D struc-

ture, it is possible to derive detailed information about the intermolecular behavior involved in the process of molecular

bond rearrangements and binding of the ligand.

Insights into structure for protein/ligand�protein complex majorly help to examine various binding structural con-

formations, unknown binding site prediction, important functional groups, and conformational changes resulting from

ligand�protein interactions and structural stability studies. A recent trend in the SBDD method focuses on the main

examination of the key features of binding pockets/sites of the therapeutic target for the design of efficient ligands

(Blaney, 2012; Mamgain, Sharma, Pathak, & Baunthiyal, 2015; Mandal et al., 2009). Furthermore, in the next phase,

the top complexes are developed and optimized followed by further checked of stability (Wilson & Lill, 2011).

Afterward, the top-shorted compounds having high selective target affinity can be examined for in vitro biochemical

activities. These protein�ligand complex needs to be tested for involvement with some key metabolic/cellular path-

ways, proceeding to the further development process of drugs. After this step, the drug can be considered as having

desired therapeutic functionality (Urwyler, 2001). Qualified drugs analyzed further for crucial biological properties,

such as efficacy, affinity, and potency, evaluated by corresponding experimental methods (Ren et al., 2011).

Furthermore, multiple cyclic repetitions of the mentioned step increase the specificity and efficacy of the lead com-

pound. The third phase goes the same as a conventional drug trial that includes clinical trials with different phases char-

acterized by trials on the population of various age groups in advanced trials. Candidate compounds that successfully

pass the previous clinical trials proceeds for the concluding phase that comprises candidate drug registration by the cor-

responding competent authorities across the globe, and finally, after the final approval, the drug will be distributed in

the market for medical/therapeutic uses.

Currently SBDD became as a promising computational technique that is being used by R&D groups of institutions

and, pharmaceutical companies. This technique also helped scientists to make numerous drug products for the market

use including human immunodeficiency virus (HIV)-1-inhibiting FDA-approved drugs (Wlodawer & Vondrasek, 1998).

Moreover, some other examples exist that are identified by the SBDD technique: a thymidylate synthase inhibitor, ralti-

trexed (Anderson, 2003); amprenavir, a potential inhibitor of HIV protease; and the antibiotic norfloxacin (Rutenber &

Stroud, 1996; De Paulis, 2007). As SBDD algorithms have certain limitations and require further research work, or one

can take a consensus from different tools available for optimization of rankings (Agnihotry, Pathak, Srivastav, Shukla,

& Gautam, 2020; Pathak, Singh, Sagar, Baunthiyal, & Kumar, 2020).
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14.3 Process of SBDD

The structure-based drug discovery and designing completely depend on bioinformatic methods and tools before going

to the wet lab or experimental validations. The computational pipelines involved in SBDD, that is, target identification,

structure prediction, visualization, validation, binding site characterization, docking and virtual screening, visualization

of docked complex structure and their stability analysis, ADMET screening, and binding-free energy-MM-PBSA, are

discussed in the following sections and highlighted in Fig. 14.1.

14.3.1 Target identification

SBDD’s fundamental step is the drug target identification and its validation for the drug discovery process. It starts

with the identification of the causative agents of disease that has to be established by biochemical and biological basis.

This information can be easily retrieved through literature mining. To look carefully at the whole pathophysiological

pathway of disease of interest is foremost needed. The ideal target macromolecule for SBDD can be any macromolecule

that is completely linked with a selected disease pathway, involved metabolism, and can bind a small candidate drug

molecule to facilitate required functions. Following that, the most crucial causative macromolecule can be chosen for

the study. Basically, four causative agents or potential drug targets can be seen in organisms, that is, nucleic acids

(DNA and RNA), proteins including receptors and enzymes, carbohydrates, and lipid. Presently available drugs in the

market are designed focusing majorly on protein as a target. However, from the past year, nucleic acids are much

desired drug targets, which may be due to the decoding of several genomes of organisms as well as pathogens

(Gashaw, Ellinghaus, Sommer, & Asadullah, 2012). Also, the RNA targets’ use with an established secondary structure,

such as bacterial ribosome and HIV genome portion, is also effective. Some small molecules that modulate the func-

tions of proteases, kinases, ion channels, and nuclear hormone receptors make up 22% of the total market (Gallego &

Varani, 2001).

As the pathophysiological pathway picture is complex so it is a challenging task for the selection of potential drug

targets. It should be selected in a way that the forward reaction pathways, after their interaction with the drug, suppress

the upcoming sequential reaction events. It should be essential that its deletion should lead to the death of the causative

agent. It also needs to be unique; none of the other pathways should able to supplement the target one. In this time, the

use of genomics and proteomics methods came up as the most reliable for drug target identification (Singh, 2014).

Furthermore, major advances in technologies, such as high-throughput omics, generated a lot of data for host/orga-

nism�pathogen interaction. The scientific community integrated and analyzed these available data through mathemati-

cal modeling, network, and systems biology approaches to accelerate the developmental process of target identification

in SBDD.

With the progress and development of the conventional structure identification techniques (such as X-ray and

NMR), the data for the protein or protein�ligand complex structures in popular databases, such as the RCSB PDB, are

increasing (Chaudhari, Heim, & Li, 2015; Franca, 2015). Due to the limitations of these conventional techniques, the

determination of many target structures is still difficult by such experimental methods. However, new methods are grad-

ually being discovered to overcome these limitations. Computational methods, such as homology modeling or compara-

tive modeling, are useful to determine the structure of drug target using the amino acid sequence of the target protein

and its structural homolog, that is, similar experimentally determined structure present in the PDB database. To deter-

mine structure computationally it also includes threading or fold recognition methods when no structural homolog is

found in PDB (Nim, Sun, & Wong, 2017).

14.3.2 Target structure determination/prediction

Once a target has been identified it is important to obtain accurate information regarding structure. The structural infor-

mation of the target is available in structural database, that is, RCSB PDB, but due to unavailability of experimental

structure determination, bioinformatics method plays a vital role in the structure determination and accelerates the drug

discovery program. The target structure contains binding pockets/sites. Upon binding of the ligand molecule at the bind-

ing site of the target structure should reflect the dynamical changes. Several software/tools are available for protein

structure modeling using homology modeling, fold recognition, and ab initio method. Homology modeling is recog-

nized as the most accurate computation method, it uses sequence information of target protein for the modeling of 3D

structure. This method predicts that two or more proteins can have an evolutionary connection, and these different pro-

teins can have a good extent of structural similarity. So, the target protein structure can be modeled using the known
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FIGURE 14.1 Computational pipeline used in structure-based drug design for the identification of lead molecule(s).
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template with another 3D structure. However, this method has limitations such as it can be used only for more than

35% sequence identity between target and template. This technique may not give reliable results whenever the identity

is less than 30% (Franca, 2015).

After modeling the target 3D structure, it is necessary to examine the quality of the predicted structure by checking

its stereochemical properties using the Ramachandran plot. After that, we can have an idea about the probable confor-

mation of σ and ψ angles for each amino acid. Second, the fold recognition or threading method is used for constructing

a reliable model when no suitable structural homologs are detected. However, this approach is seen to be more precise

about fine structural information for predicting the best suitable structure for protein. Protein structural analysis has

shown that different amino acid residues in a protein have their unique or very different behavior to remain in an appro-

priate environmental class. Generally, there are 6 basic environmental classes, and approximately 18 environmental

classes or subclass determined for every amino acid residues present in three secondary structures, that is, sheet, helix,

and coil exists. The ab initio method can be used when neither structural counterparts nor structural fold is available for

the desired target protein. The configuration spaces of atoms in amino acids of protein were determined by using vari-

ous principles of chemistry, physics, and mathematics. This approach has a search method to explore the energy-based

scoring function and entire conformational space to produce the most suitable and accurate structure. Taking different

conformational spaces can be used for the different torsion angel’s discrete values of amino acids. Conformation energy

can be calculated using suitable parameters, such as a number of bonds, bond angles, bond length, interatomic dis-

tances, and disulfide linkage. Finally, the structure having global minimum energy conformation can be considered as a

stable and reliable model (Banner et al., 1993; Kaur, Utreja, Dhillon, Pathak, & Singh, 2020).

14.3.3 Cavity/binding site prediction

The structure of the target protein determination is followed by the identification of the site of the binding pocket on

the 3D protein model. The identification of the functional sites on the target protein model is an essential criterion for

the perfect coordination of ligand for inhibiting or activating its function. However, only a few reliable methods exist

for spotting the potential binding residues sites. Generally, these methods utilize the knowledge about van der Waals

(vdW) forces, hydrogen bonding interaction, and binding energy calculations for mapping a suitable site. Nowadays,

many methods are developed in SBDD for determining binding pockets by binding energy calculations, as this identi-

fies the particular sites on the protein model that can compose interaction between the participating functional groups

and drug molecules (Laurie & Jackson, 2005). Also, the energetically favorable interactions of specific candidates with

the proteins can also be seen by these methods.

Commonly, for the prediction of the binding site, one method that is energy based is Q-SiteFinder (Laurie &

Jackson, 2005). vdW binding energies of proteins with a specific methyl probe are calculated by this method.

According to those molecules having favorable energy can be clustered and retained. However, these clusters of probes

need to be ranked/sorted based on their binding energy calculation. In addition, sometimes the participating residues of

proteins are functionally explained for the binding site area determination. The computational approaches used for the

target structure determination to the binding site prediction are depicted in Fig. 14.2.

14.3.4 Ligand structure preparation/retrieval

The technique of SBDD emerged as a matter of attention in recent past years. This method implies supplementing the

conventional methods as a new era in the identification of probable drug compounds in the developmental process of

SBDD. Following the process follows in this approach, the compounds are first identified based on data mining and

then can be optimized for various parameters related to ADMET and then linked together to produce high-affinity lead

compounds. This optimization can be done based on the structural proximities, which obtained from X-ray crystallogra-

phy, NMR, and various other analytical techniques. These candidates should be functionally simpler than available drug

molecules. They should have efficient binding with the drug target, and should also follow the Lipinski rule of five,

which is considered crucial for orally administrated drugs.

Different bioinformatics resources, that is, databases and software, have been developed for the retrieval and prepa-

ration of ligand structures. ZINC database is recognized as one of the key resources for the retrieval of a big number of

ligand structures in different file formats for virtual screening and molecular docking. Besides, PubChem and

ChemSpider are considered as important database renounces for the retrieval of ligand structure along with their proper-

ties. ChemDraw, MarvinSketch, ChemSketch, etc., are software used for preparation and drawing ligand structure in
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different file formats; besides, it can be utilized for calculation of different physiochemical properties of ligand mole-

cules, that is, molecular weight, h-bond donor and acceptor, and logP.

14.3.5 Molecular docking and virtual screening

Molecular docking is the phenomenon of fitting the ligand into the binding site cavity of the target in 3D space. It is

considered a technique of computational simulation for molecular interactions. Basically, the ligand is made to bind on

the active site of the target, and then, based on scoring function, the binding energy is analyzed and their interactions

are visualized (Agrwal, Pathak, & Kasana, 2021; Sagar et al., 2014). It generally predicts the complex structural confor-

mation as well as the binding affinity of different compounds targeting an active site of the target macromolecular

structure accurately. Therefore it has become the most popular and reliable technique in SBDD. Moreover, this tech-

nique can also be implemented to examine key molecular phenomena. For instance, intramolecular/intermolecular inter-

actions, a number of hydrogen bond formations during interactions, help researchers for getting an idea about the

stability of complex conformation.

Several kinds of docking algorithms can also provide binding energies calculations and ranks the different ligands

by the usage of different scoring functions. Therefore the thermodynamic stability of the molecular system can be seen

FIGURE 14.2 Computational approaches used in target structure determination, their validation, and binding site prediction using sequence informa-

tion of selected molecular target for SBDD.
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by theoretically calculating intramolecular/intermolecular forces for stabilizing protein or protein�ligand complex

(Huang & Zou, 2010). Generally, most of the suitable ligand-binding conformation mostly depends on two factors: (1)

enough structural space defining probable binding conformations and (2) explicit prediction of binding energy with

each conformation (Meng, Zhang, Mezei, & Cui, 2011). A significant number of iterations can be performed to attain

the minimized energy level followed by assessing ligand-binding by different scoring functions. There are mainly two

kinds of docking: (1) flexible docking and (2) rigid docking, which plays a key role in the screening and identification

of lead compounds. Various docking simulation methods are based on a kind of key algorithms to handle ligand flexi-

bility. Moreover, the systematic algorithms aimed at analyzing the degree of freedom. This task can be achieved by

using the fragmentation method; using this method, a ligand can gradually move with flexibility inward in a

suitable binding cavity (Kitchen, Decornez, Furr, & Bajorath, 2004). The second technique combines 360-degree

rotatable bonds of the molecule made to rotate systematically and apply a prefixed constant increment rate; either pre-

determined libraries of structural conformational ensembles are accessed for the betterment of ligand flexibility using

database approach, or some of the random modifications can be implemented for an independent ligand or any single

group. However, these modifications might be accepted or rejected, which depends upon probability calculations of

genetic algorithm methods (Huang & Zou, 2010; Lopez-Vallejo et al., 2011) as well as the Monte Carlo method.

Virtual screening is a powerful computational method that is based on molecular docking algorithms, in which we

screen/dock a large set of molecules on a particular target simultaneously to identify best fitted molecules in terms of

binding energy and interacting partners (Pathak, Baunthiyal, Taj, & Kumar, 2014). It will be sorted based on binding-

free energy for further research. This technique is very useful in accelerating drug discovery programs through the iden-

tification of lead molecules in very less time. A list of some tools and database resources used in SBDD is mentioned

in Table 14.1 and Table 14.2, respectively.

TABLE 14.1 List of some tools and their applications used for the SBDD approach.

Stages Tool name Application Reference

Target modeling SWISS-MODEL Homology modeling Waterhouse et al. (2018)

MODELLER Homology modeling Webb and Sali (2016)

Phyre and
Phyre2

Remote template detection,
alignment and 3D modeling

Kelley, Mezulis, and Yates (2015)

HHpred Template detection, alignment, and
3D modeling

Söding, Biegert, & Lupas, 2005

I-TASSER Threading ab initio modeling Roy et al. (2010)

Binding site
prediction

CASTp Binding site prediction Tian, Chen, Lei, Zhao, and Liang (2018)

Active Site
Prediction tool

Active site prediction �

Molecular docking
tools

AutoDock Vina Molecular docking and virtual
screening

Trott and Olson (2010)

Sanjeevini Molecular docking Jayaram et al. (2012)

ADMET prediction admetSAR ADMET prediction �
QikProp ADME analysis �

Molecular Dynamic
Simulation

AMBER Suits for biomolecular simulation
programs

Case et al. (2020)

GROWMACS General purpose molecular
dynamic simulation package

van Gunsteren and Berendsen (1987)

MM-PBSA g_mmpbsa Binding energy calculation using
MM-PBSA method

Kumari, Kumar, Open Source Drug Discovery
Consortium, and Lynn (2014)
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14.3.6 ADMET analysis

Absorption, Distribution, Metabolism, Excretion, and Toxicity commonly known as ADMET is the key criteria for sort-

ing ligands in drug discovery programs. It serves as a primary testing requirement for any candidate molecule. A num-

ber of tools are available for analyzing and predicting ADMET properties: (1) ADMET parameter predictors, (2)

metabolic fate predictors, (3) metabolic stability predictors, (4) cytochrome P450 substrate predictors, and (5)

physiology-based pharmacokinetic modeling software. These ADMET parameters majorly reflect the candidate com-

pound’s performance as well as pharmacological action as a drug based on the in vivo behavior and the body response

for the same; therefore it is useful as it providing a primary key view for the nature of the candidate drug-like com-

pound. Therefore this technique majorly plays an important role in identifying most suited drug-like compounds as its

primary screening at preliminary phases of the drug discovery process and it significantly lowers the late-stage failure

of candidate drugs during preclinical or clinical advance stage phase trials; thus it can be proving to be an economical

and time-effective approach.

Drug designing is still coming out as a challenging task because of high input costs for development and a very low

success rate. It is widely suggested that any drug discovery program must pass the computer-based ADMET model pre-

diction prior to in vitro and in vivo model studies. At present some predefined principle descriptors, such as polar sur-

face area (2D), polarizability, vdW surface area, refractivity, and Lipinski’s rule, are used for these studies (Pathak,

Gupta, Shukla, & Baunthiyal, 2018; Singh & Pathak, 2020), but advancement in the area of two pioneer methods, such

as combinatorial chemistry and high-throughput screening, has significantly enhanced the preliminary data in terms of

ADMET for small molecules, which is available as a reference for further studies. Furthermore, to make ADMET more

accurate adding new principle descriptors and improving algorithms implementation can work; these most relevant

pharmacokinetics and pharmacodynamics information for molecules can be modeled to increase the efficiency and fas-

ten the SBDD and development process for several diseases in a cost-effective manner.

14.3.7 Molecular dynamics simulation

The macromolecules or their complex file, that is, docked structures, can be better analyzed for some crucial para-

meters, affecting its stability, conformation, bioactivity, etc. Molecular dynamics simulation (MDS) is a method com-

prising mathematical, biophysical, and computational studies of biomolecules for the analysis of their behaviors with

respect to time. The analysis of such a complex biological picture appears to be extremely challenging because of the

involvement of a large number of molecular components in biological systems. In this study, the participating entities,

such as atoms and the molecules, are allowed to interact for a defined specific period of time for the simulation study.

This is followed by different parameters estimation and calculation for each entity and designating data to check the

overall behavioral activity of the macromolecular molecular structure.

There are many advantages seen over molecular docking because in the case of molecular docking it provides only

binding-free energy of ligands and number of participating hydrogen bond with the target receptor, but additionally,

TABLE 14.2 List of some important database resources used in SBDD.

Database

name

Information Link Reference

ZINC Database containing commercially available
compounds for molecular docking and virtual
screening

http://zinc.docking.org/ Irwin and Shoichet
(2005)

PubChem Database containing small molecules and
biological activity

https://pubchem.ncbi.nlm.nih.gov/ Kim et al. (2016)

ChemSpider Chemical structure data for drug discovery http://www.chemspider.com/ Pence and Williams
(2010)

DrugBank FDA approved drugs for repurposing https://www.drugbank.ca/ Wishart et al. (2006)

ChemSpider Ligand structure http://www.chemspider.com/ Pence and Williams
(2010)
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using MDS we can know the specific interaction of the ligand with receptors at the atomic and subatomic levels. There

are various parameters in MDS, such as RMSD, which is used to estimate the stability of the target or its ligand com-

plex, and it also shows probable data about the conformational forms and helps to stabilize a molecule with minimized

global energy. On the other hand, using root mean square fluctuation is taken to determine the conformational align-

ments in terms of a time period (Rana, Pathak, Shukla, & Baunthiyal, 2019; Singh & Dwivedi, 2016). Besides, some

other analysis, such as Rg, H-bonds, PCA, and Gibbs-free energy, will be conducted to visualize the nature of structures

(Rai, Pathak, Singh, Bhatt, & Baunthiyal, 2021; Sidhu, Bhangu, Pathak, Yadav, & Chhuneja, 2020).

Very novel information can be retrieved about the receptor or its ligand�receptor complex that information can be

further utilized for the next steps in the SBDD program. Mainly, the software used for MDS is Amber, Gromacs,

CHARMM, and Desmond. The working principle of the MDS algorithm is generally comprised majorly three steps; (1)

each atom’s initial positions’ identification and its speed; (2) calculation for the forces given to the identified entity

using interatomic potential; and (3) further progression/movement of the atomic positions and its speeds over the short

period. The new identified positions and speeds are then introduced as new data inputs in step 2. This will speed up the

lead discovery process.

14.3.8 Binding-free-energy calculation-MM-PBSA

In the process of molecular docking, majorly one has to see about the affinity of candidate ligands against any molecu-

lar target. In this, we can get through the binding energy, that is, free energy released during the interaction. Generally,

target structure can be seen as rigid and free energies for protein�ligand complexes calculated using a different scoring

function in build with docking software packages. To validate the binding energy obtained during molecular docking,

MM-PBSA plays a key role. As proteins were being considered rigid, therefore, no frequencies were calculated for

them. The MM-PBSA method usually combines with a molecular dynamics (MD) simulation for the protein�ligand

complex and uses a single trajectory approach.

A real-time snapshot of a structure can be taken at various time durations during the running portion of the MD

simulations. These real-time data are then utilized to calculate mean values and uncertainties of various parameters of

interest. Generally, most of the time MD simulations are always being carried out using the explicit solvent model to

acquire the most accurate real-time data possible before mean values’ calculations. It is necessary to obtain many con-

formations of the solvent model in real time over the desired timeframes of simulation for better statistical inferences

(Rai et al., 2021). In MM-PBSA, we can easily calculate real values by using simulated information obtained from

MDS, that is, vdW energy, electrostatic energy, polar solvation energy, solvent accessible surface area energy, and

binding energy. This method will be very helpful in sorting the best ligand structure for further research.

14.4 Recent development in SBDD

Any small molecular interference by any entity that can interact with the corresponding protein is responsible for disease

mechanism or any undesired inhibition reactions it forms as the primary step to implement a very novel concept for the dis-

covery process, that is, SBDD. To enhance the effectiveness of such a design, atomic state computational modeling can be

seen as significant progress. However, it has been realized over the years that the accurate calculation of binding-free energy

for target protein and ligand emerged as one of the most significant problems of such modeling as it involves the use of

many scoring functions. However, in past years numerous important, reliable, and well-established docking tools are brought

into consideration. This shortlisting is done to overcome the problems related to global optimization. Other than this efforts

are made to use different algorithms, and the well-known reliable genetic algorithm is well established and received attention

because of its finely define design and popularity with respect to some other algorithms. Besides this, methods utilizing sol-

vent implicit models are also being considered for more accurate free-energy calculations.

Some newly developed docking programs are also available, as they are capable to detect the minimized lower

energy spectra for ligand�protein complex. Those are being considered more accurate programs because they lack a

predefined pool of potential from ligand�protein interaction. These new docking algorithms analyze docking ligand

into a protein and utilize some dozen of mobile entities on the other side to look for the search of surrounding energy

minimization (Sulimov, Kutov, & Ilin, 2019). These algorithms improve the accuracy positioning of the ligand in the

docking. Quantum chemistry involvement and advancement have improved the accuracy of the docking process. In

addition, other side developments have been made in calculations of molecular energy, utilizing solvent models,

quantum-chemical methods, and the flexibility and atoms of the ligand mobility to get minimized energy spectra. The

artificial intelligence (AI) technique uses human behavior by implementing human intelligence as the means of
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computer techniques (Mak & Pichika, 2019). Another machine learning (ML), a subset of AI, uses different statistical

methods with or without being programmed (Bishop, 2013). In SBDD, AI has come up with shifting the mood from

hype to hope (Mak & Pichika, 2019).

In past years AI and ML algorithms have revolutionized the process of drug discovery in various concerned industries by

providing a stage to efficiently identified more new compounds and more accurately. In this integrated approach of ML and

AI, big data emerges as an extra extension to improve these methods. Big Pharma has been seen to increase investment in

AI; this is a clear benefit insight of success of these methods. For example, SYNSIGHT has launched an AI-based VS and

molecular modeling-integrated platform in combination to create large biological models for drug development. In addition,

Pfizer is also been collaborating with IBM since December 2016 utilizing their multi cloud platform Watson drug discovery

process in terms of immuno-oncology. ML is characterized into three types; these are supervised learning, unsupervised

learning, and reinforced Learning. The variable ML subcategory methods analyze the model based on the availability of

input and output data sources. Supervised ML integrated with ADMET analysis is majorly applicable in disease diagnostic

methods; ADMET data can be passed as an output, and it improves drug efficacy.

Algorithms of supervised ML use binary coded prediction to differentiate between a potential drug compound and an

incapable candidate. The methods using the unsupervised learning category use a disease similar type as an output and a

feature-finding method can be used to identify a target for any disease. ML helps in stabilizing the relationship between a

biological action and chemical structure during drug design that is a primary development. Predicting the structure of biologi-

cal targets and QSAR (quantitative structure-activity relationship) models, molecular docking analysis, and many scoring

functions that are being used for similarity searches can be implemented as well as cross-validated by the use of ML techni-

ques. Pharmacokinetic and toxicological (ADMET)-related data classification, discovery, biologically active enhancement

versatile compounds, and the modified constructed biological activity of a new ligand can help in the SBDD process at sev-

eral steps using ML techniques. ML-processed data can be developed to libraries so that can lower the generation of false

positives and can have reproducibility along with a good number of active compounds as an output. Using versatile training

datasets and predicted inactive compounds can achieve this target.

14.5 Challenges and limitations

Although the SBDD technique has proved as a pioneer in the drug developmental process but there is a lot of complexi-

ties or challenges where the community has to look upon, generally these involve enhancement of the efficacy of

computational screening methods, chemogenomic computational data improvement, quantity, and quality of improve-

ment of computational tools and databases, modifying in multitarget drug structures, toxicity predicting algorithm

improvement, and collaboration or integrating the approach with other related areas to get better efficacy via lead iden-

tification as well as optimization. Combinatorial chemistry, HTS, and VS approaches are used to limit the time and cost

of the drug discovery process.

As to overcome some significant limitations of these techniques, toxicological informatics system development is

needed. Utilizing de novo lead identification process, keeping aside its efficiency and acceptability, there are many lim-

itations associated with SBDD. These automated methods do not provide flexibility to accommodate the lead inside the

binding cavity and associated manual work one has to do. Furthermore, due to instability, lead compounds developed

using this approach are not always flexible to modify or to easily synthesize in laboratory conditions. Thus some novel

reliable sources are needed that overcome the difficulty for synthesis factors. Coming to molecular docking, several

tools utilizing different evaluating algorithms and scoring functions are available in the scientific community.

However, it is not so certain to rely on a particular tool; it is important to choose a suitable scoring/ranking function.

Among different docking programs, these scoring functions have a major drawback because this evaluates only ligand-

binding energy but not accuracy. Other important surrounding parameters, such as electrostatic interactions and entropy

calculations, are completely ignored. There is not a single software package that can work for all types of molecular tar-

gets and ligands. In addition, after some incidence, it has been seen that accurate binding energy calculation algorithms

are not trustworthy. Despite SBDD get a lot of advancement, a consistent package is yet to be developed. On the other

hand, issues, such as considering the involvement of water molecules and probable conformation for the target, and

other significant innovations, are still needed.

14.6 Future prospective

SBDD emerged as a promising tool when used as an armamentarium for the identification of new potential compounds.

New compounds having drug-like activity can be designed against a target followed by further optimization and
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synthesis for practical use. As areas, such as computational biology, mathematical modeling, and system biology, are in

their advancement stage, structural genomics techniques are also being benefitted and seem to be getting more in the

future. The integration of AI and ML and their integration with these structure-based techniques emerge as a revolution-

ary step in this regard. As discussed above, it has immense potential in the discovery of therapeutics. So, a scientific

community just needs to overcome the problems associated with the algorithms, scoring functions, and availability of

present data. This is going to accelerate the clinical trials and limit the failure of promising drug candidates. Afterward,

SBDD can emerge as a novel, reliable, and efficient technique for drug designing. That can help industries to cut their

cost and time to launch a drug into the market.

14.7 Conclusion

The introduction of molecular modeling tools, growth in structures determination through experimental techniques,

such as NMR and X-ray crystallography, for the macromolecular target structure, and availability of the database

resources for ligand structures provide a lot of advantages over other conventional studies. SBDD techniques are a sig-

nificant approach and can be applied in terms of target-based therapies. AI and ML are the reliable approaches that are

being prioritized in terms of computational methods and identifying versatile molecules or their fragments having drug-

like capabilities. Drug developmental studies should be more accurate and should cut down the failure rate of promising

compounds. There is a need to integrate ML, AI, and available genomic information to improve the available resources

used for SBDD. Consistent packages and algorithms need to be developed so that compounds having drug-like activity

can be screened and shorted using molecular docking, ADMET, MDS, and MM-PBSA as well as can be synthesized

for practical applications through synthetic chemistry approaches so that we can have a very reliable and cost-effective

method for drug designing in the future.
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