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Abbreviations: NDM-1, new Delhi metallo-β-lactamase-1; 
PBPs, penicillin binding proteins; MT, mycobacterium tuberculosis; 
MDR, multidrug-resistant; WHO, world health organization; HTS, 
high throughput screening; EF, enrichment factor; SBVS, structure-
based virtual screening; LBSV, ligand based virtual screening; QSAR, 
quantitative structure-activity relationships

Introduction
Bacterial resistance to major classes of antibacterial agents is 

becoming an increasing problem worldwide.1–4 Gram-negative 
bacteria are strongly associated with the production of both 
chromosomal- and plasmid-encoded beta-lactamases. These enzymes 
exhibit broad-spectrum hydrolytic activity against most classes of 
beta-lactams. One of the most recently reported carbapenemase, 
New Delhi Metallo-β-lactamase-1(NDM-1), producers have become 
resistant against almost all antibiotics.1,5 An alternative way to combat 
with this situation is to use the effective inhibitors in clinical settings 
with combination of different antibiotics.6 These inhibitors inhibit 
the beta-lactamases so that antibiotics can reach to penicillin binding 
proteins (PBPs), the target of beta-lactam antibiotics. Presently, three 
inhibitors named as clavulanic acid, sulbactum and tazobactam are 
used in combinations with different antibiotics to restore their potency. 
However, with several years of introduction, resistance of these 
inhibitors was observed against the bacterial strains in recentyears7,8 
and has become another challenge to treat serious infections in 
clinical settings.9 Inhibitor resistance poses a significant threat to 
many current antibiotic combinations, used against the beta-lactamase 
enzymes. Similarly, the emergence of multidrug-resistant (MDR) 
Mycobacterium tuberculosis (MT) strains is alarming and represents 
a worldwide health care problem.10 These resistances are attributed 
primarily to the accumulation of mutations in the drug target genes, 
lead either to an altered target.11 A large number of mutations among 
clinical isolates have been identified that confer resistance against life 
saving drugs like, isoniazid, fluoroquinolones and rifampicin.12 

Recently, world health organization (WHO) has reported that 
antibiotics resistance in bacteria become a worldwide threat to public 
health. For example, resistance to one of the most commonly used 
antibiotic (fluoroquinolones) used for the oral treatment of urinary tract 
infections caused by E.coli is getting common. Moreover, resistance 
against last resort of antibiotic for life threatening infections caused by 
common intestinal bacteria has spread to all regions of the world.13,14 
Treatment failure to the last resort of treatment for gonorrhoea–third 
generation cephalosporins also been confirmed in Austria, Australia, 
Canada, France, Japan, Norway, Slovenia, South Africa, Sweden 
and the United Kingdom (WHO report 2014). Thus, there is urgent 
need to check the prevalence of resistant strains by development of 
new specific mechanism–based inhibitors. However, to bring a new 
drug to the market takes approximately 10-14years to get approval 
of a single drug from FDA (Food and Drug Administration, USA) 
before it comes in the market with the expense of ~1billion USD.15,16 
Traditionally, high throughput screening (HTS) methods are routinely 
employed to screen hundreds of thousands of molecules against the 
targets for their biological activity.17,18 However, the success rate of 
this approach is very low as only few compounds screened from 
library were found to pass through drug development phases. Recently, 
computational approaches have been appreciated and become a 
crucial component of many drug discovery programmes. Their 
applications span almost all stages in the discovery and development 
pipeline from hit identification to lead optimization. These techniques 
are well-established tools in the modern drug discovery process and 
proven to be more efficient than the traditional way of drug discovery. 
One key approach structure based virtual screening remains a highly 
active area of research during past decade.19–21 In this article we have 
discussed the role virtual screening approaches such as structure 
based and ligand based that may be used for the identification of novel 
specific inhibitors against the drug resistance bacteria or virus strains. 
Finally, some of the case studies that have successfully applied these 
strategies were also discussed. 
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Abstract

Introduction: The resistance among the bacterial world has been increasing against 
majority of antibiotics. An effective approach to combat with this situation is the use 
of potential inhibitors with proper combination of these antibiotics. Traditionally, 
high throughput screening is used to screen the potential drug for the selected target. 
However, this strategy is costly and time consuming. 

Approaches: Thus, an alternative method is required for facilitating the optimal 
leads in early drug discovery process. Virtual screening strategies have also been 
successfully applied during the past decades in screening large chemical libraries with 
aim to identify the potential bioactive hits. Such techniques are cost-effective and 
reliable that can be applied to identify potential leads with improved hits rates.

Conclusion: In the present review, we have described some of the computational 
techniques that can be use for designing potential drug candidates against the multiple 
drug resistant strains. At the end some of the recent successful studies were also 
discussed. 
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Virtual screening
Virtual screening (VS) is a powerful technique for identifying hits 

as starting point for medicinal chemistry.22 It can be differentiated 
into three main approaches; a)structure-based virtual screening which 
requires knowledge of the 3D structure of the target; b) ligand-based 
virtual screening which requires knowledge of active ligands; and 
c) hybrid approach. Numbers of methods which use the ligand and 
target-based VS approaches are increasing at a rapid pace (Table 1).23–

26 These methods are different in their respective docking algorithms, 
scoring functions as well as supported platforms.27–29 These methods 
have been examined for their docking, virtual screening and their 
capabilities for reproducing the experimental poses.30,31 A rational 
approach in early drug discovery is an appropriate selection of the 
disease target, mostly a protein or enzyme. The completion of the 
human genome project has provided with an abundance of potential 

new drug targets and has a significant impact on the process of 
drug development. Another important requirement for VS is the 
preparation of compound library. From the standpoint of exploring 
chemical space, compound databases have provided the platform 
for several options, helpful in target specific compounds selection. 
Chemical space is understood as the ensemble of all organic 
molecules in the context of drug discovery and comprises millions of 
known molecules collected in public databases such as PubChem,32 
CoCoCo,33 ZINC34 and DrugBank.35 These databases contain the vast 
amount diverse molecules for library design and easier to optimize 
toward the identification of promising lead compounds. To overcome 
the limitations of structure and ligand based virtual screening there 
has been increasing interest in combining these methods as noticed 
in recentyears.36,37 Such integrated or hybrid approaches address the 
exploitation of all available structural and chemical information in the 
search for new molecules and holds significant potential. 

Table 1 Some of the available tools for protein-ligand docking. A not determined

S. no Software Algorithm Reference Citationa 

Free software’s

1 SwissDock Evolutionary algorithm 27 88

2 AutoDock Vina Genetic algorithm 28 1741

3 AutoDock
Genetic algorithm 
Lamarckian and Simulated annealing 29 6098

4 DOCK Shape Fitting 78 ND

Commercials

7 GOLD Genetic Algorithm 23 ND

8 LigandFit Monte Carlo 26 626

9 Glide Monte Carlo 76 2140

10 FlexX Incremental construction 77 ND

Structure based virtual screening (SBVS)

Structure-based virtual screening (SBVS) has been widely 
applied in early-stage drug discovery.38 For any successful outcome 
this technique can follow the steps as listed in Figure 1. Target 
identification or selection is the first vital step in the drug discovery 
pipeline. Improper selection of target may lead to false hits in the later 
stages of drug development. An increase of X-ray crystallography 
and nuclear magnetic resonance spectroscopy structures of targets 
in Protein Data Bank (PDB)39 has further opened doors to structure-
based virtual screening. One can find the in-depth structural 
details of these targets as well as their interactions with ligands in 
PDB. Target structure, either experimentally solved or homology 
modeled, and a library of small molecules are basic requirements 
for any SBVS protocol. Homology or comparative modeling is a 
technique use to predict protein structure based on the observation 
that proteins with similar sequences have similar structures. The 
process of homology or comparative modeling consists of the 
following steps: (1) Identification of known 3D structure(s) of a 
related protein with reasonable identity or similarity that can serve 
as template (2) Alignment of target and template protein sequences 
(3) model building (4) validation of the generated models.40 The most 
crucial step in theoretical or computational modelling is the search 
of suitable template. The success of any modeled structure depends 
on this template. Structure that are >35% identical with the query 
sequence is better for the three dimensional modelling. Molecular 
docking is one of the most commonly used methods in structural 

based virtual screening approach. It consists of sampling the ligand 
pose within the binding site of the target to form a stable complex. 
Significant outcomes of any docking depends highly on the capability 
of method in reproducing experimentally solved ligand poses and 
scoring functions to rank the binding poses. Scoring functions are 
fast approximate mathematical methods used to predict the binding 
affinity in between two molecules. Three types of scoring functions 
are currently applied in currently available docking programs. 
These scoring functions are based on: force field,41,42 empirical 
approaches43,44 and knowledge based.45,46 Discriminating or predictive 
power of these functions have high influence on an outcome of any 
docking protocol. An ideal scoring function has potential to generate 
the ranking for ligand set to separate active compounds from inactive 
ones. The performance of these scoring functions can be measured 
by using the matrices like ROC, AUC and Enrichment Factor (EF), 
which are frequently used to evaluate the performance of the ranking 
methods in virtual screening process.47 A ROC curve is a graphical 
plot created by plotting the fraction of the true positive rate (TPR or 
Sensitivity) versus the false positive rate (FPR, or 1-specificity) at 
various thresholds. The AUC–ROC (Area Under Curve–ROC) can be 
used to quantify the overall quality of the plot. It is a way to measure 
that how randomly selected active molecules are ranked compared 
to randomly chosen inactive molecules. A perfect value will result 
in an area under the curve of 1, while a random scoring function will 
have an ROC–AUC of 0.5.48,49 However, even with the advancement 
and vast amount of methods available, we still lack the universal 
algorithm or method that can enhanced the performance of docking 
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based virtual screening performance. The main obstacles faced by 
docking and scoring functions are the receptor flexibility, solvation 
and entropic contributions. For proper fitting the ligand the active 
site of target often adapts some conformational changes upon ligand 
binding.50 Such conformational changes have high impact on DBVS 
(docking based virtual screening) and still represents one of the 
greatest challenges for current docking programs. However, proper 
consideration of target flexibility can improve DBVS outcomes.51 
Such challenges need to be address properly during the virtual 
screening protocols. 

Figure 1 Depicts the steps involved in structure based virtual screening 
protocol.

Ligand based virtual screening (LBSV)

Ligand based virtual screening approaches utilize structure-
activity data from a set of known actives molecules in order to 
identify likelihood drug candidates for experimental confirmation.52 
Quantitative structure-activity relationships (QSAR), pharmacophore 
modeling, similarity or substructure searching and three-dimensional 
shape matching are some of the strategies that have been utilized 
in LBSV method. Quantitative Structure Activity Relationship 
(QSAR) is one of the frequently used approach in ligand based 
virtual screening. Generally, QSAR is used to study the structural or 
physiochemical relationship of active molecules with their biological 
targets.53–55 High quality data, diverse set compounds, appropriate 
descriptors, suitable mathematical algorithm and proper validation 
sets are required for the development of any effective and successful 
QSAR model. There are certain reports that showed the influence of 
these features on any model development.56–58 However, despite these 
challenges, these models are still prefer as they reduced the time, cost 
and false hit rates for any designed biological assay. Machine learning 
algorithms are among the most popular tools used to perform a robust 
and quantitative structure activity relationship modeling. These 
techniques applied to QSAR modeling are not only useful for virtual 
screening but also play an important role in predicting the parameters 
of pharmacological and pharmaceutical relevance. Different machine 
learning methods have been proposed with its own advantages and 
disadvantages. Some of these methods named as, Neural Network,59 
Support Vector Machines,60 PLS61 and Decision Tree Classification.62 
The use of these techniques in the chemistry field has increased in the 
last decades.63–66 They are applied for the calculation of the optimal 
distance between the descriptors of active and inactive compounds. The 
models developed by these algorithms have potential to discriminate 
the biologically active compounds from the inactive compounds for 
their likelihood of interacting with the target. These techniques are 
helpful in developing the effective prediction models and to discover 

the optimal decision for your problem. The output may depend on the 
size of the dataset which is known to be the major drawback of these 
methods. Adequate amount of data size is necessary to get the optimal 
output. Another, major drawback of ligand based virtual screening is 
its dependency on existing ligands information as templates which 
limits the scaffold diversity as comparison to structure based virtual 
screening.

Hybrid approaches 

The main challenge in drug discovery is not only to find the hits, 
but produce more potent and selective compounds with desired 
biological activity. Currently available ligand and structure based 
virtual screening approaches faced several issues associated with their 
outcomes. Combination these two methods can also be in order to 
enhance67 the performance of the integrated protocol. However, not all 
the these combinations are successful. Proper choice of the methods 
for their integration have high impact on any significant outcome. 
Various methods for example; pharmacophore methods, fingerprint 
methods and approaches integrating docking with similarity-based 
methods are available that can be integrated with each others. 
Pharmacophores features represent the information from experimental 
solved proteins, ligands or protein–ligand complexes. The observed 
protein–ligand interactions are directly translated into pharmacophore 
features. However, in lack of any experimental solved protein–ligand 
complexes, pharmacophore model can be derived from docking 
into homology models or experimental solved protein structures.67,68 
These protein–ligand pharmacophores models have been successfully 
applied in virtual screening process.69 The interest in using these 
hybrid protocols is evident in the publications in past few years. Qing 
et al.,70 proposed a hybrid virtual screening approach based on SVM 
classification and pharmacophore models for the identification of 
potential C5aR antagonists. The proposed hybrid approach showed 
the significantly increased in the hit rate and enrichment factor as 
compared with the individual method. Despite this, there are others 
several successful studies, where the hybrid protocol has showed the 
potential in significant number of outcomes. Complete presentation of 
these approaches is beyond the scope of this review, however herein, 
we have discussed some of the protocols successfully implemented in 
recent studies. By combining the molecular docking, pharmacophore 
and fingerprint-based 2D similarity,  a novel two layer workflow 
was developed to enhance the virtual screening performance.71 By 
combining these methods the authors noticed the improvement in the 
performance of virtual screening process on DUD database. Recently, 
a  hybrid protocol includes support vector machine, pharmacophore 
and docking-based virtual screening was used for retrieving the new 
Bruton’s tyrosine kinase inhibitors from commercially available 
chemical databases.72 Performances of this hybrid approach showed 
the considerably increased the hit rate and enrichment factor by 
shortened the overall screening time as compared with the individual 
method or their combinations. This approach was used to screen 
several chemical databases including Specs (202,408 compounds) 
and Enamine (980,000 compounds) databases, from which thirty nine 
compounds were finally selected for experimental evaluation

Successful studies
Case study 1 

Two different virtual-screening approaches were applied in order 
to identify novel inhibitors for the Mycobacterium tuberculosis InhA 
(MtInhA) target.73 First, a 3-D pharmacophore model was built based 
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on 36 available MtInhA crystal structures. The second approach 
consisted of using four well established docking programs, with 
different search algorithms, to compare the binding mode and score 
of the selected molecules from the aforementioned library. Finally, six 
ligands were selected for in vitro analysis. Three of these molecules 
presented a satisfactory inhibitory activity with IC50 values in between 
the 24µM to 83µM. The best compound presented an uncompetitive 
inhibition mode to NADH and 2-trans-dodecenoyl-CoA substrates, 
with Ki values of 24µM and 20µM respectively.

Case study 2 

Nan Li et al.,74 screened the SPECS compound library by using 
structural based virtual screening to identify the potential inhibitors 
of the histidine kinase (HK) VicK protein from S. pneumonia. Based 
on molecular diversity, shape complementarities, and the potential 
to form hydrogen bonds and hydrophobic interactions in the binding 
pocket, they identified a series of 105 compounds. Six of them were 
then validated  in vitro  and were found to inhibit the growth of  S. 
pneumonia. These compounds were found potential in decreasing the 
mortality of the mice infected by S. pneumonia. Finally, the authors 
reported that these compounds were the first inhibitors of HK with 
antibacterial activity  in vitro and  in vivo, and were novel lead to be 
drugs that can helpful to combat pneumococcal infection.

Case study 3 

A novel hybrid virtual screening protocol (comprised of 
pharmacophore based virtual screening, rigid and flexible docking 
based virtual screenings) was applied to identify the potential inhibitors 
for the bacterial enzyme named, Methionyl-tRNA Synthetase.75 
Specs (202,408 compounds) database was used for virtual screening 
process. Based on the outcome of this hybrid protocol, 15 hits were 
selected for the experimental studies. After experimental evaluation, 
two compounds with novel scaffold were reported.76–78 

Conclusion
Despite the advancement that drawn the positive impact on 

structure or ligand based virtual screening approaches, challenges 
associated with these methods remained unsolved. We are still 
lacking a cutting edge technology that can helpful in predicting the 
accurate binding pose of the compounds. However, careful database 
preparation, judicious methods choices with optimized parameters, 
use of proper positive controls can increases probability of any virtual 
screening experiments success. In this article, we have discussed 
some of the recent developments in virtual screening methods that can 
be utilized to find the potential leads molecules against the multidrug 
resistance strains. We have also highlighted the challenges associated 
with the VS techniques. At last some of the case studies applied these 
methods have also been discussed. We believed that these studies 
and their reported successful outcomes can play a significant role in 
planning the future experiments.
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