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Abstract 

Drug discovery is a highly complex and costly process, which demands integrated efforts 

in several relevant aspects involving innovation, knowledge, information, technologies, 

expertise, R&D investments and management skills. The shift from traditional to 

genomics- and proteomics-based drug research has fundamentally transformed key R&D 

strategies in the pharmaceutical industry addressed to the design of new chemical entities 

as drug candidates against a variety of biological targets. Therefore, drug discovery has 

moved toward more rational strategies based on our increasing understanding of the 

fundamental principles of protein-ligand interactions. The combination of available 

knowledge of several 3D protein structures with hundreds of thousands of small-molecules 

have attracted the attention of scientists from all over the world for the application of 

structure- and ligand-based drug design approaches. In this context, virtual screening 

technologies have largely enhanced the impact of computational methods applied to 

chemistry and biology and the goal of applying such methods is to reduce large compound 

databases and to select a limited number of promising candidates for drug design. This 

review provides a perspective of the utility of virtual screening in drug design and its 

integration with other important drug discovery technologies such as high-throughput 

screening (HTS) and QSAR, highlighting the present challenges, limitations, and future 

perspectives in medicinal chemistry. 
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INTRODUCTION 

The identification of novel leads is the essential factor and initiation point for all 
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new drug discovery initiatives. Recent developments in molecular biology, robotics, and 

microelectronics, particularly the thorough investigation of the human genome, will 

profoundly influence modern drug discovery and its effects on human diseases. Human 

genomics aims to deliver the sequences of all genes that encode proteins which constitute 

the biology of a specific organism. Thus, the count of possible targets for medication 

treatment could rise considerably. It is projected that the quantity of possible drug targets 

could rise from roughly 500 currently to approximately 5000-10000 within the next few 

years (Debouck & Metcalf et al., 2000). 

The early phases of drug discovery rely heavily on the identification of viable hit 

molecules and their progression into strong lead compounds. Progress in medicinal 

chemistry, especially where chemical and biological sciences converge, has provided a 

solid basis for the development of novel drug candidates with enhanced pharmacodynamic 

and pharmacokinetic characteristics. Nevertheless, in spite of these advances, drug 

discovery continues to become more expensive and time-consuming (Hajduk & Greer et 

al., 2007; Hopkins & Groom et al., 2002). To address these challenges, advanced in silico 

approaches are increasingly employed for discovering new drugs, offering a promising 

solution (Lavecchia & Giovanni, 2013). 

The extensive application of combinatorial chemistry and high-throughput 

screening (HTS) in lead discovery has driven a growing need for small organic molecules 

that can interact with specific therapeutic targets. These approaches emphasize the creation 

of vast molecular libraries alongside the biological evaluation of large numbers of samples. 

However, increasing demands to shorten development timelines and lower costs have 

prompted a shift away from random compound screening toward more rational, targeted 

strategies. This transition aims to enhance the success rate of new chemical entity (NCE) 

discovery and boost overall productivity in pharmaceutical research and development. The 

characterization of chemical and biological space has renewed screening models and 

highlighted the value of integrating traditional and modern methodologies in drug discovery. 

Within this framework, computational techniques have become an essential component of 

contemporary medicinal chemistry programs (Andricopulo & Montanari et al., 2005; 

Overington et al., 2006). Contemporary drug discovery relies on innovation and scientific 

insight achieved by combining experimental techniques with computational strategies. One 

of the key challenges for the pharmaceutical sector is the discovery of novel new chemical 

entities (NCEs) from an immense space of existing and hypothetical compounds. 
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Computational methods can systematically improve several stages of the discovery process, 

such as hit finding, lead refinement, and the assessment of pharmacokinetic behavior. In 

recent years, progress in high-performance computing, algorithms, methodological 

approaches, and specialized expertise has greatly strengthened structure-based drug design 

(SBDD), making it a highly impactful approach in modern drug development (Grüneberg 

et al., 2002; Tame, 1999). 

In this review, we focus on the principles and applications of VS in the SBDD 

framework, starting from the initial stages of the process that include receptor and library 

preprocessing, to docking, scoring, and post-processing of top scoring hits. We also 

highlight several successful studies and protocols that led to nM leads, discuss novel 

applications of Structure-Based VS (SBVS) such as substrate identification for the 

discovery of novel metabolic pathways, and provide recent trends in library design. 

Limitations of SBVS are also examined. Finally, we present two developed VS protocols 

that aim to enhance inhibitor selectivity for the target protein structure. 

VIRTUAL SCREENING 

Virtual screening generally involves using computational methods to evaluate 

virtual compound libraries—acting as a type of in-silico laboratory against target receptors, 

with the aim of speeding up the drug discovery process (Shen et al., 2003). This approach 

is designed to computationally analyze large hypothetical chemical databases or virtual 

libraries, allowing researchers to identify a smaller subset of candidate molecules that are 

most likely to be active against a particular biological target (Waszkowycz et al., 2001). 

http://www.thescienceworld.net/
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Virtual Screening 

(VS) was introduced in the 

late 1990s as a 

computational approach 

that uses algorithms and 

modeling techniques to 

select compounds from 

virtual libraries with the 

highest likelihood of 

interacting with specific 

biological targets. Since 

then, VS has developed 

into a powerful tool for 

identifying novel drug-like molecules, or “hits,” in the pharmaceutical sector (Shoichet, 

2004). Its adoption has grown rapidly, making it a key component of modern drug research 

(Schneider, 2010). By facilitating the discovery of compounds with specific bioactivity, 

virtual screening contributes to lowering costs, reducing infrastructure demands, and 

accelerating the overall process of identifying new chemical entities (Macalino et al., 2015). 

The central concept underlying all computational strategies in early drug discovery is 

to explore, in silico, large or moderately sized compound databases and identify a small set of 

candidates likely to exhibit the desired biological activity. The term “data mining” was 

introduced in 1996 to describe this process (Morrell J, 1996) and was succinctly defined by 

Gasteiger and colleagues as “the extraction of knowledge from a large dataset to predict new 

events” (Gasteiger et al., 2003). 

DATABASES FOR VIRTUAL SCREENING 

The efficiency of virtual screening depends on availability of quality and quantity of 

data and predictability of the underlying algorithms. The mining of data from sea of drug 

database and chemical libraries is a pre-requisite for successful screening. The currently 

available database and chemical libraries for this purpose includes ZINC (free database of 3.3 

million commercially available compounds), Available Chemicals Directory (ACD; 4 million 

entries, not free), National Cancer Institute Compound Database (NCI; free database of 

400,000 entries), and MDDR (MDL; Drug Data Report 4147,000 entries). Many online 

portals (Ambinter, Bioinfo- DB, ChemSpider, e-molecules, ZINC) provide access to chemical 

Figure 1: General workflow of virtual screening (Sahlgren et 

al., 2017) 
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libraries. Theses portals are used in searching the structures and properties of molecules. 

Table 1: Chemical databases available for virtual screening 

 

Library Description No. of 

Compoun 

ds or 

Targets 

Website 

ZINC 

(ZINC15) 

Free for commercially 

available compounds 

980 million http://zinc15.dockin 

g.org/ 

Pubchem Freely available collection of 

chemical information resource 

at the U.S. (NCBI). 

248 million https://pubchem.nc 

bi.nlm.nih.gov/ 

PDB A pool of 3D structures of 

proteins available 

150,000 

targets 

http://www.rcsb.org 

/ 

LigandBo 

x 

3D structures of compounds 

available 

4 million http://ligandbox.pro 

tein.osaka- 

u.ac.jp/ligandbox/ 

Chem- 

Bridge 

Commercial database of 

diverse and target-focused 

screening compounds 

1.3 million https://www.chemb 

ridge.com/ 

(da Silva et al., 2019) 

The assessing pharmacokinetic properties and drug-likeness of chemical compounds is a 

crucial step in discovering molecules with potential biological activity (Mignani et al., 

2018). Accordingly, evaluating a compound’s drug-like characteristics is an essential part 

of virtual screening approaches. High-throughput screening (HTS) is commonly employed 

to identify hits or lead compounds, allowing large libraries of hundreds of thousands of 

molecules to be tested for biological activity. This modern method enables the daily 

screening of thousands of samples against a specific target-whether known or unknown-by 

providing a straightforward activity measurement for each compound (Schapira et al., 

2003). 

Over time, various cheminformatics or molecular filters have been created as 

valuable tools for screening compounds with favorable pharmacokinetic and 

pharmacodynamic properties, minimal toxicity, and reduced promiscuity or reactivity in 

http://www.thescienceworld.net/
mailto:thescienceworldmagazine@gmail.com
http://zinc15.dockin/
http://www.rcsb.org/
http://ligandbox.pro/
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inhibition assays. These filters help guide decision-making in the discovery of new 

chemical entities for applications in pharmaceuticals, cosmetics, agrochemicals, and 

biotechnology (Huggins et al., 2011). The most frequently applied filters aim to eliminate 

compounds with poor cell membrane permeability or limited distribution. Notable 

examples of widely used cheminformatics filters include those developed by Lipinski 

(Lipinski et al., 1997) and Veber (Veber et al., 2002). 

Some filters function by choosing compounds according to defined ranges of 

physicochemical and structural properties that correspond to specific pharmacokinetic 

features (e.g., gastrointestinal absorption or blood-brain barrier permeability) and 

pharmacodynamic attributes (e.g., target specificity or promiscuity). These properties are 

determined using statistical thresholds, such as the 90th percentile for each molecular 

descriptor, to highlight the important characteristics of the compounds being evaluated 

(Daina & Zoete, 2016). 

Table 2: Structural and physicochemical properties present in some molecular filters 

applied in virtual screening. 

Molecular 

filter 

M

W 

(Da) 

PSA 

(A2) 

HBA HBD clogP RTB NAR 

Lipinski’s rule 

(RO5) 

500 - 0-10 0-5 <5 - - 

Ghose’s rule 160- 

480 

- - - - 0.4 to 

+5.6 

- 20-70 

Oprea’s drug- 

like rule 

- - 2-9 0-2 2-8 - - 

Walters 200– 

500 

<120 0-10 0–5 - 0-8 - 

Veber’s rule - <140 - - - 0-10 - 

Beyond rule of 

five (bRO5 

<1000 <250 <15 <6 −2- to 

10 

<20 - 

Congreve’s 

rule (RO3) 

<300 <6 <3 <3 - - - 

http://www.thescienceworld.net/
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(MW, molecular weight; PSA, polar surface area; HBA, Hydrogen bond acceptor; HBD, 

Hydrogen bond donor; RTB, Rotatable bond; NAR, Number of aromatic rings; clogP, 

Lipophilicity of Compound; clogD, Distribution coefficient) 

METHODS OF VIRTUAL SCREENING                         (Santana et al., 2021) 

Two main computational strategies are used in virtual screening of molecules: (1) 

ligand-based virtual screening (LBVS) and (2) structure-based virtual screening (SBVS). 

Often, these two approaches are combined to achieve a more effective and comprehensive 

screening process and identify novel bioactive compounds against a specific molecular 

target or a biological system (Wang et al., 2020). Currently, virtual screening methods are 

an integral part of the design and discovery of new bioactive compounds, and their 

applications have become popular in the academia and industry (Kar & Roy, 2013). 

The LBVS approach include prefiltering methods such as structural and three- dimensional 

(2D and 3D) shape similarity searches modeling (Khan et al., 2019; Xu et al., 2019; Oum 

et al., 2020), as well as ligand-based pharmacophore modeling (Lu et al., 2016; Kaur & 

Silakari, 2017; Liang et al., 2020). Screening is conducted based on the inherent 

features of the compound, including its electronic, topological, physicochemical, and 

structural properties, which are linked to its molecular activity (Berenger et al., 2017; 

Garcia-Hernandez et al., 2019). 

SBVS is the preferred method when the 3D structure of the molecular target has 

been experimentally characterized and tries to predict the likelihood of coupling between 

candidate ligands and target protein, considering the binding strength of the complex. The 

most used SBVS technique is molecular anchoring due to the low computational cost and 

the satisfactory results (Meng et al., 2011). 

These two approaches may be used separately or together, depending on the 

information available about the molecules or targets. If only a single active molecule is 

known, similarity searching can be employed. Machine learning techniques are applied in 

virtual screening when a common pharmacophore cannot be identified and there are 

enough active and inactive compounds; they help derive structure–activity relationships 

from known actives to predict biological activity. Docking studies are utilized when the 3D 

structure of the target is known, as they predict how individual molecules bind and 

determine the orientation that best aligns with the observed structure (Guedes et al., 2014; 

Yan et al., 2016). 

http://www.thescienceworld.net/
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3d-Shape Similarity Search Method 

In similarity-based approaches, algorithms assume that a molecule with a similar 

structure to another whose biological activity is known may share similar activity (Willett, 

2006). Similarity-based methods typically require only a small amount of reference 

information to develop predictive models and their simplicity and effectiveness have led to 

widespread adoption within the scientific community. Moreover, these algorithms can be 

integrated with other approaches, such as machine learning, meta-heuristics, and more, to 

enhance their performance (Hönig et al., 2023). Shape-similarity methods can screen vast 

compound libraries against a reference ligand with known bioactivity (Koes & Camacho, 

2014). 

Different methods have been used in the representation of the 3D molecular shape 

of the ligands, such as Gaussian overlay-based methods (Cai et al., 2013), atomic distance-

based methods (Bonanno & Ebejer, 2020), and surface-based methods (Cleves et al., 2019). 

Molecular shapes that are identified are transformed into 3D molecular fingerprints, 

which are subsequently compared using similarity or distance measures, including 

Tanimoto, Dice, and Tversky coefficients (Shin et al., 2015). Despite the structural 

complexity of natural products making target identification challenging-even with 

computational tools-3D shape- based similarity search methods have emerged as a 

powerful approach for predicting the macromolecular targets of these compounds (Chen et 

al., 2020). 

Web-based platforms that utilize shape-similarity search techniques include 

SHAFTS (Liu et al., 2011) and USR-VS (Li et al., 2016), while installable open-source 

tools include Shapeit (Grant et al., 1996), gWEGA (Yan et al., 2014), and OptiPharm 

(Puertas-Martín et al., 2019). The principle behind 3D shape similarity is that molecules 

with similar shapes are likely to fit into the same binding site, potentially displaying 

comparable biological activity. These 3D shape-similarity search methods are used to 

identify compounds in chemical libraries that share similar molecular shapes, even if their 

structures differ (Santana et al., 2021). 

Machine Learning 

Machine learning (ML) involves the use of intelligent algorithms to analyze data, 

learn from it, and make decisions to solve specific problems. Advances in artificial 

intelligence have significantly accelerated the research and development of novel bioactive 

natural compounds with potential industrial applications. ML has been widely employed at 

http://www.thescienceworld.net/
mailto:thescienceworldmagazine@gmail.com


 

 

 

 

2430                                                         

 

August, 2026 Vol.6(8), 2422-2442 

Published 30/08/2026 
Official Website 

www.thescienceworld.net  

thescienceworldmagazine@gmail.com  

Dr Ravina hameliya 

various stages of virtual screening, such as predicting pharmacokinetic properties (Wei et 

al., 2017), evaluating compound penetration across the blood-brain barrier (Dai et al., 

2021) and cell membranes (Wolfe et al., 2018), assessing side effects and toxicity (Pu et 

al., 2019), and identifying pan assay interference compounds (PAINS)—highly reactive and 

promiscuous molecules that often yield false positives in high-throughput screening assays 

(Jasial et al., 2018). 

In certain instances, ML algorithms have demonstrated higher efficiency and are 

considered more effective than traditional QSAR methods for predicting hit compounds 

from chemical libraries (Tsou et al., 2020). Machine learning (ML) involves computer 

programs designed to mimic human-like cognitive abilities, such as learning, problem-

solving, and pattern recognition. These algorithms are trained on large datasets, which serve 

as benchmarks for solving specific computational problems. In the context of virtual 

screening, the primary goal of an ML framework is to generalize knowledge from the 

training dataset to accurately evaluate a test dataset and support decision-making 

(Vamathevan et al., 2019). 

In the LBVS approach, ML algorithms are used to predict the bioactivity or 

pharmacodynamic and pharmacokinetic properties of compounds by analyzing their 

similarity to known active molecules. These algorithms are often trained using chemo-

structural and bioactivity data available in public databases, along with experimental results 

(Martínez- Treviño et al., 2020). 

Molecular descriptors for evaluating similarity between compounds include 

physicochemical properties (e.g., cLogP, topological polar surface area (tPSA), molecular 

weight), structural characteristics (such as rotatable bonds and aromatic rings) (Lo et al., 

2018), as well as functional groups, molecular shape, and pharmacophores (Bonanno & 

Ebejer, 2020). The selection of molecular representation and descriptor type plays a crucial 

role in determining both the accuracy and interpretability of results generated by ML 

algorithms (Jiménez-Luna et al., 2020). Open-source platforms like scikit-learn (Pedregosa 

et al., 2011) and SciPy (Virtanen et al., 2020) have been widely used to build machine 

learning models. 

ML algorithms are generally classified into supervised and unsupervised learning. 

Supervised methods require retrospective validation with datasets containing both active 

and inactive compounds to identify the most appropriate algorithms for differentiating 

bioactive molecules (Sieg et al., 2019). 

http://www.thescienceworld.net/
mailto:thescienceworldmagazine@gmail.com


 

 

 

 

2431                                                         

 

August, 2026 Vol.6(8), 2422-2442 

Published 30/08/2026 
Official Website 

www.thescienceworld.net  

thescienceworldmagazine@gmail.com  

Dr Ravina hameliya 

Supervised learning methods are generally divided into two categories: (1) 

regression analysis and (2) classification techniques. Regression analysis includes methods 

such as decision trees, artificial neural networks, support vector machines, and random 

forests. In contrast, unsupervised algorithms detect patterns within datasets without 

requiring inactive compounds, arranging the data in an organized manner. These methods 

are commonly used for exploratory analyses, such as clustering (Patel et al., 2020). 

Examples of unsupervised approaches include clustering techniques like hidden Markov 

models, hierarchical clustering, and k-means (Santana et al., 2021). 

Pharmacophore Modelling 

A pharmacophore model defines a set of chemical features arranged in a specific 

three- dimensional (3D) configuration that are critical for biological activity against a 

specific molecular target. Important features within a pharmacophore include hydrogen 

bond donors and acceptors, hydrophobic regions, positively or negatively charged groups, 

and metal ion coordination (Schaller et al., 2020). 

Ligand binding sites are constrained by both physicochemical and spatial factors, 

such as amino acid composition, cavity shape, and volume, which restrict non-specific 

interactions. These constraints dictate the ligand’s binding orientation, allowing 

structurally different molecules to interact with the same target if they share the same 

pharmacophore characteristics (Vuorinen & Schuster, 2015). 

A variety of software tools are currently available to generate pharmacophore models, 

varying in how they handle ligand conformational flexibility and structural alignment. 

Commercial programs for pharmacophore modeling include LigandScout (Wolber & 

Langer, 2005) and Molecular Operating Environment (MOE) (Molecular Operating 

Environment, 2019), both supporting ligand- and structure-based approaches and 

compatible with major operating systems. 

Several open-source options for ligand-based pharmacophore modeling exist, such 

as Pharmer (https://sourceforge.net/projects/pharmer/) (Koes & Camacho, 2011) and 

Align-it (formerly Pharao; compatible with OS X) (Taminau et al., 2008). In addition, free 

web servers for structure-based pharmacophore screening have been developed, including 

Pharmit (http://pharmit.csb.pitt.edu/) (Sunseri & Koes, 2016) and PharmMapper 

(http://www.lilab- ecust.cn/pharmmapper/) (Liu et al., 2010). 

Ligand-based pharmacophore modelling 

Ligand-based pharmacophore virtual screening consists of several essential steps: 

http://www.thescienceworld.net/
mailto:thescienceworldmagazine@gmail.com
https://sourceforge.net/projects/pharmer/
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(1) selecting experimentally confirmed active compounds, (2) generating 3D 

conformations of the ligands and performing their structural alignment, (3) identifying the 

structural features and functional groups involved in molecular recognition, (4) 

constructing and validating the pharmacophore model using a testing dataset from a 

compound library, and (5) screening the target library. In this process, the pharmacophore 

model is developed by aligning the 3D conformers of a set of bioactive compounds (training 

dataset) and subsequently validated using active compounds (true positives or hits) and 

inactive compounds (false positives or decoys) as a testing set (Pal et al., 2019). 

It should be noted that highly restrictive pharmacophore models may select compounds with 

stronger activity against the target but can reduce the structural diversity of natural 

products. On the other hand, less restrictive models may capture a higher number of false 

positives (Schaller et al., 2020). 

Pharmacophore modelling methods use two main types of scoring functions to assess how 

well compounds match the predicted model: root mean square deviation (RMSD)-based 

and overlay-based scoring. RMSD-based scoring evaluates the fitness of a compound by 

calculating the distances between its functional groups and the centres of the 

pharmacophore features. In contrast, overlay-based scoring estimates functional similarity 

by taking into account the radii of the functional groups or atoms relative to the 

pharmacophore model (Vuorinen & Schuster, 2015). 

Structure-based pharmacophore modelling 

The structure-based approach, in contrast, utilizes spatial information of a ligand 

bound to its molecular target, including ligand conformations and poses. This method is 

applicable only when experimentally determined structures of the target, typically in 

complex with an active ligand, are available, such as those obtained via X-ray 

crystallography (Jiang et al., 2020). 

A structure-based model provides insights into ligand–target interactions and requires the 

3D structure of the target, either obtained experimentally through X-ray crystallography or 

NMR, or modeled based on homologous proteins. The Brookhaven Protein Data Bank 

(PDB) is a key repository that stores the 3D coordinates of experimentally solved protein 

structures (Berman et al., 2000). 

The optimal starting point for constructing a structure-based 3D model is a crystal 

complex where a ligand is bound to the protein’s active site. This setup offers accurate 

information on the ligand’s bioactive conformation within the binding site. 

http://www.thescienceworld.net/
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LIGANDSCOUT, a recently developed software tool, aids in generating chemical feature–

based models by interpreting ligands and mining the PDB to identify critical interaction 

points between ligands and proteins (Wolber & Langer, 2005). 

Structure-Based Virtual Screening Approaches 

Molecular docking 

Molecular docking is a computational approach used in structure-based drug 

design to predict the binding geometries and affinities between proteins and ligands 

(Cosconati et al., 2010). 

In docking-based virtual screening, compounds from a database are assessed and 

ranked based on their steric and electrostatic compatibility with the target site, with the top- 

ranked molecules selected for further evaluation through biochemical assays (Singh et al., 

2006). The docking algorithm generates an optimal set of ligand conformations and binding 

poses, ideally capturing the experimentally determined binding mode. Scoring functions 

commonly employed in docking include force-field-based, empirical, and knowledge-

based methods (Guedes et al., 2018). Consequently, careful evaluation is necessary when 

choosing the best compounds from docking-based virtual screening results (Jacob et al., 

2012). 

A variety of programs are available for database virtual screening (DBVS), 

including AutoDock, which is widely cited in scientific literature and freely accessible for 

academic use (Morris et al., 1996), as well as GOLD (Jones et al., 1997), DOCK (Ewing 

et al., 2001), and Glide (Halgren et al., 2004). 

When choosing docking software, several considerations are important, including 

the capability to adjust docking parameters or protocols interactively based on new data, 

support for additional scoring functions, availability of pre- and post-docking filters, 

inclusion of design features, validation study results, user learning curve, customer support, 

cost, computational efficiency, user interface, compatible input/output structural file 

formats, accessibility of the source code, and the possibility for future software updates 

(Ghosh et al., 2006). 
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Figure : Demonstration of high-throughput virtual screening: Multiple ligands are docked 

to a receptor and ranked by energy estimate 

ADVANTAGES OF VIRTUAL SCREENING 

Reduces costs, infrastructure requirements, and time needed for discovering new 

chemical structures. Enables the identification of novel compounds with specific 

bioactivities by evaluating large structural libraries in silico. Filters compounds based on 

desirable physicochemical, pharmacokinetic, and pharmacodynamic properties, while 

eliminating those that do not meet the criteria. Allows in silico assessment of the 

“druggability” of new molecular targets. Virtual screening significantly impacts lead 

discovery; integrating chemical information with virtual screening is expected to play a key 

role in drug development in the post-genomic era. Achieves a substantially higher hit rate 

compared to traditional screening approaches, such as high-throughput screening (Shen et 

al., 2003; Macalino et al., 2015). 

DISADVANTAGES OF VIRTUAL SCREENING 

Dependent on the choice of scoring function. Heavily influenced by the target and 

the search algorithm used. Certain molecules often produce false-positive bioactivity 

results; including such molecules in the training or validation set can compromise the 

predictive accuracy of the model. Comparing different screening methods or models is 

essential to determine the most appropriate approach, yet evaluating and contrasting virtual 

screening protocols and models remains challenging (Kirchweger & Rollinger, 2018). 

APPLICATIONS USED IN VIRTUAL SCREENING 

 

Sr Tool Identified Molecules and References 
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No other findings 

1 AutoDOCK Vina Liquiritic acid, Terchenulin etc Joshi et al., 2021 

2 Molecular Docking CID 25145634, CID 25145634, 

etc. 

Karthick et al., 

2013 

3 Pharmacophore modeling V12 and V14 compounds as a lead Zhao et al., 2021 

4 Molecular Docking Rutin as a potential inhibitor Xu et al., 2020 

5 Molecular Docking β hematin inhibitors de Sousa et al., 

2020 

6 Molecular Docking NSC-358078 Yazdani et al., 

2023 

 

CONCLUSIONS 

The rational design of new drugs through the models employed in VS has proved 

effective and may save time, effort and money. Virtual screening will probably be crucial in 

speeding up the initial phase of drug discovery by effectively identifying lead compounds from 

nature. The VS, when compared to traditional in vitro screening, offers greater capacity and 

reduced experimental efforts for testing. In theory, it is possible to compute and forecast 

interactions between all identified products and all structurally characterized targets. The 

quality of hit compounds can be enhanced by implementing extra drug-like filters (ADME 

and drug- likeness), thereby reducing failures in the initial stages of drug development. 

FUTURE PROSPECTS 

The future of virtual-focused evaluation of databases by VS, utilizing well-

validated pharmacophore models, will lead to a substantial enhancement in determining 

lead structures. Pharmaceutical history shows that a significant number of drugs have come 

from natural products. However, even for the drug targets currently in use, the natural 

products that are available have not been fully tested. 
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