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ABSTRACT

Today, there possesses different types of drugs against different diseases and various sophisticated technologies but still it is not enough to develop drugs instantly against a new emerging disease as drug designing and development is a complex and lengthy process and requires a huge amount of money. In 21st generation, other reliable methodsare being used to speed up the drug discovery process following the combinatorial chemistry emergence, known as computer aided drug designing where drugs leads are being predicted among the huge number of molecules by checking the interaction between the target and various ligands and also their drug likeliness property through insilico approaches. It involves methods such as homology modeling de novo approach, virtual screening approach, molecular docking, QSAR, simulation and various others. ChemDraw and other molecular structure drawing programs, descriptor generators like DRAGON, MolConnZ, and OEChem, text editors like UltraEdit and EMACS, databases like ZINC, PubChem, and ChemDiv, all QSAR programs, Perl and Python modules, the AutoDock3 program, the AutoDock Tools package, the OpenBabel program, and many more programs are used for all of these tasks. With the help of this softwares drug designing using insilico approach has minimized the cost and the time required as well as reduced the chance of failure or rejection of drugs at the clinical trial phases.Till date many drugs have been discovered using insilico methods for different diseases such as cancer, hypertension, diabetes which falls among the top category in the list of global causes of deaths along with various other diseases and even the diseases that are caused by pathogens. 
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INTRODUCTION 
The development and discovery of drugs is a complex, lengthy, time consuming and interdisciplinary course. It is also highly expense and bestows many challenges and changes since decades (Danishuddin & Khan, 2015). But new diseases and disorders are discovered eventually and even some leads to an emergency like that of the covid19. Thus, new potential drugs are of great demand to overcome and mitigate the risk of new diseases which requires multidisciplinary aspects to accomplish this challenging process. In recent times, the use of in-silico methods and molecular modeling for computer aided drug design has gained much popularity in this field due to its advantage of being cost effective and time saver over the traditional method of drug development. The traditional drug designing method is the one in which the foremost task is to identify suitable drug target molecules which include nucleic acids and protein receptors, ion channels transporters, enzymes. Drugs were traditionally found by manufacturing compounds through laborious, multi-step processes against a battery of in vivo biological screens, then pursuing the most promising candidates to learn more about their metabolism, pharmacokinetic characteristics, and possible toxicity (Kapetanovic, 2008). High attrition rates have been the outcome of this type of development method, with failures ascribed to inadequate pharmacokinetics, ineffectiveness, toxicity to animals, negative effects in people, and other commercial and incidental considerations. The development of genomics, proteomics, bioinformatics, and effective technologies such as combinatorial chemistry, high throughput screening (HTS), virtual screening, de novo design, in vitro, in silico ADMET screening, and structure-based drug design has transformed the drug discovery process today (Kapetanovic, 2008).
In silico drug design comprises computational methods and resources that serve to enhance the prospects for future drug lead discovery. Bioinformatic techniques offer significant potential in various areas, including target identification (typically proteins/enzymes), target validation, comprehension of protein evolution and phylogeny, and protein modeling. These approaches not only expedite the identification of drug targets and the screening and refinement of drug candidates but also aid in the characterization of side effects and the prediction of drug resistance. A key focus of contemporary bioinformatics methods involves the prediction and recognition of biologically active candidates, along with the mining and storage of pertinent information. Additionally, it furnishes strategies and algorithms for forecasting new drug targets and for the storage and management of existing drug target data. The rapid expansion in this field has been made feasible through advancements in both software and hardware, resulting in enhanced computational power and sophistication. Additionally, the identification of molecular targets and the growing database of publicly accessible target protein structures have contributed to this progress. Computer-Aided Drug Design (CADD) is being employed to identify active drug candidates (hits), select the most promising candidates for further evaluation (leads), and optimize these leads. This optimization involves the transformation of biologically active compounds into suitable drugs by enhancing their physicochemical, pharmaceutical, and ADMET/PK (pharmacokinetic) properties, as outlined by Kapetanovic in 2008.
Virtual screening is a technique used to uncover new drug candidates from diverse chemical scaffolds by exploring three-dimensional chemical structure databases, whether commercial, public, or private. The primary objective is to reduce the chemical space's size, enabling a more concentrated focus on candidates with higher potential for lead discovery and optimization. The ultimate goal is to enrich the pool of molecules with desirable properties (active, drug-like, lead-like) while eliminating compounds with undesirable characteristics (inactive, reactive, toxic, poor ADMET/PK), as also noted by Kapetanovic in 2008.
In essence, in silico modeling plays a significant role in minimizing the time and resources required for chemical synthesis and biological testing. The remarkable growth of virtual screening is evident in the increasing number of citations related to the keywords "virtual screening," which rose from four in 1997 to 302 in 2004, as highlighted by Pozzan in 2006. In his 2003 review article, Green of GlaxoSmithKline expressed an optimistic view of the future, stating that "The future is bright. The future is virtual" [Green, 2003].

A wide array of software tools are employed in in-silico drug design, encompassing grid computing, window-based general PBPK/PD modeling software, PKUDDS tailored for structure-based drug design, along with programming languages like APIS, JAVA, Perl, and Python. In the realm of in-silico drug design, these software resources are complemented by software libraries and various techniques, such as drug design visualization, homology modeling, molecular dynamics simulations, energy minimization, molecular docking, and quantitative structure-activity relationship (QSAR) analysis, as noted by Oa et al. in 2013.
In-silico drug design plays a significant role across all stages of drug development, from the early preclinical discovery phase to the advanced stages of clinical development. Its application in drug development aids in the identification of potent lead molecules, thus mitigating the risk of late-stage clinical failures. Consequently, this approach can lead to substantial cost reductions, as emphasized by Oa et al. in 2013.

Development of Drug and Drug Candidate: An Insilco approach

Regardless of the fact that a copious number of drugs are available in the market and have been routinely used against various diseases, the fight between humans and the emerging new diseases are ongoing and will be so for the foreseeable future. Thus, there is an immense need for the advancement in the drug discovery process and that is being met by the latest approach of drug designing i.e. Insilco approach which is also known as Computer aided drug design, which saves both time and money.  In the contemporary landscape, the adoption of computer-aided drug discovery (CADD) techniques has become an imperative for leading pharmaceutical companies and research groups. It is particularly vital in the initial phases of drug discovery, with the aim of expediting the drug development process in a more cost-effective manner and reducing the likelihood of failures in the later stages. The utilization of rational drug design, a core aspect of CADD, follows a knowledge-driven approach that can furnish critical insights into the interaction patterns between proteins and ligands (complexes) and the determination of binding affinities. This approach is significantly empowered by the accessibility of supercomputing, parallel processing capabilities, and advanced software tools, which have substantially accelerated lead identification in the field of pharmaceutical research. The ultimate objective of the drug discovery process is to identify novel drug molecules that can bind to specific disease-associated targets and modify the target's function, as elucidated by Baig et al. in 2014. Computer-Aided Drug Design, in silico approaches, have found extensive application in both Lead Identification and Lead Optimization stages of drug development against a variety of targets over the years. The classification of Drug Design can be broadly categorized into two types: Analog-based studies and Structure-based studies, depending on the availability of three-dimensional structural information of the target.

Analog/Ligand based studies

Analog-based studies involve the collection of data from established drugs or ligands that exhibit activity against a target biological molecule, be it a protein or DNA/RNA. Using this gathered information, a set of guidelines is formulated to either create a new ligand or make adjustments to an existing one, with the aim of augmenting its biological activity, as outlined by Sandala in 2013.
Structure Based Studies
Structure-based methods, relying on the three-dimensional structure of the target, surmount several of the constraints associated with analog-based investigations. These techniques facilitate the creation of a comprehensive theoretical model for protein-ligand interactions, which in turn enables the proactive design of new lead compounds tailored for a specific biological target, as demonstrated by Marrone et al. in 1997. A notable example of a success story in structure-based design is the development of the antihypertensive drug captopril, which acts as an inhibitor of angiotensin-converting enzyme (ACE).

These two kinds of CADD techniques have developed independently throughout the years and kept becoming better. However, it has been shown that combining both ligand- and structure-based design methodologies is a more effective approach than using either strategy alone in the drug development process because both may be used to complement each other's advantages and disadvantages.
Methods Used in Computer Aided Drug Design and Development
Several fields, including chemical and structural biology, computational chemistry, organic synthesis, and pharmacology, are involved in the present drug discovery process scenario. As such, it consists of multiple stages: 
(a) In order to study the functions and relationships with a particular disease, target identification entails the identification and isolation of individual targets (Anderson, 2003). (b) The phase known as "target validation" occurs when a drug's target is connected to a disease of interest and its ability to control biological processes in the body after binding to a partner molecule
(c) Lead identification is the process of identifying a synthetic compound that exhibits some potency and specificity against a biological target and is thought to have the potential to develop into a medication that can treat the desired condition.
(d) Lead optimization involves evaluating lead compounds and their analogs iteratively in order to increase potency and other important features (Macalino et al., 2015). Therefore, to identify and rank candidates with the best chance of developing into a safe and effective medication, both in vitro and in vivo studies are carried out.Additionally, pharmacokinetic and pharmacodynamic features that can be applied to analogs that will be synthesized for evaluation are determined through the development of structure-activity relationships, or SARs (Andricopulo et al., 2009). 
(e) Drug synthesis and formulation research, in vivo animal investigations for potency and toxicity, and characterization of mechanistic toxicity are all part of the preclinical stage (Macalino et al., 2015). 
(f) Clinical trials are conducted on human volunteers and consist of three phases that evaluate the proposed drug's safety, potential side effects, dose, effectiveness, and pharmacokinetic and pharmacological qualities (Silverman and Holladay, 2014).

For the production or screening of putative ligands (modulators), insilico techniques to drug discovery are divided into structure-based and ligand-based (enzyme/receptor), followed by methodologies. The target's 3D structure is used in the structure-based method along with biological testing and optimization. On the other hand, the ligand-based approach involves developing theoretical predictive models by subjecting a collection of molecules with various structures to known potential cytocomputational modeling methodologies.These models are then utilized for virtual screening of a sizable chemical database to identify new chemical entities and for structural tweaking to improve potency (Macalino et al., 2015).

Structure-based drug design (SBDD)

In Structure-Based Drug Design (SBDD), insights gleaned from the binding site of a three-dimensional macromolecular structure are leveraged to craft and assess ligands based on their anticipated interactions with the protein binding site. Consequently, the initial crucial steps in SBDD involve the identification of a valid drug target and the acquisition of its structural data. In this context, research in structural and computational biology has played an instrumental role in generating protein structures through techniques such as X-ray crystallography, nuclear magnetic resonance (NMR), cryo-electron microscopy (EM), homology modeling, and molecular dynamics (MD) simulations, as expounded upon by Macalino et al. in 2015.
SBDD can be categorized into two primary approaches: the de novo method and the virtual screening approach. De novo drug design harnesses information from the 3D receptor structure to identify small fragments that closely align with the binding site. These fragments are then linked together according to connection rules, ensuring synthetic feasibility, ultimately yielding a structurally novel ligand that can be synthesized for subsequent screening, as detailed by Macalino et al. in 2015. Conversely, virtual screening (VS) leverages available libraries of small molecules to identify compounds with specific bioactivity. These compounds may serve as replacements for existing ligands targeting specific biomolecules or be used to discover compounds for previously unexplored targets with available structural information, as described by Andricopulo et al. in 2009.
Homology Modelling
Homology modeling, also known as comparative protein modeling, is a technique that enables the construction of an atomic-resolution model for a "target" protein. This model is generated using the amino acid sequence of the target protein and the three-dimensional (3D) structure of a related homologous protein, referred to as the "template." Homology modeling involves the identification of one or more known protein structures that exhibit similarity to the structure of the query sequence. It further entails creating an alignment that maps the residues in the query sequence to those in the template sequence. Notably, research indicates that protein structures tend to be more conserved than protein sequences among homologous proteins. Even when sequences share less than 20% sequence identity, they can still have significantly different structures, as outlined by Ahmad in 2013.
Proteins related by evolution often have similar sequences, and naturally occurring homologous proteins tend to share common protein structures. Research findings have shown that the evolutionarily conserved protein three-dimensional structure exceeds expectations due to the conservation of sequences, making it possible to generate a structural model for the target using sequence alignment and template structure. Since protein structures exhibit a higher degree of conservation compared to DNA sequences, detectable levels of sequence similarity generally indicate substantial structural similarity, as highlighted by Ahmad in 2013. To perform this modeling, bioinformatics software tools are employed, utilizing the known 3D structures of templates as a basis for generating the 3D structure of the target, as elucidated by Park et al. in 2008. Notably, Modeller is a widely used tool in homology modeling, and the SWISS-model repository serves as a database of protein structures created through homology modeling, as described by Ahmad in 2013.

Virtual High-Throughput Screening
Virtual screening is a computational method utilized to assess extensive compound libraries for their potential to bind to specific sites on target molecules, such as proteins. Compounds that match well are then subjected to experimental testing. In the realm of drug discovery, virtual screening (VS) is an integral part of the process, serving as a rapid computational technique for systematically exploring large collections of chemical structures. The primary goal is to identify structures with a high likelihood of binding to a drug target, typically a protein receptor or enzyme, as documented by Ahmad in 2013.
Virtual screening plays a pivotal role in drug discovery, even though the term "virtual screening" is relatively recent when compared to the broader and more established concept of database searching. Walters et al. define virtual screening as the "automated evaluation of extensive compound libraries" through the use of computer programs, as previously described by Bohacek et al. in 1996. As this definition implies, virtual screening deals with the challenge of sifting through the vast chemical space, which comprises over 10^60 possible compounds, to arrive at a manageable number that can be synthesized, procured, and experimentally evaluated.
While addressing the entire chemical universe is an intriguing question, practical virtual screening scenarios are more focused on designing and enhancing targeted combinatorial libraries and enriching the sets of compounds available in in-house repositories or those offered by vendors. Virtual screening offers notable advantages, as it is a cost-effective alternative to High-Throughput Screening (HTS), operates at a faster pace than traditional screening methods, and can swiftly assess a large number of potential drug-like molecules. HTS, by itself, often involves a trial-and-error approach but can be effectively complemented by the application of virtual screening techniques, as explained by Ahmad in 2013.
Top of Form
De novo design
The term "de novo" originates from Latin and signifies "from the beginning." The structural characterization of drug target active sites provides valuable insights into their binding characteristics. This insight into the composition of the active site and the spatial arrangement of various amino acids within the binding site serves as a foundation for designing ligands tailored to that specific target. De novo design methods make extensive use of computational tools capable of analyzing protein active sites and proposing potential compounds. Numerous promising approaches focused on ligand design have been documented, as highlighted by Aparoy et al. in 2012. Additionally, Murcko conducted a comprehensive examination of computer-aided ligand design techniques, categorizing them into six major classes.
1. Fragment location methods: help identify the ideal sites for atoms or tiny pieces inside the active site.
2. Site point connection methods: to identify sites (also known as "site points") and then insert fragments into the active site such that the appropriate atoms occupy those positions.
3. Fragment connection methods:  After fragments are placed, they are connected and held in a desired orientation with the help of "linkers" or "scaffolds.".
4. Sequential buildup methods: Construct a ligand atom by atom, or fragment byfragment.
5. Whole molecule methods: Different conformations of compounds are inserted into the active site to evaluate electrostatic complementarity and/or shape.
6. Random connection methods: a unique class of approaches that incorporates bond disconnection techniques, randomness introduction techniques, and some of the characteristics of fragment connection and sequential accumulation methods.
7. Over the years, a range of de novo methods, particularly whole molecule techniques such as docking, have been seamlessly incorporated into diverse fields, including chemistry, pharmacology, molecular biology, and computer modeling. The calculation of critical electrostatic and solvation terms necessary for accurately assessing binding energies is often challenging and time-consuming. However, advancements in algorithm sophistication are steadily enhancing the accuracy of these parameter approximations, as noted by Gane and Dean in 2000. It is evident from recent literature that the drug design process has evolved into an indispensable component of drug discovery initiatives.

Binding site prediction or identification
8. According to Anderson (2003) and Kalyaanamoorthy & Chen (2011), the perfect binding site is a concave area with a variety of chemical functions that interact with a ligand to provide the desired effect (activation, modulation, or inhibition). Important information for SBDD is provided by proteins co-crystallized with their substrates or recognized inhibitors, as well as through mutation studies that pinpoint important residues for interaction. However, further investigations are required to carry out structure-based rational drug discovery when no information about the binding site is available (Macalino et al., 2015). Presently, numerous in silico methods have been documented in various scientific papers and are accessible for the identification of binding regions within proteins. Tools like PASS, Q-SiteFinder, LIGSITEcsc, SiteMap, FPocket, ConCavity, MED-SuMo, MDPocket, FTMAP, POOL, and many others can predict the binding site of a small molecule compound. Alternatively, for the identification of peptide binding sites, specific approaches such as PepSite, PeptiMap, and PEP-SiteFinder are available (Saladin et al., 2014).
9. Additionally, the challenge of detecting allosteric sites has been addressed through the development of open-access web servers, including SPACER. A prior report systematically evaluated a range of web servers and standalone programs for predicting protein-ligand binding sites. The report revealed that while these methods can be valuable for identifying potential binding sites, their predictive accuracy may depend on various factors, such as the similarity to templates and the size of the ligand (K. Chen et al., 2011).
Molecular docking
In the field of molecular modeling, docking is a technique used to anticipate the preferred arrangement of one molecule when it binds to another, creating a stable complex. Molecular docking is specifically concerned with the binding of a ligand to its receptor or target protein. Its primary objective is the identification and enhancement of potential drug candidates by analyzing and simulating the molecular interactions between the ligand and the target macromolecules. The process of molecular docking involves generating various ligand conformations and orientations, after which the most suitable ones are selected. Numerous molecular docking tools are available for this purpose, such as ArgusDock, DOCK, FRED, eHITS, AutoDock, and FTDock.
Within the domain of molecular modeling, scoring methods are employed to rank the affinity of ligands for binding to the active site of a receptor. In the context of virtual high-throughput screening, compounds are subjected to docking into the active site and subsequently evaluated based on their potential to bind tightly to the target macromolecule (A. Wadood et al., 2013).
Molecular dynamic (MD) simulation
Molecular dynamics is a highly effective procedure that hinges on simulating the motion of molecules. This simulation is achieved by solving Newton's equations of motion for each individual atom, incrementally updating the speed and position of each atom with small time steps. MD simulations offer an alternative approach to explore the configuration space, following the principles mentioned above. This method is often conducted at elevated temperatures, typically in the range of several hundred to a few thousand degrees. This enables the exploration of the local area surrounding the sampled point and overcoming relatively small energy barriers, usually on the order of a few tens of kJ/mol. The generation of configurations in MD simulations can be achieved through the selection of appropriate configurations at specific intervals during the simulation, thus focusing on minimizing these particular structures. MD methods harness the inherent dynamics of the system to explore low-energy deformation modes and are well-suited for sampling the conformational space of large, confined systems (A. Wadood et al., 2013).
Ligand- Based Drug Design
In situations where the three-dimensional structure of the target protein is unavailable, data derived from a collection of active ligands that interact with a relevant target, such as a receptor or enzyme, can be utilized to identify critical structural and physicochemical characteristics (referred to as molecular descriptors) responsible for the observed biological activity. In this context, the assumption is that compounds with similar structural features exhibit analogous biological responses and interactions with the target. It is essential for the compound dataset to span a broad concentration range, ideally covering at least four orders of magnitude, to establish a robust ligand-based screening model. Common approaches in ligand-based design encompass techniques such as quantitative structure-activity relationships (QSARs) and pharmacophore-based methods (Macalino et al., 2015).
Quantitative-Structure Activity Relationship (QSAR)
The foundation of QSAR research is the idea that alterations in a set of chemicals' bioactivity are linked to structural and molecular changes (Macalino et al., 2015). This correlation is used to create a statistical model that can be used to theoretically anticipate the biological properties of new chemicals (Melo-Filho et al., 2014). A few limitations must be met in order to produce a trustworthy QSAR model: The bioactivity data should meet certain requirements. Firstly, there should be a minimum of 20 compounds with activity in the data set. Secondly, the compounds should be selected appropriately for the training and test sets. Thirdly, the ligands' molecular descriptors should not exhibit autocorrelation to prevent over-fitting. Finally, the model should be validated through internal and/or external validation to ascertain its predictability and applicability (Macalino et al., 2015). According to Cramer et al. (1988), comparative molecular field analysis (CoMFA), Even after more than three decades since its inception, the 3D-QSAR method remains one of the most widely utilized techniques. Recent developments in the realm of 3D-QSAR have introduced additional strategies, including Topomer CoMFA (Cramer, 2003), Spectral Structure-Activity Relationship (S-SAR), the adaptation of fields for molecular comparison (AFMoC), and Comparative Residue Interaction Analysis (CoRIA). Notwithstanding its significant achievements in the field of drug discovery, 3D-QSAR is still beset by several limitations that can potentially be resolved through the adoption of more advanced multidimensional QSAR approaches, such as 4D, 5D, and 6D-QSAR. 4D-QSAR, for instance, was developed to address issues related to ligand conformation and orientation within the target binding site, while 5D-QSAR accounts for factors like receptor flexibility and induced fit effects (Macalino et al., 2015). Lastly, 6D-QSAR takes into consideration solvation effects due to their pivotal role in receptor-ligand interactions (Damale et al., 2013). With advancements in computational power and software performance, efforts have been directed toward enhancing QSAR model development and validation through techniques like Discovery Bus (Cartmell et al., 2005) and Auto QSAR. These methods enable the objective discovery, updating, and validation of numerous highly predictive statistical models by continually integrating new machine learning agents and descriptors into the system (Macalino et al., 2015).
Pharmacophore modeling
The goal of pharmacophore screening is to find molecules with distinct scaffolds but comparable three-dimensional configurations of important functional groups that interact (Vuorinen & Schuster, 2015). By taking use of the bioactive conformation of potential drugs, binding site information can be added to the pharmacophore model. In the molecular alignment phase of QSAR modeling investigations, pharmacophore modeling is also frequently carried out (Melo-Filho et al., 2014). A number of frequently utilized software applications for the automatic production of pharmacophores are MOE, PHASE b), LigandScout, and Discovery Studio. Numerous reviews have already been done on these programs and other algorithms (Vuorinen & Schuster, 2015). In order to decrease false negative and false positive outcomes, respectively, it is crucial to create a model with carefully calibrated sensitivity and specificity. Areas where inactive compounds are present can utilize spatial limitations, which can be adjusted to prevent the model from becoming overly restricted. Moreover, characteristics that aren't regularly seen in active compounds ought to be eliminated from the model or made optional.To ascertain a model's sensitivity and specificity against an external test set, validation tests must be carried out following model refinement (Vuorinen & Schuster, 2015). Sequence-derived 3D pharmacophore models can be produced even in the lack of both receptor 3D data and a selection of active ligands. based on the idea that comparable ligands and receptors can bind together. Pharma3D can identify shared sequence patterns for ligand biomolecular recognition in protein families and build a single-feature pharmacophore database by using homology models and 3D crystal structures. This strategy has been effectively used in virtual GPCR (family A) screening. Theoretically, sequences with identical motifs can identify the same ligand functionality at a comparable geographical region. This allows for the identification of the sequence patterns associated with particular single-feature pharmacophores, which are then used to create the 3D pharmacophore model. Despite its drawbacks, this is a compelling method for therapeutic targets for which there is little to no knowledge on receptors and ligands (Macalino et al., 2015).
Compound Selection
Before moving on to the in vitro and in vivo evaluation of lead potency, compound selection, sometimes known as "cherrypicking," is typically carried out. One of the major drawbacks of the existing scoring systems is that they rank compounds erroneously, which makes it harder to determine whether hits are indeed hits, as was described in the Docking and Scoring section. An other method is to evaluate the interaction of a ligand in the binding pocket and find compounds exhibiting comparable interaction patterns, in addition to rescoring poses and generating a consensus list of hits (Macalino et al., 2015). For the purpose of pose grouping and rating of virtual screening hits, the Automatic analysis of Poses using Self-Organizing Map (AuPosSOM) (Bouvier et al., 2010) can be utilized. Their approach is predicated on the idea that a target and an active molecule must make precise contact in order for the intended activity to manifest. Furthermore, clustering is frequently carried out in order to choose a representative chemical for each cluster and look for shared scaffolds among the hit compounds. A more economical and time-effective way to explore a broad chemical space is through the evaluation of structurally varied molecules (Vuorinen & Schuster, 2015).

SpecificityTarget
One essential factor in the quest for effective medications is specificity. Drug discovery and development are hampered by the frequent occurrence of false positives caused by aggregation, ligand promiscuity, and chemical reactivity that are still seen throughout the experimental evaluation of lead candidates. While reactive compounds are found by utilizing reactive group filters to increase hit list quality, surfactants are used in screening experiments to prevent compound aggregation (Roche et al., 2002). Furthermore, compounds that frequently perform well in different HTS studies can be eliminated using the pan-assay interference compounds (PAINS) filter, eliminating them from usage as particular inhibitors.
However, since PAINS was created using a small sample size of HTS data and might not be appropriate for application in other screening experiments, its use should be carefully reviewed (Macalino et al., 2015).
Molecular Properties Prediction
Molecular properties constitute a delicate equilibrium of various structural characteristics that determine a molecule's similarity to known drugs. In the development of orally administered drugs, achieving good drug absorption and appropriate drug delivery holds paramount importance. Molecular structure underpins physicochemical properties, drug metabolism, pharmacokinetics (DMPK), and toxicity characteristics (Mannhold & Kubinyi, 2009). A staggering 30% of oral drugs experience failure during development due to unfavorable pharmacokinetics, primarily resulting from low and highly variable bioavailability. High oral bioavailability becomes a crucial consideration in the development of bioactive therapeutic agents (Sandala, 2013).
Consequently, predicting bioavailability-related properties such as solubility, lipophilicity, optimal drug absorption, low polar surface area, hydrogen bond donors and acceptors counts, molecular weight, and LogP (partition coefficient) is essential before embarking on actual synthesis. Creating an in-silico model for forecasting oral bioavailability becomes imperative, striking the right balance between solubility and partitioning properties. Various software tools like Mol inspiration, Osiris, MolSoft, and ALOGPS enable the calculation of molecular properties, lipophilicity, and solubility parameters (Sandala, 2013).
Oral drug-likeness encompasses several key attributes:
Oral bioavailability: Ensuring that a compound can be effectively absorbed via the oral route.
Appropriate toxicity: Meeting the criteria for proceeding to phase-I clinical trials.
Minimal interaction with therapeutic targets: Avoiding excessive potency.
Aqueous solubility: Facilitating dissolution in bodily fluids.
Permeability: The ability to penetrate biological membranes.
Pharmacokinetic viability: Suitability for the body's processes.
Blood-brain barrier permeability: The capacity to cross the blood-brain barrier.
The "Rule-of-5," derived from the World Drug Index, has widely been accepted as a practical guideline for oral drug likeness. It specifies criteria such as molecular weight (MW) ≤ 500, ClogP (logarithm of the partition coefficient) ≤ 5, hydrogen bond donors ≤ 5, and hydrogen bond acceptors ≤ 10. In general, lead-like properties tend to be less stringent, with suggested thresholds of MW < 350 and ClogP < 3 as good starting points for leads. For the screening of small fragments, a "Rule-of-3" has been proposed, recommending that promising lead fragments should meet criteria like MW ≤ 300, ClogP ≤ 3, ≤ 3 hydrogen bond donors and acceptors, ≤ 3 rotatable bonds, and a polar surface area (PSA) ≤ 60.
Molecular size and hydrogen bonding significantly influence logP. Octanol-water partition (logP) and distribution (logD) coefficients are frequently employed to estimate membrane penetration, permeability, and gastrointestinal absorption (Sandala, 2013).

Absorption, distribution, metabolism, excretion, and toxicity (ADMET) test
Determining the ADMET qualities of leads during the initial phases of drug screening becomes necessary due to high attrition rates caused by subpar pharmacokinetic profiles. On the other hand, it is not cost-effective or time-efficient to evaluate the pharmacokinetic properties of millions of chemicals experimentally. Thus, virtual screening can be used to filter hits and exclude compounds with unwanted properties in order to rapidly evaluate a lead compound's drug-likeness before doing comprehensive experimental testing (Bajorath, 2002). In silico ADMET filters are used to predict drug-like features of substances, much as QSAR. They are created from chemical or molecular descriptors. The most basic and well-known models include Veber rules (Veber et al., 2002), the Rule of Three for Fragments (Congreve et al., 2003), and the Lipinski Rule of Five (Lipinski et al., 1997). A sizable chemical database or a list of possible leads can be filtered using publicly accessible web servers such as ChemBioServer and Free ADMET Filtering-Drugs2 (FAF-Drugs2) (Lagorce et al., 2008) and (Lagorce et al., 2011). ChemBioServer can do substructure search, cluster compounds, show and graph molecular properties, filter compounds according to various chemical properties, steric clashes, and toxicity, and suggest a representative for each group.  As an alternative, the user can select from a number of pre-defined filters in FAF-Drugs2, including the ones listed above as well as others like the central nervous system (CNS) filter and reactive group filter. Beyond these, molecules with unfavorable moieties can also be found using pharmacophore models made from toxicity-causing inhibitors. Reactivity models, like the ones used in SMARTCyp, are useful in addressing the problem of drug metabolism. According to Macalino et al. (2015), SMARTCyp is a free web service and downloadable tool that identifies locations in 2D compound structures that are most likely to experience Phase I CYP450-mediated metabolism.. In order to identify potential sites of metabolism, it computes the reactivity of ligand fragments using quantum chemical calculations and the accessibility of atoms in the molecule. As an alternative, MetaSite also uses a similar technique to find putative metabolic reactivity sites; however, it uses the compound's 3D configuration as the query input. It is important to have in mind that while using these in silico ADMET models, the tools are more useful for qualitative hit or compound set analysis than for precise quantitative value prediction (Macalino et al., 2015). These techniques are useful for ranking a class of compounds that have been identified for assessment or evaluation of a certain descriptor and SAR in vitro or in vivo (Gleeson & Montanari, 2012).

DISCUSSION
Medications are substances that can either prevent diseases or aid in the restoration of health to individuals afflicted with ailments, making them an indispensable component of modern medicine. In the distant past, the process of designing a new drug through the modification of the molecular structure of an existing one was a slow, trial-and-error endeavor. However, today's technology allows a computer to visualize the molecular structure of any drug from a vast database. Even minor molecular adjustments can lead to significant alterations in the original drug, affecting aspects such as absorption, metabolism, half-life, therapeutic efficacy, and potential side effects. Before substantial time and resources are invested in extensive testing, computers can also predict which chemicals are unlikely to be effective in treating a specific disease.
Leveraging computers to manipulate chemicals at the molecular level and create novel drugs is rooted in the field of molecular pharmacology. This field is concerned with studying the chemical compositions of drugs and their interactions at the molecular level within cells, including the DNA within the nucleus. In the conventional drug discovery process, new compounds are typically synthesized through a laborious, multi-step procedure and subjected to a battery of in vivo biological assays. Promising candidates are further examined for their pharmacokinetic properties, metabolism, and potential toxicity (Anh Vu et al., 2015).
Top of Form
The process of drug discovery and development is highly intricate and time-consuming, with numerous factors contributing to the failure of various drugs, such as ineffectiveness, side effects, poor pharmacokinetics, and market viability. Over the past three and a half decades, the expenses associated with this process have significantly increased. Consequently, computer-aided drug design (CADD) techniques are now widely adopted in the pharmaceutical industry to expedite the process. The utilization of computational tools during the lead optimization phase of drug development offers substantial cost benefits.
On average, it takes 10-15 years and an investment of US $500-800 million to bring a drug to market, with the synthesis and testing of lead analogs representing a significant portion of these costs (Basak, 2012). Therefore, leveraging computational tools in the hit-to-lead optimization stage is advantageous, as it allows for the exploration of a broader chemical space while reducing the number of compounds that need to be synthesized and experimentally tested. The computational optimization of a hit compound encompasses a structure-based analysis of docking poses and energy profiles for analogs, ligand-based screening for compounds with similar chemical structures or improved predicted biological activity, and the prediction of favorable binding affinity or optimization of drug metabolism and pharmacokinetics (DMPK) or absorption, distribution, metabolism, excretion, and potential toxicity (ADMET) properties.
The relatively lower cost of CADD in comparison to the chemical synthesis and biological characterization of compounds makes these methods attractive for focusing, streamlining, and diversifying the chemical space exploration (Sujit. G, n.d.).
Till now many drug and drug candidates have been discovered through insilico method against various diseases. Even some drugs are repurposed via drug repurporsing method and is being used for more than one disease which saves time and also cost as it had already gone through various procedures insilico as well as clinical and thus few methods can be skipped. In the recent days with the advancement of technologies insilico approach can be more effectively and efficiently used in drug designing resulting in discovery of drugs and fighting against the newly emerging disease. In this study we could found various insilico designed drugs starting from captropil against hypertension, and others like imatinib for leukemia, boceprevir for hepatitis C leading to the present-day repurposed drugs against the corona virus such as Sofasuvir,Remdisivir.
CONCLUSION
The process of finding and developing new drugs is multidisciplinary, costly, and time-consuming. The process of creating new bioactive compounds has evolved according to scientific developments. In silico methods have been made possible by developments in parallel hardware support and computational methodologies. Computational methods have relentlessly helped in designing new, safe and effective therapeutics. Successful implementation of software-based techniques has provided an opportunity to identify in vitro biologically active agents without much effort. Since the development of insilico methods, many drugs have been designed. The in-silico methods has led to the development of new drugs in mitigating the new emerging diseases within a short span of time and cost. As such captopril was the first ligand-based ACE inhibitor designed through in silico. Later many other novel drugs have been developed. Thus, insilico methods have reduced the problems of drug designing by saving time and money and led to discovery of many drugs and drugleads.
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