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Abstract: Virtual screening methods have been developed and explored as useful tools for searching drug lead compounds from chemi-
cal libraries, including large libraries that have become publically available. In this review, we discussed the new developments in explor-
ing virtual screening methods for enhanced performance in searching large chemical libraries, their applications in screening libraries of 
~ 1 million or more compounds in the last five years, the difficulties in their applications, and the strategies for further improving these 
methods. 
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INTRODUCTION 

High-throughput screening (HTS) [1] and virtual screening 
(VS) [2-6] methods have been developed for drug lead discovery 
from increasingly larger chemical space. In particular, VS comple-
ments HTS in improving hit rates and chemical space coverage [7]. 
The chemical libraries have been expanded to >1 million purchas-
able compounds [8], >30 million compounds [9] and >1 million 
bioactive compounds [10]. VS methods, particularly the combina-
tion of VS methods, have been increasingly explored for searching 
drug leads from large compound libraries at good yields and suffi-
ciently low false hit rates so that the subsequent synthesis and test-
ing tasks are at manageable levels. In this review, we discuss the 
new developments in exploring VS methods for screening large 
libraries at enhanced performances, their applications for screening 
large libraries of ~ 1 million or more compounds in the last five 
years, the difficulties in their applications, and the strategies for 
further improving these methods. 

1. BRIEF OVERVIEW OF EXTENSIVE USED VIRTUAL 
SCREENING METHODS 

The most extensively used VS methods are docking [11], phar-
macophore [12], quantitative structure activity relationship (QSAR) 
[2, 3, 13], similarity searching [5], and machine learning [14]. 
These methods are often divided into structure-based virtual screen-
ing (SBVS) and ligand-based virtual screening (LBVS) depending 
on what is already known about a target and its ligands Fig. (1). 
Structure-based virtual screening involves docking of candidate 
ligands into a protein target followed by applying a scoring function 
to estimate the likelihood that the ligand will bind to the protein 
with high affinity. Ligand-based virtual screening applies computa-
tional descriptors of molecular structure, properties, or pharma-
cophore features to analyze relationships between active templates 
and compounds from chemical libraries. Some available annotated 
chemical libraries which are the sources of active compounds and 
molecular properties are listed in (Table 1). 

Docking method identifies active compounds by geometrically 
docking molecules to a pre-selected target site followed by binding 
configuration optimization and scoring [4, 6]. This method accu-
rately describes molecular binding and requires no knowledge of 
known active compounds, allowing for an intuitive understanding 
of binding process and enabling the identification of novel active 
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Fig. (1). The general workflow of structure-based virtual screening and 
ligand-based vrtual screening. 

 

compounds with different binding modes against those of the 
known ligands [2, 15]. But it may have limited capability in model-
ling target structural flexibility [16] and salvation and entropic ef-
fects [17]. These limitations may be partly overcome by more com-
prehensive conformational sampling, improvement of scoring algo-
rithms, and adequate modelling of solvation and entropic effects, 
but the increased computational cost may limit its use for virtual 
screening. 

Pharmacophore method identifies active compounds by match-
ing molecules to an assembly of steric and physicochemical fea-
tures necessary for activity [17]. Pharmacophoric features can be 
derived by either ligand-based or structure-based methods [2]. 
Ligand-based methods generate pharmacophoric features by super-
posing multiple active molecules to extract essential features. Struc-
ture-based methods construct pharmacophoric features by probing 
possible interaction points between target and ligands. Pharma-
cophore method complements docking method by its ability to se-
lect active compounds of higher structural flexibility, but tends to 
be less effective in modelling detailed binding interactions than 
docking method. The performance of pharmacophore models is 
affected by sensitivity to training datasets [18], multiple choices of 
features [3], quality of conformational sampling and molecular 
overlay, anchoring points selection, and binding affinity estimation 
[3]. 
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QSAR method identifies active compounds by estimating their 
activities from a statistically significant correlation between mo-
lecular structures and activities [13, 19, 20]

.
 Molecular structures 

are typically represented by specific sets of structural and physico-
chemical properties (molecular descriptors) relevant to their activi-
ties. QSAR reportedly outperforms docking in some VS tasks such 
as biogenic amine binding to G-protein coupled receptors [5]. The 
quality of QSAR models is affected by concept compatibility, rep-
resentativeness of structure-activity data, influence of data outliers, 
fitness of developed quantitative relationships, starting geometry in 
3D-QSAR, and multiple choices of solutions [14]. 

Similarity searching method identifies active compounds by 
measuring the level of their structural similarity to the known active 
compounds [16, 21, 22]. In this method, compounds are typically 
represented by molecular fingerprints [16, 21, 22] and in some stud-
ies by molecular descriptors [22], and molecular structural similar-
ity are frequently determined by Tanimoto coefficient [4, 22, 23]. 
Similarity searching method is highly effective and fast, often pro-
ducing superior VS performance compared to docking [22], but 
tends to be limited by the requirement of structural or sub-structural 
similarity to the known active compounds. 

Machine learning methods such as binary kernel discrimination 
(BKD) [23, 24] and support vector machines (SVM) [25, 26] iden-
tify active compounds by statistical analysis of intrinsic correlations 
between activities and the structural and physicochemical profiles 
of known active and inactive compounds [27, 28]. Machine learn-
ing methods utilize nonlinear supervised learning algorithms to 
develop statistical models capable of predicting a more diverse 
spectrum of structural and physicochemical properties than conven-
tional QSAR models [29] at high-CPU speed (100K data points per 
hour on 3GHz PC) [28], which is particularly useful for screening 
large compound libraries and for identifying novel scaffolds to 
complement docking, pharmacophore, QSAR and similarity search-
ing methods [30, 31]. The performance of machine learning meth-
ods depends on such factors as training set diversity, their ability to 
deal with imbalanced datasets (inactive compounds typically out-
number active compounds), and parameter ranges in covering ac-
tive and inactive chemical space [29]. 

2. VIRTUAL SCREENING METHODS USED IN THE 
SCREENING OF LARGE CHEMICAL LIBRARIES 

In principle, the VS methods described in the previous section 
can be individually used for screening large chemical libraries. The 
significantly large library size places much higher demand on the 
screening speed and low false hit rates than those of screening small 
and medium sized libraries. Therefore, these VS methods have been 
typically combined with additional filters/constraints or among 
themselves for searching large chemical libraries to take their com-
plementary advantages in screening speed and hit selection strate-
gies. The literature-reported performance of these methods in 
screening large chemical libraries of >1 million compounds in the 
last 5 years is summarised in (Table 2). 

Machine learning and similarity searching methods have been 
extensively used for screening large chemical libraries because of 
their speed, good yields and low false hit rates. SVM VS models for 
eight target classes muscarinic acetylcholine receptor subtype 1 
(M1 receptor) agonists, N-methyl-D-aspartate receptor (NMDA 
receptor) antagonists, thrombin inhibitors, human immunodefi-
ciency virus (HIV) protease inhibitors, cephalosporins, and renin 
inhibitors [32], Bcr-Abl tyrosine-kinase inhibitors [23] and histone 
deacetylase inhibitors [33] have been tested in in-silico screening of 
9.997-13.56 million compounds. These SVM VS models have 
shown good to moderate yields (17.4%-92.4%) and low false hit 
rates (0.11%-2.9%). The performance of SVM may be further im-
proved by adding a second layer SVM model that is developed 
based on the feedback of testing results of the initial SVM model 

[34]. A two-layer SVM model for searching AR ligands has identi-
fied 500 virtual hits from 19 million compounds, with 8 of the 12 
purchasable virtual hits tested active [34]. In another case, a two-
layer similarity searching model for phosphodiesterase type 5 in-
hibitors (the first and second layer uses a conventional and a refined 
similarity searching algorithm respectively) has identified 137 vir-
tual hits from 25 million compounds with 25 hits tested active [35]. 

In the filter approach, rule-based filers such as drug-like filters 
(e.g. Lipinski’s rule of five (RO5) [36], rotatable bond count, solu-
bility), SciTegic HTS filter [37], and substructure filters have been 
used for pre-selecting compounds prior to the screening by a VS 
method. For instance, in identifying c-Met tyrosine kinase inhibi-
tors, 13.5 million compounds have been screened by RO5 to pre-
select 600,000 drug-like compounds, followed by docking to iden-
tify 175 virtual hits, with 3 of the 70 purchasable virtual hits tested 
active [38]. In identifying Glutamate Transporter 1 inhibitors from 
26.4 million compounds, substructure and rotatable bond count 
filters have been used to pre-select 252,311 compounds, followed 
by docking to identify 5176 top-ranked compounds, with 3 of the 
14 synthesized top-ranked compounds tested active [39].  

The constraint approach targets selected compounds based on 
such structural constraints as ligand-centered binding-site and bind-
ing-modes selection in docking, applicability domain in QSAR, and 
excluded volumes in pharmacophore methods. In docking search of 
c-Met tyrosine kinase inhibitors from 13.5 million compounds, 
subsets of these compounds have been pre-selected based on the 
presence of specific hydrogen bond, hydrophobic/aromatic interac-
tions, and aromatic �-stacking interactions at the binding site [38]. 
A combinatorial docking with pharmacophore constraints have 
been used for searching dihydrofolate reductase inhibitors from a 
randomly selected subset of 22,500 compounds from combinatorial 
libraries of 1,356,250 compounds, which identifies 4 actives in the 
top 50 hits [40]. In using the combinatorial QSAR modeling strat-
egy for identifying geranylgeranyltransferase type I inhibitors [41] 
and histone deacetylase inhibitors [42] from 9.5 million com-
pounds, subsets of compounds within the applicability domains (i.e. 
within certain distances to the training compounds) have been pre-
selected before using these QSAR models, which led to the identifi-
cation of 47 consensus virtual hits against geranylgeranyltransferase 
type I with 7 of the 7 selected hits tested active [41], and 45 novel 
consensus virtual hits against histone deacetylase with 3 of the 4 
selected hits tested active [42]. Therefore, rationally defined struc-
tural constraints are highly effective in selecting relevant com-
pounds from large chemical libraries. 

In the combination approach, multiple VS methods that com-
plement one another in screening speed and hit selection strategy 
(e.g. ligand-based and structure-based methods) are collectively 
used for enhanced performance, typically with a faster method used 
first followed by a slower method. The combination of pharma-
cophore, rule of five based drug-likeness filtering, and docking has 
been used for discovering potential DNA gyrase B inhibitors 
through screening ~5M chemical libraries and the two most active 
compounds with about 64 �M activity are selected for further in-
vestigation [43]. The two-stage pharmacophore and docking 
method has been used together with RO5, HTS and ADME-Tox 
filters for searching human tyrosyl-DNA phospodiesterase inhibi-
tors from 27 million compounds to identify 178 virtual hits, with 1 
of the 46 tested compounds found active [44]. The two-stage simi-
larity searching and docking method has been used in three studies. 
In one study, it has been used together with additional RO5 and 
HTS filters for searching anthrax toxin lethal factor inhibitors from 

35 million compounds to identify 602 virtual hits, with 12 of the 39 
commercially available hits tested active [45]. In the second study, 
it has been used together with additional molecular weight and 
solubility filters for identifying MAPK-interacting Kinase 1 inhibi-
tors from 18.8 million compounds, with 26 of the 1236 virtual hits 
tested active [46]. In searching phosphodiesterase type 5 inhibitors
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Table 1. Listing of Available Annotated Libraries 
 

Database and Ref Web Pages Number of Molecules Free 

ChEMBLdb [84] https://www.ebi.ac.uk/chembl/ 1,213,239 distinct bioactive compounds and 9003 targets Yes 

PubChem BioAssay [85] http://pubchem.ncbi.nlm.nih.gov/ 1,600,000 small molecules, 50,000 bioassay records, over 130,000,000 bioactivity results Yes 

BindingDB [86] http://www.bindingdb.org/bind/index.jsp 910,836 binding data, 6,263 protein targets and 378,980 small molecules Yes 

WOMBAT [87] http://www.sunsetmolecular.com/ 331,872 molecules, 1966 unique targets No 

MDDR http://symyx.com/ Over 180,000 biologically relevant compounds No 

DrugBank [88] http://www.drugbank.ca/ 6711 drugs and 4227 non-redundant protein Yes 

The Mother of All Data-

bases (MOAD) [89] 
http://bindingmoad.org/ 16,948 protein-ligand structures, 5,630 structures with binding data, 8,140 different ligands Yes 

Therapeutic Target Data-

base (TTD) [90, 91] 
http://bidd.nus.edu.sg/group/ttd/ttd.asp 2025 targets, 17,816 drugs Yes 

PDB Bind [92, 93] http://www.pdbbind.org/ 3214 ligand-protein complexs Yes 

AffinDB [94] http://www.agklebe.de/affinity 748 ligand-protein complexs Yes 

PDSP [95] http://pdsp.med.unc.edu/pdsp.php 55,470 Ki values Yes 

IUPHARdb [96] http://www.iuphar-db.org/index.jsp 627 human genes, 3177 distinct ligands Yes 

CARLSBAD http://carlsbad.health.unm.edu/ 755,329 compounds, 3613 protein targets, and 1,449,924 activities Yes 

 
Table 2. Performance of Different Methods Used in Screening Large Chemical Libraries of  >1 Million Compounds in Last 5 Years 
 

VS Task and Number of Virtual Hits VS Performance 
Type of 

VS 
Method 

VS Method (Year of 
Study) [Reference] Target 

Class 
Database 
Screened 

No of  
Compounds 

Screened 

No of  
Virtual Hits 

Testing 
Method 

No of  
Virtual Hits 

Tested 

Activity of 
the Most 

Active 
Compound 

Hit Ratesa

Docking (2008)[97] DNA Ligase In-house 

database 

1.5M 233  192 <50 �M 5.2% 

SVM (2008)[61] Various 

target 

classes 

PubChem 2.986M 299~9,502 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

datasets 

  4.7%~73.8% 

SVM (2008)[32] Six MDDR 

classes (M1, 

NMDA, 

thrombin, 

HIV prote-

ase, cepha-

losporins, 

and renin) 

PubChem 9.997 M 804~2,253 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

datasets 

  26.7%~90.9% 

Pharmacophore (2009)[98] HCV RNA-

dependent 

RNA po-

lymerase 

PharmoDB 3.5M   119 20 �M 2.5% 

Two layer SVM (2009)[34] Androgen 

receptor 

PubChem 19M 500 Bioassay of 

purchasable 

virtual hits 

12 0.00374�M 67% 

SVM (2009)[23] Bcr-Abl 

tyrosine-

kinase 

PubChem 13.56M 29,118 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

dataset 

  >0.16% 

Individual 

Approach 

Similarity searching 

(2009)[99] 

NAADP ZINC 2.7M 500  25 2 �M 84% 
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(Table 1) contd… 

VS Task and Number of Virtual Hits VS Performance 
Type of 

VS 
Method 

VS Method (Year of 
Study) [Reference] Target 

Class 
Database 
Screened 

No of  
Compounds 

Screened 

No of  
Virtual Hits 

Testing 
Method 

No of  
Virtual Hits 

Tested 

Activity of 
the Most 

Active 
Compound 

Hit Ratesa

Feature Trees (2009)[100] TGF�  500 billion 7,653~23,12

4 

   6.7% 

Feature Trees (2009)[101] 5-HT3 

antagonists 

 1 trillion 2000    0.4% 

Bayesian Idea Generator 

(2009)[102] 

H4  0.95M 96    1.0% 

Docking (2010)[103] Dengue 

Virus Meth-

yltransferase 

ZINC, 

Schrodinger 

inhouse 

CACDB 

database 

5M 750  35 4.47 �M 28.6% 

SVM (2010)[33] Histone 

deacetylase 

PubChem 13.56 M 74,761 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

dataset 

  >0.13% 

Combinatorial SVM 

(2011)[104] 

Dual kinase 

inhibitors of 

11 kinase 

pairs 

PubChem 13.56 M 1,824~4,149 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

dataset 

  4.3% 

Combinatorial SVM 

(2011)[105] 

Dual target 

serotonin 

reuptake 

inhibitors of 

7 target pairs 

PubChem 17M 1,154~7,601 In silico 

identifica-

tion of 

known 

active com-

pounds not 

in training 

dataset 

  12.6% 

Two layer similarity search-

ing (2011)[35] 

Phosphodi-

esterase type 

5 

ZINC 25M 137 Bioassay of 

virtual hits 

137 0.1�M 18.2% 

 

Docking (2012)[106] Cell division 

cycle 25 

(Cdc25) 

ZINC drug-

like subset, 

NCI diver-

sity set 

2.1M 208  30 0.07 �M 13.3% 

RO5, substructure fil-

ter+docking (2009)[107] 

Trypano-

soma cruzi 

trans-

sialidase 

Evotec 

in-house 

supplier 

database 

2.5M 1,819 Bioassay of 

purchasable 

virtual hits 

23 0.12mM 0% 

RO5 filter + docking 

(2009)[38] 

c-Met tyro-

sine kinase 

ChemNavi-

gator 

13.5M 175 Bioassay of 

purchasable 

virtual hits 

70 0.675�M 4.2% 

RO5, pharmacophore, 

ADME filters+docking 

(2009)[108] 

Phosphoinos

itide-3-

kinase 

(PI3K) 

ZINC 2.5M 982  89 3 �M 7.9% 

Pharmacophore fil-

ter+docking (2010)[109] 

Bcl-XL ZINC ‘big-

n-greasy’ 

subset 

1.8M 277 Bioassay of 

purchasable 

virtual hits 

45 2.48 �M 6.67% 

Filter 

Approach 

Substructure, rotatable bond 

count filters + docking  

(2010)[39] 

Glutamate 

Transporter 

1 

GDB 26.4M 5,176 Bioassay of 

synthesiz-

able top-

ranked 

virtual hits 

14 1.4 �M 21.4% 
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(Table 1) contd… 

VS Task and Number of Virtual Hits VS Performance 
Type of 

VS 
Method 

VS Method (Year of 
Study) [Reference] Target 

Class 
Database 
Screened 

No of  
Compounds 

Screened 

No of  
Virtual Hits 

Testing 
Method 

No of  
Virtual Hits 

Tested 

Activity of 
the Most 

Active 
Compound 

Hit Ratesa

Molecular weight fil-

ter+Similarity search-

ing+functional group filter 

(2011)[110] 

Insect Molt-

ing Hor-

mone Re-

ceptor 

Database 

from Namiki 

Shoji 

Co. Ltd 

3M 237  24 13 �M 8.33% 

Pharmacophore+RO5 filter 

(2012)[111] 

Na+-

dependent 

Taurocho-

late Co-

transporting 

Polypeptide 

(NTCP) 

CoCoCo 

database, 

CAP data-

base 

10M 160  10 3.2 �M 60% 

Clean lead filter, RO5 

filter+docking (2012)[112] 

H. pylori 

urease 

enzyme 

ZINC 5M 1000  1 ~60 �M  

 

Permeability and known 

toxic motifs filter+docking 

(2012)[113] 

AmpC �-

Lactamase 

Chembridge, 

Enamine, 

ChemDiv, 

NCI, Inter-

chim 

6M   61 351.3 �M 11.5% 

Consensus kNN QSAR 

(2009)[41] 

Geranylger-

anyltrans-

ferase type I 

ZINC 9.5M 47 Bioassay of 

purchasable 

virtual hits 

7 ~10 �M 100% 

Consensus SVM and kNN 

QSAR (2009)[42] 

Histone 

deacetylase 

ZINC 9.5M 45 Bioassay of 

purchasable 

virtual hits 

4 10 �M 75% 

Constraint 

Approach 

FlexXc Docking +RO5+ 

pharmacophore constraints 

(2006)[40] 

Bcr-Abl 

tyrosine-

kinase 

 22.4M      

Similarity searching + 

Pharmacophore search-

ing+docking (2008)[114] 

Fatty acid 

receptor 1 

(FFAR1) 

ZINC drug-

like subset 

2.6M 4529  52 3.6 �M 11.5% 

Pharmacophore + docking 

(2009)[115] 

MurD/MurE 

ligases 

Life Chemi-

cals, Chemi-

cal Diver-

sity, Vitas-

M 

2M  Bioassay of 

purchasable 

virtual hits 

14 32 �M 14.3% 

Similarity searching + 

docking + RO5, HTS filters 

(2009)[45] 

Anthrax 

toxin lethal 

factor 

LeadQuest, 

MLSMR,GDB

,ZINC, NCI, 

University of 

Minnesota 

Institute for 

Therapeutics 

Discovery and 

Development 

(ITDD) 

inhouse 

vendor data-

base 

35M 602 Bioassay of 

purchasable 

virtual hits 

39 49.5 �M 12.8% 

RO5, rotatable bond, func-

tional group fil-

ter+pharmacophore+dockin

g(2009)[116] 

Carbonic 

anhydrase 

IX 

ZINC 4.6M 6  6 0.29 �M 100% 

Pharmacophore + docking + 

RO5, HTS, ADME-Tox 

filters (2010)[44] 

Human 

tyrosyl-DNA 

phospodi-

esterase 

ChemNavi-

gator iRe-

search 

Library 

27M 178 Bioassay of 

purchasable 

virtual hits 

46 7.94 �M 2.2% 

Combina-

tion 

Approach 

Pharmacophore + docking 

(2010)[117] 

DNA gyrase B ZINC   Bioassay of 

purchasable 

virtual hits 

12 25 �M 41.7% 
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(Table 1) contd… 

VS Task and Number of Virtual Hits VS Performance 
Type of 

VS 
Method 

VS Method (Year of 
Study) [Reference] Target 

Class 
Database 
Screened 

No of  
Compounds 

Screened 

No of  
Virtual Hits 

Testing 
Method 

No of  
Virtual Hits 

Tested 

Activity of 
the Most 

Active 
Compound 

Hit Ratesa

Similarity searching + 

docking + molecular weight, 

solubility filters (2010)[46] 

MAPK-

interacting 

Kinase 1 

CNIO  

library 

18.8M 1,236 Bioassay 1236 0.83 �M 2.1% 

Pharmacophore + docking 

(2010)[118] 

IKK� ChemDiv, 

Asinex-

Gold,  

Asinex-

Platinum 

1.04M 100  60 6.7 �M 5% 

A softened version of the 

Lipinski 

rule filter+substructure 

fil-

ter+pharmacophore+dockin

g (2010)[119] 

The malig-

nant brain 

tumor 

(MBT) 

protein 

iResearch 

Library 

5.9M 67  51 5.7 �M 37.3% 

Similarity searching + 

docking (2010)[120] 

Transthyreti

n amyloid 

ZINC 11M      

Similarity searching + 

docking (2011)[121] 

Human AP 

endonucle-

ase 

ZINC drug-

like subset 

2.6M 420  38 0.003 �M  

Similarity searching + 

docking (2011)[35] 

Phosphodi-

esterase type 

5 

ZINC 25M 60 Bioassay of 

virtual hits 

60 <1 �M 16% 

SVM + docking (2011)[48] c-Met tyro-

sine kinase 

inhibitors 

PubChem, 

Specs, 

Enamine 

18M 1,000 Bioassay of 

selected 

virtual hits 

75 <10 �M 10.7% 

SVM + Pharmacophore 

(2011)[69] 

mGluR1 PubChem, 

Specs, 

Enamine 

20M 2,000     

Hierarchical multistage 

SVM, pharmacophore and 

docking (2011)[51] 

Pim-1 kinase PubChem, 

Specs, 

Enamine 

18M 935 Bioassay of 

selected 

virtual hits 

47 0.263 �M 31.9% 

Pharmacophore + 

RO5+docking (2012)[43] 

DNA gyrase 

B 

Amri 

Global, 

Vitas M, 

Chembridge, 

Enamine, 

Chemical 

diversity 

5M  Bioassay of 

selected 

virtual hits 

26 64 �M 7.7% 

 

Pharmacophore + docking  

(2012)[122] 

DNA gyrase 

B 

Amri 

Global, 

Vitas M, 

Chembridge, 

Enamine, 

Chemical 

diversity 

5M 400 Bioassay of 

selected 

virtual hits 

12 5.5 �M 16.7% 

a Hit rate after further selection of in silico hits by such considerations as top-rank scores, synthesizability and other intuitive considerations. 

 

from 25 million compounds, it identified 60 virtual hits with 11 hits 
tested active (hit rate 16%) [35]. 

SVM is a relatively new VS method [23, 32-34, 47] increas-
ingly explored in combination with other VS methods for the 
screening of large chemical libraries. The two-stage SVM and 
docking method has been used for searching novel c-Met tyrosine 
kinase inhibitors from 18 million compounds to identify 1000 top-
ranked virtual hits, with 8 of the 75 selected hits tested active (hit 
rate 10.7% after additional selection) [48]. The two-stage SVM and 
pharmacophore method has been used for predicting novel me-
tabotropic glutamate receptor 1 (mGluR1) antagonists from 20 
million compounds, with 200 interesting virtual hits selected for 
further investigation [49]. SVM, pharmacophore and docking 

method have been hierarchically and multi-staged used for search-
ing novel Pim-1 kinase inhibitors from 18 million compounds to 
identify 935 virtual hits, with 15 of the 47 tested hits showing 
nanomolar to submicromolar activities (hit rate 31.9% after addi-
tional selection) [50, 51]. 

Moreover, some VS methods have been used for developing 
consensus virtual screening models in which multiple virtual 
screening models are constructed from different training datasets, 
parameters, and/or scoring function, and these models are used for 
conducting multiple screening campaigns to collectively select 
virtual hits based on consensus scoring. This consensus modelling 
approach has been used for developing consensus kNN (K nearest 
neighbour) QSAR models of geranylgeranyltransferase type I in-
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hibitors [41] and the consensus SVM and kNN QSAR models of 
histone deacetylase inhibitors [42] with hit rates of 100% and 75% 
(after additional hit selection) in searching geranylgeranyltrans-
ferase type I inhibitors [41] and histone deacetylase inhibitors [42] 
from 9.5 million compounds. 

3. DIFFICULTIES IN THE APPLICATION OF VIRTUAL 
SCREENING METHODS AND STRATEGIES FOR FUR-
THER IMPROVEMENTS 

The quality of training data is important for the development of 
ligand-based VS models, and the quality of the screening chemical 
libraries is also important for the successful applications of VS 
models. The publically available annotated chemical libraries listed 
in (Table 1) and the public and commercial chemical libraries listed 
in (Table 2) have been extensively used for developing and apply-
ing VS models. However, some public chemical libraries tend to 
contain higher level of noises [52, 53] because of errors in data 
curation, measurement variations and insufficient quality check. 
These data are subject to pre-processing quality and inconsistency 
check. Moreover, the same set of molecular preparation procedures, 
such as adding implicit hydrogen atoms and assigning the correct 
charges, should be applied for both the training data and the screen-
ing chemical libraries to ensure consistency [54].  

For targets with available 3D structures, docking has been the 
most popularly used VS method for searching drug leads and their 
binding modes at target sites. However, a recent survey of over 15 
years of docking studies has revealed that in these studies evidence 
has rarely been presented to establish the predicted binding modes 
are the correct ones [55]. Accurate estimation of binding affinity is 
another challenging task of docking [56]. The computational cost of 
docking is very high, making it less useful for screening large 
chemical libraries. It is often used in the late stage of virtual screen-
ing in the filter approach, the constraint approach and the combina-
tion approach. 

The application range, accuracy and the computational cost of 
pharmacophore VS models depend on how the criteria of pharma-
cophore queries are set and how the activity-relevant structural 
features are recognized. Stricter setting typically lead to less cover-
age of scaffold diversity and more relaxed setting tend to signifi-
cantly increase the false hit rates. A more balanced setting may be 
fine tuned with respect to the screening target and chemical librar-
ies. Structural features relevant to the targeted activity may be se-
lected by using feature selection methods and based on pharma-
cophore analysis of multiple active compounds [54]. Moreover, 
pharmacophore can be used as a follow-up screening tool [57]. 

Similarity searching and machine learning methods have been 
increasingly used individually or in combination with other meth-
ods in searching large chemical libraries partly due to their advan-
tages of high screening speed and good yields. However, similarity 
searching methods rely on molecular features for comparing mole-
cules [54] and their performance is thus highly sensitive to the mo-
lecular features and similarity measures used in a particular VS 
study [58, 59]. Retrospective analysis of the DUD datasets of mul-
tiple target classes has suggested that in some cases similarity 
searching based on 2D descriptors perform better than that based on 
3D descriptors [60]. The quality of machine learning VS models 
depend heavily on the structural diversity of their training datasets 
which are constrained by the available known active and inactive 
compounds. Structurally diverse putative inactive compounds has 
been introduced in the training datasets of machine learning VS 
models to enhance their performance by reducing the false hit rates 
and improving the yields, and such a strategy has also shown some 
level of success in training datasets of highly sparse active com-
pounds [32, 61]. 

 

The application of filters and structural constraints can effi-
ciently narrow down the search scope of large chemical libraries. 
But it may in some cases reduce the yields. An analysis of 1000 
approved drugs has shown that 8%~15% of these drugs have at 
least one violation of the filters of RO5, polar surface area and ro-
tatable bond count [62]. Another analysis of 1070 approved drugs 
has shown that 26% of these drugs contain at least one "undesir-
able" molecular moiety (such as the appearance of an electrophilic 
reactive group) [63]. High quality structural constraints are not 
easily obtained. The applicability domain of QSAR is typically 
determined by the physicochemical properties of or structural simi-
larity to the training molecules, and mechanistic understanding of 
their structure-activity relationships [64]. In cases of fewer known 
actives, it may be difficult to define an appropriate applicability 
domain to optimally cover the physicochemical properties of the 
active compounds against one or more targets, particularly the 
novel ones, without substantially increasing false hit rate.  

The performance of VS methods in searching large chemical li-
braries can be further enhanced by improving VS algorithms. Ex-
amples of recent efforts for improving VS algorithms include add-
ing pharmacophoric shims for generating highly predictive target-
customized docking models [65, 66], most-frequent-feature guided 
development of pharmacophore models [19], and a two-step target 
binding and selectivity screening approach for searching target 
subtype selective ligands [67]. Moreover, consensus VS strategy 
has been increasingly used for collectively exploring the advantages 
of the VS methods and compensating their disadvantages. An 
analysis of consensus docking models has shown that specific con-
sensus models consistently outperform individual models for pre-
dicting protein ligands [68]. Consensus models of docking [69], 
scoring functions [70], pharmacophore [71], QSAR [72], similarity 
searching [73], clustering [74], and machine learning models [47] 
have been reported to improve VS performance. 

Another screening strategy is the integration of VS and HTS 
[75]. VS and HTS can be combined parallelly to screen the same 
chemical library and additively identify active hits for expanded the 
coverage of active chemical space. Parallel HTS and VS screening 
against such targets as tyrosine phosphatase-1B [76], cruzain [77], 
CDP-ME kinase [78] has identified substantially higher number of 
hits of distinct structures than each method alone, which suggests 
that combined HTS and VS complement each other in searching 
active compounds. HTS can also be combined sequentially with 
VS, with HTS as a post VS screening tool. In a sequential VS and 
HTS screening of 8.7 million compounds for ientifying hH4R bin-
ders, FlexX docking has been used for identifying 45,000 virtual 
hits which were then subject to a follow-up HTS that achieved a 
7.2% hit rate [79]. 

4. PERSPECTIVES 

VS methods have been adjusted for screening larger chemical 
libraries of ~ 1 million or more compounds, which have consis-
tently shown promising performances. Given rapid expansion of 
chemical libraries [9, 10, 80] and the further development of library 
generation tools [81], there is a need for further improving VS 
methods to meet the challenge for searching larger libraries at 
higher performance levels, and for the identification of novel drug 
leads. In addition to the further improvement of individual VS 
methods and exploration of consensus modelling strategy and the 
integration of VS and HTS strategy, the exploration of VS methods 
can be facilitated by mining actives and inactives from literatures 
[10]. VS methods and the subsequent lead identification can also be 
further complemented by adding off-target identification and side 
effect prediction [82, 83]. The efficiency and predictive perform-
ance of the off-target search methods as well as the VS methods 
need to be further improved to meet this challenge. 
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