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Abstract

Computer-Aided Drug Design (CADD) is a growing effort to apply computational power to the combined chemical and biological space in order to streamline drug discovery design, development, and optimization. This technique of drug discovery and development are very time and resources consuming processes. But this tool can act as a virtual shortcut, assisting in the expedition of this long process and potentially reducing the cost of research and development. This application has been widely used in the biomedical arena, in silico design is being utilized to expedite and facilitate hit identification, hit-to-lead selection, optimize the pharmacokinetic profile, toxicity profile and avoid safety issues. Here in this mini review, we present overviews of computational methods used in the different arena of drug discovery and focusing some of the recent successes.
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Introduction

Initially, the design ofnew drugs was based on the prototypical molecule, usually a natural product and making structural modifications. For designing of new drugs the understanding of the etiology of the disease and the structure of the receptor where the ligand (drug) will bind is very much important. Now a day, there is increasing computational power coupled with applicable software, has led to more focused approaches to the development of new drugs [1]. The launch of a new drug to market is a long-term process that costs billions of dollars and the probability of a failure in the drug discovery is high. About 90% of the new drugs entering clinical trials fail to get FDA approval and reach the consumer market [2]. Therefore, computer- aided drug discovery (CADD) is a novel tool for drug discovery getting a lot of attention in the pharmaceutical industry. It has immense potential and promise in the drug discovery workflow. This tool not only reduces the costs associated with new drug discovery by ensuring that best possible lead compound for the animal studies. It may also reduce the time to reach the drug to market [3]. It is helpful to identify lead drug compounds, can predict pharmacological actions, possible side effects, and help in improving the bioavailability drug [4]. CADD have the three major roles in drug discovery campaign:

a.	It can reduce a large number of compounds into smaller sets of active compounds that can be experimentally tested.

b.	Optimization of lead compounds, to check absorption, distribution, metabolism, excretion, and the potential for toxicity (ADMET);

C. Design novel compounds, by piecing together fragments into novel chemo types [5].

ln this mini-review, we will discuss the importance of structure-based and ligand-based methods used in CADD (Figure 1 & Table 1), and target on recent successes of CADD in the pharmaceutical industry.
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Figure 1:  Schematic representation of CADD in drug discovery.





Table 1:  Database used to provide different chemical compounds using Drug Design technique.
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Discussion

CADD tools can be classified into two types:

A. Ligand-based	CADD

The ligand-based CADD tools, exploits the knowledge of known active and inactive molecules through chemical similarity searches and quantitative structure-activity relation (QSAR) models [5].

B. Structure-based	CADD

The structure-based CADD depend on the knowledge of the target protein structure to calculate interaction energies for all tested compounds [6].

Structure-based drug discovery (SBDD)

Structure-based computer-aided drug design (SBCADD) relies on the ability to determine and analyze 3D structures of biologic molecules. The core hypothesis of this approach is that a molecule's ability to interact with a specific protein and shows a desired biologic effect depends on its ability to favorably interact with a particular binding site on that protein [4]. The two commonly used methods in SBDD are molecular docking approaches and de novo ligand design. Molecular dynamics (MD) simulations are frequently used in SBDD to give insights into the binding of ligands with target proteins, the pathways of interaction and to account for target flexibility [7,8]. Saquinavir is one of the first HIV-1 protease targeted drugs to reach the market [9] that was developed by using SBDD tool.

Target Structure Information

In order to use SBDD tools, information about target structures needs to be known. Target information is usually obtained experimentally by nuclear magnetic resonance or X-ray crystallography techniques. When these above techniques not available then, computational methods such as homology modeling may be used to predict the three- dimensional structure of targets. By knowing the structure of lead compound makes easy to use structure-based tools such as virtual high throughput screening and direct docking methods on targets [10].

Homology Modeling

Homology modeling is a specific type of comparative modeling in which the template and target proteins share the same evolutionary origin. This comparative modeling technique involves the following stages:

i.	To serve as a template for structure identification of related proteins

ii.	Replica of coordinates for confidently aligned regions,

iii.	Arrangement of alignment of both target and template proteins,

iv.	Builds missing atom coordinates of the target structure,

v.	Evaluation and model refinement. e.g., PSIPRED and MODELER [11,12].

De novo Design

De novo structure-based design can be accomplished by either a ligand linking or ligand-growing approach. In the ligand- growing approach, a fragment is docked into the binding site and the ligand is extended by adding functional groups to the fragment [13].

Molecular docking

Docking applications need to rapidly and accurately assess protein-ligand complexes, i.e., approximate the energy of the interaction. A ligand docking experiment may produce a number of target-ligand complex conformations, and an efficient scoring function is necessary to rank these complexes. The selection of different valid binding mode predictions from invalid predictions is done. There are four different types of scoring functions:

i.	Force-field or molecular mechanics-based scoring functions [14],

ii.	Empirical scoring functions [15],

iii.	knowledge-based scoring functions[16],

iv.	Consensus scoring functions [17].

Structure-based	virtual	high-throughput screening(VHTS)

SB-vHTS selects for ligands predicted to bind a particular binding site as opposed to traditional HTS that experimentally asserts general ability of a ligand to bind, inhibit, or allosterically alter the protein's function. The key steps are as follows:

i.	Preparation of the target protein

ii.	Develop library for docking,

iii.	Determination of favorable binding position for each compound,

iv.	Position of the docked structures [18,19].

Atomic-Detail Docking: The goal of SB-vHTS is to identify most probable hits that can bind to a target structure. The main objective of this atomic-detail refinement of initial docking is:

i.	Improved judgment if ligand will actually engage the target,

ii.	Accurate prediction of complex conformation,

iii.	Accurate prediction of binding affinity [4].

Pharmacophore Model

The pharmacophore model has been used extensively in drug discovery for virtual screening, de novo design, and lead optimization [20]. In this model, the target binding site summarizes steric and electronic features needed for the optimal interaction of a ligand with a target. Most common properties that are used to define pharmacophore sare hydrogen bond acceptors, hydrogen bond donors, basic groups, acidic groups, partial charge, aliphatic hydrophobic moieties, and aromatic hydrophobic moieties.

Molecular Dynamics Simulations

Molecular dynamics (MD) simulation is one of the tools that is extensively and routinely used to understand protein motions and conformational space that is accessible for protein structures. The most widely used molecular dynamics software packages used are NAMD [21], GROMACS [22] and AMBER [23]. The typical time-scale of a molecular dynamics simulation is in the order of nanoseconds to microseconds. Millisecond-scale MD simulations are possible with high-speed supercomputers, although most computational scientists do not have access to such powerful machines [24]. This is considered a major limitation of MD. Enhanced sampling methods have been introduced to address this issue [25]. Several methods of enhanced sampling are introduced in literature, including: accelerated molecular dynamics [26], met dynamics [26], umbrella sampling [27] and temperature-accelerated molecular dynamics [28].

Ligand-based drug design (LBDD)

Ligand-based drug design is considered an indirect approach to drug discovery in that it does not necessitate knowledge of the structure of the target of interest. Pharmacophoremodeling, molecular similarity approaches, and QSAR (quantitative structure-activity relationship) modeling's are some popular LBDD approaches [5].

Quantitative structure-Activity Relationship

Quantitative structure-activity relationship (QSAR) model give the mathematical relation between structural attributes and target response of a set of chemicals [29,30]. Hansch-Fujita approach (Classic QSAR model) involves the correlation of various electronic, hydrophobic, and steric features with biologic activity. The general workflow of a QSAR-based drug discovery project is to first collect a group of active and inactive ligands then develop a set of mathematical descriptors that describe the physicochemical and structural properties of those compounds. The basic steps involved in the QSAR method can be summarized as follows [10]:

a.	The active molecules that bind to the desired drug target and their activities are identified through a database search.

b.	Identification of physicochemical molecular features (fingerprint) affecting biological activity (e.g. bond, atom, functional group counts, surface area etc.).

c.	Building of a QSAR between the biological activity and features of the drug molecules.

d.	Validation of the QSAR biological activity predictive power

e.	Use of the QSAR model to optimize the known active compounds to maximize the biological activity.

f. The new optimized drug molecule activities are tested experimentally

Pharmacophore Mapping/ Modeling

A pharmacophore is a molecular framework that defines the essential features responsible for the biological activity of a compound. When structural information about the drug target is limited, then pharmacophore models may be built using the structural characteristics of active ligands that bind to the target [30]. Pharmacophore model construction steps can be summarized as follows [10].

a.	The active compounds known to be binding to the desired target are identified either by a literature search or a database search.

b.	(a) For a 2D pharmacophore model essential atom type and their connectivity is defined

(b) For a 3D Pharmacophoremodeling the conformations are defined using IUPAC nomenclature.

c.	Ligand alignment is used to find common features required in binders.

d.	Pharmacophore model building.

e.	Ranking of the pharmacophore models and selecting the best models.

f.	Validation of pharmacophore models.

Lead optimization and assessment of ADME and drug safety

In the last few decades, Computational ADME methods have shown interest in pharmaceutical companies [31]. During lead optimization, the effectiveness of drug molecule is generally enhanced by observing the desired pharmacological profiles to reach the required affinity, pharmacokinetic properties, drug safety, and ADME (absorption, distribution, metabolism, and excretion/elimination) properties. By increasing the affinity of a drug molecule to the target site its bio-efficacy can be enhanced. QikProp is an ADME program offered by Schrodinger that predicts pharmaceutically relevant and physically significant descriptors for small drug-like molecules [32]. Another package Vol Surf can be used to generate ADME models and calculate ADME profile [33]. These ADME models can then be used to predict the behavior of novel molecules. Thus filters for ADME properties are important for drug screening [34].

Drug Candidate

Absorption, distribution, metabolism and elimination/ excretion properties, commonly abbreviated ADME, as well as toxicity, are important for the ultimate success or failure of a possible drug candidate. Adverse effects in animal models or even clinical trials can be reduced by filtering drug candidates by their ADME properties in early stages.

Conclusion

The extensive variety of computational tools used in drug discovery campaigns suggests that there are no fundamentally superior techniques. The performance of methods varies greatly with the target protein, available data, and available resources. CADD has had a significant impact on the discovery of various therapeutics that are currently helping treat patients. Despite the successes, it also faces challenges such as accurate identification and prediction of ligand binding modes and affinities. The phenomenon of drug polymorphism is one of the challenging areas in drug discovery, and it occurs when a drug has different forms which differ structurally and found chemically identical. This can have a great impaction the success of a drug. The field of CADD is continuously evolving with improvements being made in each and every area. With the current successes, there is a promising future for computational methods to aid in the discovery of many more therapeutics in the future.
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