
Conventional drug design embraces the “one gene, one drug, 
one disease” philosophy. Nowadays, new generation of an-
ticancer drugs, able to inhibit more than one pathway, is 
believed to play a major role in contemporary anticancer 
drug research. In this way, polypharmacology, focusing on 
multi-target drugs, has emerged as a new paradigm in drug 
discovery. A number of recent successful drugs have in part 
or in whole emerged from a structure-based research ap-
proach. Many advances including crystallography and in-
formatics are behind these successes. In this part II we will 
review the role and methodology of ligand-, structure- and 

fragment-based computer-aided drug design computer aid-
ed drug desing (CADD), virtual high throughput screening 
(vHTS), de novo drug design, fragment-based design and 
structure-based molecular docking, homology modeling, 
combinatorial chemistry and library design, pharmacophore 
model chemistry and informatics in modern drug discovery. 
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Computer-aided drug design uses computa-
tional chemistry to discover, enhance, or study 
drugs and related biologically active molecules. 
The most fundamental goal is to predict whether 
a given molecule will bind to a target and, if so, 
how strongly. Molecular mechanics or molecular 
dynamics (MD) are most often used to predict the 
conformation of the small molecule and to model 
conformational changes in the biological target 
that may occur when the small molecule binds 
to it. CADD has become an integral part of drug 
discovery and development efforts in the phar-
maceutical and biotechnology industry. QSAR 
techniques (Quantitative Structure Activity Rela-

tionship) have been used for this purpose for over 
50 years [1]. The modeling of protein flexibility 
requires computationally intensive MD simula-
tions. However, it is impractical to apply MD sim-
ulation to the whole structural proteome. 

In this second part we will review the role of 
CADD, vHTS, homology modeling, combinatorial 
chemistry, pharmacophore chemistry and infor-
matics in modern drug discovery. 

1. Computer aided drug design (CADD)

Ideally the computational method should be 
able to predict affinity before a compound is syn-
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thesized and hence in theory only one compound 
needs to be synthesized. The reality however is 
that, athough present computational methods 
have accelerated discovery of novel molecules by 
reducing the number of iterations required, they 
are still imperfect, and it still takes several itera-
tions of design, synthesis, and testing before an 
optimal molecule is discovered and provide at 
best only qualitatively accurate estimates of af-
finity.

One approach to CADD is to pre-filter the 
structural proteome to find the most likely cas-
es to apply MD. Xie et al have undertaken a hu-
man structural proteome wide ligand binding 
site comparison using previously developed al-
gorithms and added intensive binding free ener-
gy calculations, based on protein-ligand docking, 
MD simulation and MM/GBSA free energy cal-
culations [2]. Semi-empirical, ab initio quantum 
chemistry methods, or density functional theory 
are often used to provide optimized parameters 
for the molecular mechanics calculations and also 
provide an estimate of the electronic properties 
(electrostatic potential, polarizability, etc.) of the 
drug candidate that will influence binding affinity.

Molecular mechanics methods may also be 
used to provide semi-quantitative prediction of 
the binding affinity. Also, knowledge-based scor-
ing function may be used to provide binding af-
finity estimates. These methods use linear regres-
sion, machine learning, neural nets or other sta-
tistical techniques to derive predictive binding af-
finity equations by fitting experimental affinities 
to computationally derived interaction energies 
between the small molecule and the target [3].

Drug design with the help of computers may 
be used at any of the following stages of drug 
discovery: (1) hit identification using virtual 
screening (structure- or ligand-based design); (2) 
hit-to-lead optimization of affinity and selectivity 
(structure-based design, QSAR, etc.); and (3) lead 
optimization of other pharmaceutical properties 
while maintaining affinity (Figure 1 & 2).

1.1 In silico drug design 

In silico methods with the necessary bioin-
formatics tools can assist in the identification of 
drug targets, in analyzing target structures for 
possible binding/active sites, generating candi-
date molecules, checking for their drug likeness, 
docking these molecules with the target, ranking 
them according to their binding affinities, and fur-
ther optimizing the molecules to improve bind-
ing characteristics [4]. This is simplified with high 

performance computing and data management 
software. Multidisciplinary research teams us-
ing complementary experimental and informatics 
techniques increase the chances of success more 
quickly and at a lower cost [5]. Major roles of com-
putation in drug discovery are: (1) virtual screen-
ing & de novo design, (2) in silico ADME/T predic-
tion and (3) advanced methods for determining 
protein-ligand binding [6].

1.2 Computer-aided drug design (CADD) methods: Li-
gand-based & Structure-based 

Computational methods comprise virtual 
screening of available chemical databases and de 
novo drug design. The two approaches assist che-
mogenomics in vHTS by aiming to select a set of 
molecules that are predicted to exhibit a biolog-
ical activity on a given target. The estimation of 
the activity, usually by the mean of a score, is ad-
dressed by two major types of drug design. The 
first is referred to as ligand-based drug design and 
the second, structure-based drug design, depend-
ing on the data on known ligands and the avail-
ability of the 3D experimental structure of the 
target [7]. 

Ligand-based drug design (LBDD; indirect 
drug design) relies on knowledge of other mole-
cules that bind to the biological target of interest. 
A candidate ligand can then be compared to the 
pharmacophore model to determine whether it 
is compatible and likely to bind [8]. eHiTS LAS-
SO is a LBDD filter, an accurate fragment-based 
docking program for both virtual screening and 
binding pose prediction of ligands that uses the 
chemical features of a ligand surface to create a 
pseudo-pharmacophore for rapid screening of 
large databases. The eHiTS integrated Chemical 
Visualizer (CheVi) is an advanced visualization 
package that runs LASSO and is specifically de-
signed to help users analyze how ligands interact 
with receptors [9]. Alternatively, a QSAR can be 
used from which a correlation between calculated 
properties of molecules and their experimentally 
determined biological activity can be derived [10]. 

Structure-based drug design (SBDD; direct 
drug design) relies on knowledge of the 3D struc-
ture of the biological target obtained through 
methods such as x-ray crystallography or nucle-
ar magnetic resonance (NMR) spectroscopy [11]. 
SBDD virtual screening involves molecular dock-
ing of candidate ligands into a protein target fol-
lowed by applying a scoring function to estimate 
the likelihood that the ligand will bind to the 
protein with high affinity [12]. If an experimental 
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structure of a target is not available, it may be 
possible to create a homology model of the target 
based on the experimental structure of a related 
protein that is predicting affinity and selectivity 
using interactive graphics and scientist intuition 
or using automated computational procedures.

1.2.1 Data searching, “Building” Ligands and applica-
tion of quantum mechanics in SBDD

SBDD can be divided into database search-
ing and ligand formation. Database searching 
involves “finding” ligands for a given receptor 
by screening a large number of potential ligand 
molecules to find those fitting the binding pock-
et of the receptor. The key advantage of database 
searching is that it saves synthetic effort to obtain 
new lead compounds [13]. In “building” ligands 
method, ligand molecules are built up within the 
constraints of the binding pocket by assembling 
small pieces (atoms or molecular fragments) in a 
stepwise manner. The advantage of such a method 
is that novel structures not contained in any data-
base can be suggested [14].

For SBDD, several post-screening analysis 
methods focusing on protein-ligand interaction 
have been developed for mining potential can-
didates: (1) consensus scoring [15]: selecting 
candidates by multiple scoring functions which 
may lose the relationship between protein-ligand 
structural information and scoring criterion; (2) 
geometric analysis: comparing protein-ligand 
interactions by visually inspecting individual 
structures [16] and (3) cluster analysis; according 
to protein-ligand 3D information which needs 
meaningful representation of protein-ligand in-
teractions [17]. The crystal structure of a ligand 
bound to a protein provides a detailed insight into 
the interactions made between the protein and 
the ligand. Structure design can be used to iden-
tify where the ligand can be changed to modulate 
the physicochemical and ADME properties of the 
compound, by showing which parts of the com-
pound are important to affinity and which parts 
can be altered without affecting the binding. 

 The last decade has seen great advances in 
the use of quantum mechanics (QM) to solve bio-

Figure 1. Flow chart of rational designing and reverse designing plus in silico virtual high throughput screening 
techniques used in drug designing method. Flow begins from genes towards drugs with the aid of protein engi-
neering, bioinformatics and chemoinformatics (computational chemistry and modeling).
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logical problems of pharmaceutical relevance [18]. 
Linear scaling QM methods have been better used 
in academic environments as industrial applica-
tions are sometimes difficult to access. Recently, 
QuantumBio (http://www.quantumbioinc.com/) 
has bridged that gap through the development of 
several QM-based interaction profiling tools spe-
cifically tailored to the SBDD process [19]. When 
plugged into the Molecular Operating Environ-
ment (MOE, http://www.chemcomp.com/software.
htm), these tools – including scoring, pair-wise 
interaction energy decomposition, and QSAR – 
become better integrated in the field. Three ma-
jor MOE svl plugins have been developed: MOE/
QMScore, MOE/NMRScore, and MOE/QM-PWD. 
With these tools it is feasible to prepare any num-
ber of QM simulations using the MOE graphical 
user interface (GUI), execute the simulations in 
parallel using MOE’s message passing infrastruc-
ture, and finally import the results back into the 
MOE GUI for further analysis. These QM simula-
tions have been carried out for a series of protein 
kinase B inhibitors derived from fragment-based 
drug design (FBDD) and structure-based drug de-
sign (SBDD) [20]. Seven scoring functions were 
constructed based on a mixture of several quan-
tum-and molecular-mechanical methods. The op-
timal models obtained by statistical analysis of 
the aligned poses provide residue-based contri-
butions to the overall binding affinity, and these 
results are processed using both native MOE an-
alytical methodologies and customized widgets 
including the QM-PWD Interaction Energy (IE) 
Map, Structure activity relationship (SAR) Map, 
and results tables. The IE map highlights the 
most important residues for ligand binding, while 
the SAR Map highlights residues that are most 
critical to discriminating between more and less 
potent ligands. Taken together the IE and SAR 
Maps provide useful insights into drug design 
that would be difficult to garner in any other way 
[19,20].

1.2.2 Active site directed drug design - active site identi-
fication 

Active site identification analyzes a specific 
protein to find its binding pocket, finds key inter-
action sites within the pocket and then prepares 
the necessary data for ligand fragment link. The 
basic inputs for this step are the 3D structure of 
the protein, a pre-docked ligand in PDB format, 
as well as their atomic properties. Both ligand 
and protein atoms need to be classified and their 
atomic properties into four atomic types: hydro-

phobic, H-bond donor, H-bond acceptor and polar. 
The space inside the ligand binding region would 
be studied with virtual probe atoms of the four 
types above so the chemical environment of all 
spots in the ligand binding region can be known 
and correct chemical fragments can be used [21].

1.3 Fragment-Based Ligand Design

Extraction of fragments from molecules and 
their contributions to anticancer activity through 
inhibition of a number of target-proteins can 
lead to the design of new molecular entities de-
signed from those fragments [10]. Development 
into a lead structure can involve three possible 
scenarios: (1) to grow from these “needles” into 
the depths of the pocket; (2) merging multiple 
overlapping binders into a single potent lead; or 
(3) linking two or more fragments into one com-
pound with optimized potency [22]. These tasks 
can now be accomplished computationally with a 
novel software tool, LeadIT, which was primarily 
designed for mixed medicinal and computational 
chemistry teams [23]. 

Synthetically accessible compounds can be 
generated in seconds using fragment-based de-
sign by using an indexed 3D fragment library of 
fragments. When we want to plant “seeds” into 
different regions, we need a fragment or “build-
ing block” database to choose from. The combined 
method of “grow” and “link” is used in order to 
make the construction result more reliable. Al-
though the diversity of organic structures is in-
finite, the number of basic fragments is rather 
limited. Before the first fragment (seed) is put into 
the binding pocket, and other fragments can be 
added one by one, it is useful to identify potential 
problems. First, the possibility for the fragment 
combinations is enormous. A small perturbation 
of the previous fragment conformation would 
cause great difference in the following construc-

Figure 2. Typical sequence of lead optimization.
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tion process. At the same time, in order to find 
the lowest binding energy on the potential ener-
gy surface (PES) between planted fragments and 
receptor pocket, the scoring function calculation 
should be done for every step of conformation 
change of the fragments derived from every type 
of possible fragments combination. Since this re-
quires a large amount of computation, one may 
think using other possible strategies to let the 
program work more efficiently. When a ligand is 
inserted into the pocket site of a receptor, priority 
is given to these groups of the ligand that favor 
conformation to bind tightly. After the niche of 
the important blocks is constructed (“grow”), then 
a continuous ligand will be made in a manner that 
makes the rest part of the ligand having the lowest 
energy (“link”). This strategy effectively reduces 
calculation burden for fragment construction and 
reduces the possible combinations of fragments, 
which minimizes the number of possible ligands 
that can be derived from the program [14,24].

PASS algorithm estimates qualitative (yes/no) 
prediction of biological activity spectra for over 
4000 biological activities and, therefore, provides 
the basis for the preparation of a fragment library 
with positive biological activity corresponding 
to multiple criteria [25]. The algorithm has been 
validated using the fractions of intermolecular in-
teractions calculated for known inhibitors of nine 
enzymes extracted from the Protein Data Bank da-
tabase [26].

1.4 Lead “drug-like” compounds 

The phrase “drug-like” generally means mol-
ecules which contain functional groups and/or 
have properties consistent with the majority of 
known drugs. Lead structures are ligands that 
typically exhibit suboptimal target binding affin-
ity. Lead structures exhibit, on average, less mo-
lecular complexity (less molecular weight, less 
number of rings and rotatable bonds), are less hy-
drophobic (lower ClogP and LogD) and have lower 
polarizability when compared to drugs. Leads are 
useful for further study when they are “drug-like” 
and specifically when the have: (1) relatively sim-
ple chemical features, amenable for combinatori-
al and medicinal chemistry optimization efforts; 
(2) membership to a well-established SAR series, 
wherein compounds with similar structures ex-
hibit similar target binding affinity; (3) favorable 
patent situation; and (4) good ADME (absorption, 
distribution, metabolism and excretion) proper-
ties [27]. Leads discovered using virtual screen-
ing and de novo design methodologies need to be 

optimized to produce candidates with improved 
bioavailability and low toxicity. Studies have in-
dicated that poor pharmacokinetics and toxicity 
are the most important causes of high attrition 
rates in drug development and it has been widely 
accepted that these areas should be considered as 
early as possible in the drug discovery process, 
thus improving the efficiency and cost-effective-
ness of the industry [28]. 

1.4.1 In silico ADME/T prediction in the drug discovery 
process

Of all the attributes which determine a drug’s 
ultimate in vivo efficacy, physicochemical behav-
ior is perhaps the most fundamental. Historical-
ly, chemical synthetic efforts have been guided 
almost exclusively by SAR on intention to max-
imize interaction with a therapeutic target (e.g. 
receptor, enzyme). ADME information is critical 
in all phases of a fully integrated drug develop-
ment program. Moreover, as solubility, pKa, and 
lipophilicity are so integrally linked with chemi-
cal structure, physicochemical properties in some 
respects can be relatively predictably manipulat-
ed by chemical modifications [29]. 

Both logP and pKa are the primary deter-
minants of compound solubility and affect both 
gastrointestinal (GI) absorption and renal tubular 
re-absorption. Compounds with lipophilicity logP 
values between 0 and 3 or 4 (e.g. 0.5 to 2) are the 
most suitable candidates for passive transcellular 
absorption across intestinal epithelia and are like-
ly to undergo substantial renal tubular reabsorp-
tion (depending also on urine pH) [30]. The latter 
effect will tend to prolong t1/2, however the great-
er lipophilicity and minimal renal excretion will 
also render the compound more susceptible to 
metabolism.. In contrast, more hydrophilic com-
pounds with logP values less than 0 are likely to 
traverse the epithelium more slowly via paracel-
lular channels, although it should be appreciated 
that molecular size is also an important determi-
nant of transit through the narrow paracellular 
channels. Mathematical predictions based on a 
weighting of functional groups within a molecule 
have been performed with impressive accuracy 
[31]. 

Evaluation of drug-likeness involves pre-
diction of ADMET properties (or ADME-Tox, in-
corporating the potential or real toxicity of the 
compound) [32] and these predictions can be at-
tempted with various studies as (1) in vitro–in vivo 
using data obtained from tissue or recombinant 
material from human and pre-clinical species; 



1342

JBUON 2016; 21(6): 1342

(2) inter-species, in vivo-in vivo using data from 
pre-clinical species; and (3) in silico or compu-
tational predictions projecting in vitro or in vivo 
data. In silico prediction of drug-likeness at an 
early stage involves evaluation of various AD-
MET properties using computational approaches 
like QSAR or molecular modeling. Availability of 
large databases of drug or drug-like molecules 
provides useful information 

Elucidation of chemical-protein interactions 
(CPI) is also fundamental in target identification 
and drug discovery. It is time-consuming and cost-
ly to determine CPI experimentally, and computa-
tional methods will facilitate the determination of 
CPI [10]. As a result, the screening, design, and op-
timization of pharmacokinetic properties have be-
come the bottleneck and a major challenge in drug 
research. In order to focus in optimal molecules 
saving time, costs and reducing the high-attrition 
rates of active compounds, powerful biological, 
physicochemical, and computational approach-
es are used to incorporate structure-permeation, 
structure-distribution, structure-metabolism, 
and structure-toxicity relations into drug-design 
strategies [29].

1.4.1.1 Lipinski’s rule of five and improvements to the rule

Lipinski’s “rule of five” is a rule of thumb to 
evaluate druglikeness or determine if a chemical 
compound has optimal physico-chemical proper-
ties that would make it a likely orally active drug 
in humans. The rule was formulated by Lipinski 
et al., based on the observation that most med-
ication drugs are relatively small and lipophilic 
molecules [33,34]. 

The rule describes molecular properties im-
portant for a drug’s pharmacokinetics in the hu-
man body, including their absorption, distribu-
tion, metabolism, and excretion (“ADME”, with all 
parameter cut-off values containing “5”s). How-
ever, the rule does not predict if a compound is 
pharmacologically active. The rule is important 
for drug development where a pharmacological-
ly active lead structure is optimized step-wise for 
increased activity and selectivity, as well as drug-
like properties as described by Lipinski’s rule 
[35]. Poor absorption or permeation is more likely 
when a compound fails to fulfill or violates more 
than one of the following criteria: (1) Not more 
than 5 hydrogen bond donors (oxygen or nitrogen 
atoms with one or more hydrogen atoms); (2) Not 
more than 10 hydrogen bond acceptors (estimated 
by the sum of oxygen and nitrogen atoms); (3) A 
molecular mass less than 500 daltons; and (4) The 

compound’s lipophilicity logP not greater than 5 
(or MLogP lower than 4.15) 

The rule is useful but it has some limitations 
and there are many exceptions such as compound 
classes that are substrates for biological trans-
porters and natural products: antibiotics; fun-
gicides-protozoacides-antiseptics; vitamins and 
cardiac glycosides. It is too naive to detect all 
patterns of drugs. To evaluate druglikeness bet-
ter, the rules have spawned many extensions [36]: 
(1) Partition coefficient logP in −0.4 to +5.6 range; 
(2) Molar refractivity from 40 to 130; (3) Molecu-
lar weight from 160 to 500; (4) Number of atoms 
from 20 to 70 (includes H-bond donors [e.g. OH’s 
and NH’s] and H-bond acceptors [e.g. N’s and O’s]); 
and (5) Polar surface area no greater than 140 Ǻ2. 
Further investigations by scientists extend profil-
ing tools to lead-like properties of compounds in 
the hope that a better starting point in early dis-
covery can save time and cost. The ASDI website 
(http://www.frontierssi.com/), now allows using 
Rule-of-5 and other properties to rapidly identify 
compounds that may be more desirable.

A deeper understanding of the relationships 
between important ADME parameters and mo-
lecular structure and properties is needed to de-
velop better in silico models to predict ADMET 
properties. ADME properties evaluated using in 
silico models are: intestinal permeability, aqueous 
solubility, human intestinal absorption, human 
oral bioavailability, active transport, efflux by 
P-glycoprotein, blood-brain barrier permeation, 
plasma protein binding, metabolic stability, inter-
actions with cytochrome P450s and toxicity. To 
calculate the ADMET properties various pharma-
ceutical, biotech or software companies and some 
academic research laboratories have launched 
their software products like: C2-ADME (www.ac-
celrys.com), TOPKAT (www.accelrys.com), CLOGP 
(www.biobyte.com), DrugMatrix (www.iconix-
pharm.com), AbSolv (www.sirius-analytical.com), 
Bioprint (www.cerep.fr), GastroPlus (www.simula-
tions-plus.com). 

1.4.1.2 Physiologically-based pharmacokinetic (PBPK) 
modeling and pharmacokinetics (PK) prediction software

PBPK modeling is a mathematical modeling 
technique for predicting the ADME of synthetic 
or natural chemical substances in humans and 
pre-clinical animals. It provides a powerful means 
of integrating ADME and physicochemical screen 
data –either in vitro or in silico- to predict in vivo 
PK [37]. The determination of physicochemical 
and ADME properties during early drug discov-
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ery (“early ADME data”’) enables PK prediction to 
be performed at any stage from lead identification 
onwards. Sensitivity analysis - in which the effect 
of uncertainty in an input property on the value of 
an output (predicted) property is quantified - is a 
powerful tool for informing, and helping to direct 
- chemistry during lead optimization [38]. 

The investigation of various aspects of PK 
prediction may be feasible with the employment 
of Cloe® PK and Cloe Predict® Human Intestinal 
Absorption (HIA) software (https://www.cloegate-
way.com/). Cloe® PK is a physiologically based 
pharmacokinetic model for prediction of the PK of 
a compound in rat, mouse or humans using sim-
ple physicochemical and in vitro ADME data. Cloe 
Predict® HIA software assesses a compound’s po-
tential as an oral therapy by predicting absorption 
from the human GI tract, using Caco-2 permeabil-
ity data and simple physicochemical properties. 
AcslX (http://www.acslx.com/solutions/pharma-
ceutical.shtml) is a powerful and flexible model-
ing tool that provides ability to perform classical 
PBPK and PD modeling at each stage of the drug 
development process and predicts drug dispersion 
and residual drug levels for toxicity and therapeu-
tic threshold analysis. The future aim is to use 
univariate and multivariate sensitivity analyses 
as an aid to direct chemistry optimization.

2. Virtual high throughput screening 
(vHTS)

As previously mentioned, the major break-
through in lead identification in the recent years 
occurred with the availability of fast and cheap 
computers on one hand and commercially avail-
able databases of compounds such as the public 
database GDB-13 which contains 970 million of 
drug-like molecules [39]. This resulted in virtu-
al screening technologies using high throughput 
docking, homology searching and pharmacophore 
searches of 3D databases. The routes for the virtu-
al screening (VS) go back to the SBDD & molecu-
lar modeling and this is perhaps the cheapest way 
to identify a lead and several cases have already 
proven successful using this technology [40]. 

Although combinatorial chemistry and HTS 
have offered medicinal chemists a much broader 
range of possibilities for lead discovery and op-
timization, the number of chemical compounds 
that can be reasonably synthesized (“virtual 
chemistry space”), is still far beyond today’s ca-
pability of chemical synthesis and biological as-
say. The basic goal of the vHTS is the reduction 
of the enormous virtual chemical space of small 

organic molecules, screen against a specific target 
protein, and to synthesize a manageable number 
of compounds [41]. Informatics in chemistry de-
velop and utilize various computer programs to 
evaluate a very large number of chemical com-
pounds and recommend the most promising ones 
for bench medicinal chemists collectively known 
as “chemical database searching” [42].

Specific binding interactions are central to 
many biological processes and pathways. Simi-
larly, most drugs act by binding specifically to a 
site on a target protein, thereby modulating pro-
tein activity. Over the past fifteen years, in paral-
lel with the exponential increase in the number 
of available high-resolution protein structures, 
many computer-based VS and docking methods 
have emerged to manage large data of thousands 
of bioactive compounds (“hits”) [40]. Collective-
ly, vHTS methods include VS, de novo design and 
fragment based discovery. 

2.1. Virtual screening (VS)

This approach refers to computational screen-
ing of large libraries of chemicals for compounds 
that complement targets of known structure which 
could be tested experimentally. Since the virtual 
screening takes place in the 3D active site of the 
target it is also known as “structure-based virtual 
screening” [43]. VS has become an integral part of 
the drug discovery process. Walters, et al. define 
VS as “automatically evaluating very large librar-
ies of compounds” using computer programs [42]. 
Although filtering the entire chemical universe 
might sound fascinating, more practical VS sce-
narios focus on designing and optimizing target-
ed combinatorial libraries and enriching libraries 
of available compounds from in-house compound 
repositories or vendor offerings.

The aim of VS is to identify molecules of nov-
el chemical structure that bind to the macromo-
lecular target of interest. Thus, success of a VS is 
defined in terms of finding interesting new scaf-
folds. Interpretations of VS accuracy should there-
fore be considered with caution. “Low hit rates” of 
interesting scaffolds are preferable over “high hit 
rates” of already known scaffolds.

Most VS studies in the literature are retro-
spective. In these studies, the performance of a VS 
technique is measured by its ability to retrieve a 
small set of previously known molecules with af-
finity to the target of interest (“active molecules” 
or just “actives”) from a library containing a much 
higher proportion of assumed inactive or decoys. 
By contrast, in prospective applications of VS, 

https://www.cloegateway.com/
https://www.cloegateway.com/
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the resulting hits are subjected to experimental 
confirmation (e.g., IC50 measurements). There is 
consensus that retrospective benchmarks are not 
good predictors of prospective performance and 
consequently only prospective studies constitute 
conclusive proof of the suitability of a technique 
for a particular target [44,45]. 

A large number of computational methods 
exists for VS methods; ligand-based and struc-
ture-based techniques (detailed under comput-
er-aided drug design (CADD) in Part I published 
by J BUON) but which one is chosen depends on 
the information available and the task. Another 
approach to ligand-based VS is to use 2D chemi-
cal similarity analysis methods to scan a database 
of molecules against one or more active ligand 
structure [46]. Nevertheless, the VS of thousands 
of compounds is still time-consuming even with 
high-throughput methods. Alternative approach-
es as de novo drug design use search strategies to 
efficiently explore the chemical space.

2.2. De novo drug design 

De novo design is a complementary strategy 
for inhibitor discovery. By using the structural 
features present within the protein only, new in-
hibitor designs can be built-up sequentially ac-
cording to the requirements of the targeted bind-
ing site [14]. Therefore, de novo design is an im-
portant technique to use in parallel with vHTS in 
a particular hit identification campaign, as a good 
de novo design program will examine structural 
spaces larger by many orders of magnitude than 
that of most virtual libraries currently used for 
this purpose (Figure 1&2). Contrary to VSs used 
to mine in-house and commercial collections, de 
novo design can create molecules that do not exist 
in known compound databases [47]. 

De novo design methods are automated com-
putational procedures that build molecules by 
using atoms or fragments with the aim that the 
resulting molecular structures would fit specified 
property constraints. They allow the exploration 
of the theoretically available chemical space, a 
space larger than that can be enumerated by syn-
thesis or even by computer [48]. De novo design 
attempts to use the unliganded structure of the 
protein to generate novel chemical structure that 
can bind. There are varying algorithms, most of 
which depend on identifying initial putative sites 
of interaction that are grown into complete li-
gands. The de novo molecular design computer 
program SPROUT, and the vHTS program eHiTS 
have both been applied to a number of therapeu-

tically attractive enzyme targets and have rapidly 
identified inhibitors in the micromolar range or 
better [49].

2.3. Fragment based discovery

Fragment based discovery is based on the 
premise that most ligands that bind strongly to 
a protein active site can be considered as a num-
ber of smaller fragments or functionalities. Frag-
ments are identified by screening a relatively 
small library of molecule (400-20,000) by X-ray 
crystallography and NMR spectroscopy. These 
structures of the fragment binding to the protein 
can be used to design new ligands by adding func-
tionality to the fragments or by incorporating fea-
tures of the fragment onto existing ligands [22]. 

2.4. Shape and electrostatics in virtual screening and 
lead hopping

A popular approach to ligand-based VS is 
based on searching molecules with similar shape 
to that of known actives, as such molecules will 
fit the target’s binding site and will be likely to 
bind the target. There are a number of prospective 
applications of this class of techniques in the lit-
erature [45]. Similar approaches may be utilized 
for two different purposes: ROCS for shape-based 
virtual screening and lead-hopping (http://www.
eyesopen.com/rocs) and BROOD for lead-hopping 
and bioisostere identification using shape and 
electrostatics (http://www.eyesopen.com/brood). 

ROCS is a powerful fast shape virtual screen-
ing tool, based on the idea that molecules have 
similar shape if their volumes overlay well and 
any volume mismatch is a measure of dissimi-
larity. It can rapidly identify potentially active 
compounds with a similar shape to a known lead 
compound and uses a smooth Gaussian function 
to represent the molecular volume, so it is pos-
sible to minimize to the best global match [50]. 
With ROCS it is feasible to search in shape space, 
using shape in VS and the visual query editor 
vROCS. The vROCS editor can be used to generate 
queries for VS or lead-hopping experiments. Us-
ing vROCS it is possible to merge multiple mole-
cules into a single query, edit molecules in a way 
that separates the structure of a molecule from 
the idea of a query, and validate the queries that 
class members generate in retrospective virtual 
screens. With robust statistical methods this can 
be applied to VS experiments in order to compare 
generated queries and enabling to choose the best 
query for prospective experiments [51]. 
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BROOD is a software application designed to 
help project teams in drug discovery to explore 
chemical and property space around their hit or 
lead molecule. BROOD fragment searching has 
multiple applications, including lead-hopping, 
side-chain enumeration, patent breaking, fragment 
merging, property manipulation, and patent protec-
tion by SAR expansion. BROOD generates analogs 
of the lead by replacing selected fragments in the 
molecule with fragments that have similar shape 
and electrostatics with selectively modified molec-
ular properties. BROOD’s Graphical User Interface 
(GUI) may be used to generate an isostere replace-
ment query and to run that query against a large 
pre-generated database of fragments. BROOD frag-
ment searching has multiple applications, includ-
ing lead-hopping, side-chain enumeration, patent 
breaking, fragment merging, property manipula-
tion, and patent protection by SAR expansion [52].

2.5. Structure-focused pharmacophores

VS using 3D pharmacophores has been es-
tablished as an important and commonly used 
technique for VS in recent years. Pharmacoph-
ore-based drug design process includes pharma-
cophore modeling and validation; pharmacoph-
ore-based VS, virtual hits profiling and lead iden-
tification. Strategies and proven methodologies 
for pharmacophore modeling include common 
feature and 3D QSAR based pharmacophore gen-
eration as well as structure-based pharmacoph-
ore development. Pharmacophore related CADD 
techniques can be classified into two categories: 
(1) structure-based pharmacophore approaches; 
and (2) ligand-based pharmacophore approaches 
[53]. The phramacophore-based approach can be 
accomplished with the employment of software 
tool such as LigandScout [54] (http://www.inteli-
gand.com/ligandscout/), which allows for rapid 
and transparent development of high-quality 3D 
pharmacophores and provides intuitive phar-
macophore overlay and interpolation workflows 
based on a robust and fast chemical-feature-based 
alignment algorithm. The underlying methods 
are based on several years of experience in phar-
macophore creation [55]. The full-featured 3D 
graphical user interface makes the exploration of 
the active site and pharmacophore creation with-
in the protein-ligand complex user-friendly and 
transparent. Binding site analysis, pharmacoph-
ore-based alignment and the creation of shared 
feature models are designed to make the drug dis-
covery workflow more efficient. Model validation 
and predictivity assessment will include Receiver 

Operating Characteristic (ROC) curves and enrich-
ment analyses [56].

2.6. Databases and compound libraries

It is vital that we access new compounds as 
quickly as possible. A “compound library” is a col-
lection of compounds, just as we use ‘library’ for a 
collection of books. New compounds may also be 
made “in-house” but nowadays specialist chemi-
cal companies are often contracted to simply make 
new chemical entities (NCEs) for big pharmaceu-
tical companies. VS is used for selecting poten-
tially active compounds from databases of com-
pounds available either in-house or from a ven-
dor. Because VS is not accurate enough to identify 
only active compounds as hits, it is less risky to 
screen databases with existing compounds rather 
than synthesize a new library. Nevertheless, virtu-
al libraries that can be synthesized through com-
binatorial chemistry and/or rapid analoging can 
easily be generated using in silico methods. These 
libraries are more often generated for lead optimi-
zation and synthesis prioritization [57,58]. 

Among all possible libraries, natural product 
collections arguably represent the highest de-
gree of chemical diversity. Natural products are 
often extolled as sources of drug leads, however, 
frequently occurring natural product motifs are 
seldom found in drugs. Therefore, although diver-
sity is critical, it is highly desirable to design a 
focused virtual library that contains synthesizable 
and drug-like compounds rather than one that 
maximally samples diversity space [42].

The applications of databases include in silico 
drug target discovery, drug design, drug docking 
or screening, drug metabolism prediction, drug 
interaction prediction, and general pharmaceuti-
cal education. Among the most frequently used 
databases in drug discovery process are: Drug-
Bank (http://www.drugbank.ca/) is a freely avail-
able web-enable unique bioinformatics/chemo-
informatics resource that combines detailed 
drug data with comprehensive drug target and 
drug-action information. It is fully searchable, 
and its applications include in silico drug target 
discovery, drug design, drug docking or screen-
ing, drug metabolism prediction, drug interac-
tion prediction and general pharmaceutical edu-
cation [59]; The Pharmacogenomics Knowledge 
Base (PharmGKB; http://www.pharmgkb.org/) is 
a database that includes literature annotations, 
primary data sets, PK and PD pathways, and ex-
pert-generated summaries of PK/PD relationships 
between drugs, diseases/phenotypes and genes 
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thus defining drug associated genes [60]; Protein 
Interaction Network Analysis (PINA; http://cbg.
garvan.unsw.edu.au/pina/) is an integrated platform 
of protein-protein interaction (PPI) data extracted 
from six public databases: IntAct, MINT, BioGRID, 
DIP, HPRD and MIPS MPact. PINA includes self-in-
teractions, the interactions by prediction methods 
and the interactions between human proteins and 
proteins from other species [61]; Two commercial 
databases, WOMBAT (version 2009) and WOM-
BAT-PK (version 2008) [62]; Comprehensive Medic-
inal Chemistry (CMC) [63]; UniProt ID mapping tool 
(http://www.uniprot.org/) and Entrez GENE info file 
(ftp://ftp.ncbi.nih.gov/gene/DATA/GENE_INFO/); 
The PubChem bioassay of the the National Center 
for Biotechnology Information (http://www.ncbi.
nlm.nih.gov/pcassay); ZINC (http://zinc.docking.
org/choose.shtml); ACD and Cambridge Crystal-
lographic Database [64]; ChemBridge compounds 
(http://www.chembridge.com/); National Library of 
Medicine’s ChemIDplus (http://chem.sis.nlm.nih.
gov/chemidplus/); Chemical Abstracts Service (CAS; 
https://www.cas.org/) and Organic Synthesis data-
bases (http://www.orgsyn.org/); JCHEM.INFO, free 
database on organic and inorganic chemicals and 
compound physical data; ChemSpider (http://www.
chemspider.com/) with free access to > 10 million 
chemical structures, physical property data and 
systematic identifiers; Maybridge Screening collec-
tion consists of over 56,000 individually designed 
organic compounds, produced by innovative syn-
thetic techniques ((http://www.maybridge.com/); 
MACCS-II Drug Data Report (MDDR) [65]; World 
Drug Index (WDI by ThomsonReuters.com), a com-
puterized database of about 50000 drugs.

From the above databases, drug related in-
formation can be extracted and all the data may 
be organized into the open source MySQL rela-
tional database management system to facilitate 
cross-database searching (Structured Query Lan-
guage; by Oracle, USA; http://www.mysql.com/). 
Each data set can be managed in the MySQL da-
tabase as tables that store specific information, 
whereas keys (e.g., DrugBank_ID, GeneBank ID 
and PharmGKB_ID) may be extensively used for 
relational linking. The combinatorial data query 
and data processing can be implemented in PHP 
on drug-target interactome (DTome) server and 
the system interface can be implemented using 
HTML and Javascript.

2.7. Structure based molecular docking 

Once molecules have been designed for im-
proved drug activity they must be tested. The first 

round of testing is in the computer. The most 
heavily used tool for this testing is molecular 
docking which is a virtual screening method that 
uses geometrical matching to dock small mole-
cules to the target site 3D structure followed by 
the analysis of binding feasibility by consider-
ation of chemical complementary and molecular 
interaction energies. De novo design of small mol-
ecules is clearly becoming a valuable and integral 
part of the drug discovery, and the results on suc-
cessful generation of leads from structure-based 
drug design (SBDD) and medicinal chemistry ef-
forts are emerging [66]. 

Docking is an automated computer algorithm 
that determines how a compound will bind in the 
active site of a protein. Docking programs capture 
all of the energy contributions that are used in 
molecular mechanics and some have the ability 
to allow for solvation, induced fit, entropy correc-
tions and maybe even inhibitors being covalently 
bound to the active site. The docking results show 
the optimal molecular position in the active site, 
and report a quantitative binding energy. High 
throughput screening docking and scoring tech-
niques can be applied to computationally screen-
ing a database of hundreds of thousands or even 
millions of compounds against a number of target 
proteins. Computational methods that predict the 
3D structure of a protein ligand complex are often 
referred to as “molecular docking approaches” and 
have become a crucial component of many drug 
discovery programs, from hit identification to lead 
optimization and beyond, and approaches such as 
ligand or structure-based virtual screening tech-
niques are widely used (Figures 3-6) [67,68]. 

Figure 3. A simulation of in silico molecular docking 
of genistein, in Bcr-Abl fusion protein tyrosine kinase. 
The complex is illustrated with genistein bound in 
proper binding cavity of the enzyme. Helices are illus-
trated as cartoon colored by chain bow (the final struc-
ture was ray-traced) (Authors’ unpublished data).
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2.7.1. The docking problem

Docking is a method which predicts the pre-
ferred orientation of one molecule to a second 
when bound to each other to form a stable com-
plex. Knowledge of the preferred orientation in 
turn may be used to predict the strength of asso-
ciation or binding affinity between two molecules 
using for example scoring functions. Docking is 
used to predict the binding orientation of small 
molecule drug candidates to their protein targets 
in order to predict the affinity and activity of the 
small molecule. The search for the global mini-
mum or the complete set of low energy minima 
on the free energy surface when two molecules 
come in contact is commonly referred to as the 
“docking problem” [69]. Any useful molecular 

docking program must be computationally effi-
cient in determining the most favorable binding 
mode, sufficiently sensitive in its scoring function 
to discriminate between alternate binding modes 
and the correct mode, and robust enough to allow 
various ligand-receptor systems to be studied. 
The associations between biologically relevant 
molecules such as proteins, nucleic acids, carbo-
hydrates, and lipids play a central role in signal 
transduction. Furthermore, the relative orienta-
tion of the two interacting partners may affect the 
type of signal produced (e.g., agonism vs antag-
onism). Therefore, docking may predict both the 
strength and type of signal produced. 

Molecular docking can be thought of as an op-
timization problem of “lock-and-key” or “best-fit” 
or “hand-glove”, where one is interested in find-
ing the correct relative orientation of the “key” 
(ligand) which will open up the “lock” (protein). 
During the course of the process, the ligand and 
the protein adjust their conformation to achieve 
an overall “best-fit” and this kind of conforma-
tional adjustments resulting in the overall bind-
ing is referred to as “induced-fit” [70]. The aim 
of molecular docking is to achieve an optimized 
conformation for both the protein and ligand and 
relative orientation between protein and ligand 
such that the free energy of the overall system 
is minimized. This includes determining the ori-
entation of the compound, its conformational ge-
ometry, and the scoring. By using the knowledge 
gained from the docking study, fewer compounds 
need be synthesized and assayed, and a higher 
percentage of compounds assayed are found to be 
active. Hence docking plays an important role in 
the rational design of drugs [71]. 

2.7.2. Small molecules docked to a protein

However, the identification of molecular 
features being responsible for specific biologi-
cal recognition, or the prediction of compound 
modifications that improve potency, are complex 
issues that are often difficult to understand and 
- even more so - to simulate on a computer. In 
view of these challenges, docking is generally 
devised as a multi-step process in which each 
step introduces one or more additional degrees of 
complexity. The process begins with the applica-
tion of docking algorithms that pose small mol-
ecules in the active site [72]. This is challenging, 
as even relatively simple organic molecules can 
contain many conformational degrees of free-
dom. Sampling these degrees of freedom must 
be performed with sufficient accuracy to identify 

Figure 4. Molecular docking of novel hydroxamic acid 
compounds 5ii and 5iv on target 1t64 (HDAC8, histone 
deacetylase 8) with its inhibitor TSA. Ligand binding 
cavity of the target protein is represented as a solid 
surface colored by chain bow, while superimposed 
bound molecules are shown in stick representation and 
colored by atom type: 5ii, cyan; 5iv, purple; TSA, hot-
pink) (a). Binding interactions (yellow dashed lines) 
between 5ii, 5iv and TSA molecules (coloring same as 
in (a)) and the amino acid residues of the binding site 
of HDAC protein (helices are illustrated as semi-trans-
parent cartoon colored by chain) (b). Both images were 
ray-traced (Authors’ unpublished data).
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the conformation that best matches the receptor 
structure, and must be fast enough to permit the 
evaluation of thousands of compounds in a given 
docking run. Algorithms are complemented by 
scoring functions that are designed to predict the 
biological activity through the evaluation of in-
teractions between compounds and potential tar-
gets.  Pre-selected conformers are often further 
evaluated using more complex scoring schemes 
with more detailed treatment of electrostatic and 
van der Waals interactions, and inclusion of at 
least some solvation or entropic effects [68]. It 
should also be noted that ligand-binding events 
are driven by a combination of enthalpic and en-
tropic effects, and that either entropy or enthal-
py can dominate specific interactions. This often 
presents a conceptual problem for contemporary 
scoring functions (discussed below), because 
most of them are much more focused on captur-
ing energetic than entropic effects. 

In addition to problems associated with scor-
ing of compound conformations, other complica-
tions exist that make it challenging to accurately 
predict binding conformations and compound ac-
tivity. These include, among others, limited reso-
lution of crystallographic targets, inherent flexi-
bility, induced fit or other conformational changes 
that occur on binding, and the participation of 
water molecules in protein-ligand interactions. 
Without doubt, the docking process is scientifical-
ly complex. 

2.7.3 Solving the “docking problem”. Shape complemen-
tarity and Simulation

There have been many approaches to the solu-
tion of the “docking problem” over the last years. 
For example, some methods rely on complex mo-
lecular dynamics simulations while others use 
less costly graph matching approaches. There is 
generally a compromise between speed and accu-
racy, with some methods giving much more infor-
mation and insight into the nature of the protein/
ligand interactions and other methods optimized 
for speed of docking thousands of putative li-
gands. One approach uses a matching technique 
that describes the protein and the ligand as com-
plementary surfaces [73]. The second approach 
simulates the actual docking process in which the 
ligand-protein pair-wise interaction energies are 
calculated [74]. Both approaches have significant 
advantages as well as some limitations.

Geometric matching/ shape complementarity 
methods describe the protein and ligand as a set 
of features that make them dockable [43]. The re-
ceptor’s molecular surface is described in terms 
of its solvent-accessible surface area and the li-
gand’s molecular surface is described in terms of 
its matching surface description. The complemen-
tarity between the two surfaces amounts to the 
shape matching description that may help finding 
the complementary pose of docking the target 
and the ligand molecules. Other complementary 

Figure 5. Ret tyrosine kinase protein target (PDB ID 2ivu) bound with Crocus Sativus L. constituents, crocin 
(CRC, green C atoms), crocetin (CRT, yellow C atoms), dimethylcrocetin (DMCRT, orange C atoms), picrocrocin 
(PCRC, blue C atoms), safranal (SFR, light pink C atoms) and the flavonoid compounds quercetin (QUR, cyan C 
atoms) and flavone (FLV, white C atoms), after docking simulation into the ligand binding pocket of ret TK target 
protein. In the protein (either depicted as cartoon or semi-transparent surface colored in chain bow or chain, 
respectively), is already bound the Ret TK inhibitor ZD6474 (magenta C atoms). Both images were ray-traced 
(Authors’ unpublished data).
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approaches are to describe the hydrophobic fea-
tures of the protein using turns in the main-chain 
atoms or to use a Fourier shape descriptor tech-
nique [75]. Shape complementarity methods can 
quickly scan through several thousand ligands 
in a matter of seconds and actually figure out 
whether they can bind at the protein’s active site, 
and are usually scalable to even protein-protein 
interactions. They are also much more amenable 
to pharmacophore-based approaches, since they 
use geometric descriptions of the ligands to find 
optimal binding. Whereas the shape-complemen-
tarity-based approaches are typically fast and ro-
bust, they cannot usually model the movements 
or dynamic changes in the ligand/protein confor-
mations accurately.

The simulation of the docking process as such 
is a much more complicated process. In this ap-
proach, the protein and the ligand are separated 
by some physical distance, and the ligand finds 
its position into the protein’s active site after a 
certain number of “moves” in its conformational 
space. The moves incorporate rigid body trans-
formations such as translations and rotations, as 
well as internal changes to the ligand’s structure 
including torsion angle rotations. Each of these 
moves in the conformation space of the ligand 
induces a total energetic cost of the system, and 
hence after every move the total energy of the 
system is calculated [76]. The obvious advantage 
of the method is that it is more amenable to incor-
porate ligand flexibility into its modeling where-
as shape complementarity techniques have to use 

some ingenious methods to incorporate flexibility 
in ligands. and that the process is physically closer 
to what happens in reality, when the protein and 
ligand approach each other after molecular recog-
nition. A clear disadvantage of this technique is 
that it takes longer time to evaluate the optimal 
pose of binding since they have to explore a rather 
large energy landscape. However, grid-based tech-
niques as well as fast optimization methods have 
significantly ameliorated these problems. 

2.7.4. Mechanics of docking: Searching the conforma-
tional space for docking

To perform a docking screen, the first require-
ment is a structure of the protein of interest. Usu-
ally the structure has been determined using a 
biophysical technique such as x-ray crystallogra-
phy, or less often, NMR spectroscopy. This protein 
structure and a database of potential ligands serve 
as inputs to a docking program. The success of 
a docking program depends on two components: 
the search algorithm and the scoring function.

The search space in theory consists of all pos-
sible orientations and conformations of the pro-
tein paired with the ligand. However, in practice 
with current computational resources, it is im-
possible to exhaustively explore the search space 
and all possible distortions of conformation. Most 
docking programs in use account for a flexible li-
gand, and several attempt to model a flexible pro-
tein receptor. Each “snapshot” of the pair is re-
ferred to as a “pose”. A variety of conformational 

Figure 6. Molecular docking pose of safranal (SFR) (rendered in hotpink C atoms) on human Coagulation Factor 
IΧa in complex with PBZ (P-amino benzamidine) & TBU (tertiary-butyl alcohol) (PDB ID Nr: 1RFN) (blue and red 
C atoms, respectively) (a), crocetin (CRT) (rendered in white C atom spheres) docked into Glycogen Phosphorylase 
B (PDB ID 1GPB) already bound with its inhibitor PLP999 (rendered in blue C atom spheres) (target protein is 
illustrated as solid (a) or semitransparent (b) surface along with cartoon representation and colored by chainbow 
and chain, respectively) (Authors’ unpublished data).
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search strategies have been applied to the ligand 
and to the receptor. These include: (1) systematic 
or stochastic torsional searches about rotatable 
bonds; (2) molecular dynamics simulations; and 
(3) genetic algorithms to “evolve” new low ener-
gy conformations [77]. Posing is the process of 
determining whether a given conformation and 
orientation of a ligand fits the active site. This is 
usually a fuzzy procedure that returns many alter-
native results. 

2.7.5. Ligand and receptor flexibility

Conformations of the ligand may be generat-
ed in the absence of the receptor and subsequent-
ly docked or conformations may be generated 
on-the-fly in the presence of the receptor binding 
cavity [78], or with full rotational flexibility of 
every dihedral angle using fragment-based dock-
ing (eHiTS) [9]. Force field energy evaluations are 
most often used to select energetically reason-
able conformations but knowledge-based meth-
ods have also been used [79]. Dealing with recep-
tor flexibility in docking methodologies is still a 
thorny issue. The main reason behind this difficul-
ty is the large number of degrees of freedom that 
have to be considered in this kind of calculations. 
Neglecting it, however, leads to poor docking re-
sults in terms of binding pose prediction. Multi-
ple static structures experimentally determined 
for the same protein in different conformations 
[80] or rotamer libraries of amino acid side chains 
that surround the binding cavity may be searched 
to generate alternate but energetically reasonable 
protein conformations [81]. 

2.7.6. Scoring function: Posing and ranking

Both posing and ranking involve scoring [72]. 
The pose score is often a rough measure of the 
fit of a ligand into the active site. The rank score 
is generally more complex and might attempt to 
estimate binding energies. The scoring function 
takes a pose as input and returns a number indi-
cating the likelihood that the pose represents a 
favorable binding interaction [77]. Most scoring 
functions are physics-based molecular mechanics 
force fields that estimate the energy of the pose; 
a low (negative) energy indicates a stable system 
and thus a likely binding interaction. 

An alternative approach is to derive a statis-
tical potential for interactions from a large data-
base of protein-ligand complexes, such as the Pro-
tein Data Bank, and evaluate the fit of the pose 
according to this inferred potential. Scoring func-

tions trained with this data can dock high affinity 
ligands correctly, but they will also give plausible 
docked conformations for ligands that do not bind. 
This gives a large number of false positive hits (li-
gands predicted to bind to the protein that actual-
ly do not). One way to reduce the number of false 
positives is to recalculate the energy of the top 
scoring poses using (potentially) more accurate 
but computationally more intensive techniques 
such as Generalized Born or Poisson-Boltzmann 
methods [74]. One early method was developed by 
Böhm [82] and used the Gibbs free energy equa-
tion to develop a general-purposed empirical scor-
ing function in order to describe the binding ener-
gy. The following “Master Equation” was derived: 
∆Gbind = - RT ln Kd, Kd = [Receptor][Acceptor]/
[Complex], ∆Gbind = ∆Gdesolvation + ∆Gmotion + 
∆Gconfiguration + ∆Ginteraction, where: desolva-
tion – enthalpic penalty for removing the ligand 
from solvent, motion – entropic penalty for reduc-
ing the degrees of freedom when a ligand binds to 
its receptor, configuration – conformational strain 
energy required to put the ligand in its “active” 
conformation and interaction – enthalpic gain for 
“resolvating” the ligand with its receptor.

Various computational methods are used to 
estimate each of the components of the master 
equation. For example, the change in polar sur-
face area upon ligand binding can be used to es-
timate the desolation energy and the number of 
rotatable bonds frozen upon ligand binding is pro-
portional to the motion term. The configurational 
or strain energy can be estimated using molec-
ular mechanics calculations. Finally, the interac-
tion energy can be estimated using methods such 
as the change in non-polar surface, statistically 
derived potentials of mean force, the number of 
hydrogen bonds formed, etc. In practice, the com-
ponents of the master equation are fit to experi-
mental data using multiple linear regression. This 
can be done with a diverse training set including 
many types of ligands and receptors to produce a 
less accurate but more general (“global”) model or 
a more restricted set of ligands and receptors to 
produce a more accurate but less general (“local”) 
model [77,83]. Ranking is a more advanced pro-
cess than pose scoring, that typically takes several 
results from an initial scoring phase and re-eval-
uates them [72]. This process usually attempts to 
estimate the free energy of binding as accurately 
as possible. Although the posing phase might use 
simple energy calculations (electrostatic and van 
der Waals), ranking procedures typically involve 
more elaborate calculations (perhaps including 
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properties such as entropy or explicit solvation). 

2.8. Docking applications

A binding interaction between a small mol-
ecule ligand and an enzyme protein may result 
in activation or inhibition of the enzyme. If the 
protein is a receptor, ligand binding may result 
in agonism or antagonism. Docking the field of 
drug design may be applied to: (1) hit identifi-
cation (see virtual screening); (2) lead optimiza-
tion - to predict in where and in which relative 
orientation a ligand binds to a protein (“binding 
mode” or “pose”) and (3) Bioremediation - to pre-
dict pollutants that can be degraded by enzymes 
[84]. Flexible ligand-search methods include: (1) 
Random/stochastic, implemented in the follow-
ing programs: AutoDock (MC), MOE-Dock (MC, 
TS), GOLD (GA), PRO_LEADS (TS); (2) Systematic, 
implemented in: DOCK (incremental), FlexX (in-
cremental), Glide (incremental), Hammerhead (in-
cremental), FLOG (database); and (3) Simulation, 
implemented in: DOCK, Glide, MOE-Dock, Aut-
oDock and Hammerhead. There are a lot of pop-
ular molecular docking software programs [85]. A 
list of established docking software programs and 
de novo design tools is depicted in Table 1.

3. Homology modeling 

Often, the crystal structure of the therapeutic 
target is not available. In this case a 3D structure of 
a homologous protein will have to be determined. 
Homology modeling, also known as “comparative 
modeling of protein”, refers to constructing an atom-
ic-resolution model of the ”target” protein from its 
amino acid sequence and an experimental 3D struc-
ture of a related structurally known homologous 
protein (the “template”) [86]. Homology modeling 
relies on the identification of one or more known 
protein structures likely to resemble the structure 
of the query sequence, and on the production of an 
alignment that maps residues in the query sequence 
to residues in the template sequence. It has been 
shown that protein structures are more conserved 
than protein sequences amongst homologues, but 
sequences falling below a 20% sequence identity 
can have very different structure [87].

4. Combinatorial chemistry

With the increasing characterization of the 
3D structures of receptors and enzymes, the de-
sign of molecules that interact with these biologi-
cal targets appeared to be an intellectual approach 

Table 1. Molecular docking software and de novo design tools useful in rational drug design and development 
approaches 

Molecular docking tools

ADAM GLIDE MultiDock

AutoDOCK GOLD QXP

Bielefeld Protein Docking GRAMM PatchDock 

BioCaChe GREEN Prodock

CDOCKER GRID PRO LEADS

CombiDOCK Hammerhead RDOCK 

DIVALI Hex RosettaDOCK

DockVision ICM RPScore

DOCK KORDO SEED

DOT LUDI SDOCKER

eHiTS MCDOCK SLIDE

FTDock Molecular Docking Server Validate

FlexX Molegro WISDOM

FLOG MolFit Virtual Docker

GEMDOCK MPI Protein Docking ZDOCK

De novo design tools

LUDI DLD/MCSS HOOK

BUILDER Genstar Legend

SMOG Group-Build MCDNLG

CONCEPTS Grow SPROUT



1352

JBUON 2016; 21(6): 1352

using modern computer technology. Even with 
the advent of a plethora of such widely accept-
ed and practiced methodologies and superb sta-
tistical methods, traditional synthetic techniques 
and time-tested biological screening procedures, 
invariably prove to be very expensive and some-
times turn out to be non-productive in nature 
in the end. The aim of combinatorial chemistry 
(“CombiChem”) is the generation of large num-
bers of compounds very quickly [88]. Interesting-
ly, it overwhelmingly makes use of comprehen-
sive and extended libraries of chemical functional 
moieties which specifically interact either with a 
“base molecule” or with a “parent molecule” in a 
highly systematic small quantum of well-defined 
purely synthetic stepwise procedures. 

With CombiChem it has become possible and 
cost-effectively to use solid- or solution-phase 
syntheses with different chemistries and scaf-
folds to produce libraries tailor-made for finding 
a new lead or optimizing a lead directed at almost 
any class of target to find newer “prototype drug 
molecules” and to refine and optimize the QSAR 
[89]. New tools, such as molecular docking algo-
rithms [64,72], mapping of protein binding sites 
by NMR [90] and homology modeling of proteins 
[88], allow an unprecedented level of rational de-
sign to guide the synthesis of prospective drugs. 
Salient features of CombiChem include the chem-
ical diversity of products originating with sim-
ple “same” clean, reproducible reactions to yield 
thousands of molecules; one makes use of the sol-
id-state synthetic techniques to allow the desired 
growth of drug molecules upon polymer support; 
and “robotics” is employed profusely to cut down 
the “effective cost of synthesis” drastically. Two 
kinds of approaches are used in CombiChem, ra-
tional designing and reverse designing. Rational 
designing is the most “popular technique” and ex-
ploits the lock-and-key model with respect to the 
ligand-receptor docking. However, there are lim-
itations (e.g. conformational flexibilities for both 
ligand and receptor), problems with active con-
formers (water and salt effects) and with binding 
high-energy conformers [36]. Reverse designing 
essentially involves the grouping together and 
searching of functionally and structurally identi-
cal chemical entities by making use of common 
and biologically effective motif, termed as phar-
macophore [91], which is specifically found either 
in the corporate or commercial database. Impor-
tantly, at every articulated step carried out me-
ticulously in the intricate discovery phenomenon 
one has to heavily depend upon the manipulative 
skills related to CADD, which provides an advan-

tage of data-processing into vital and relevant in-
formation for future analysis in drug design. 

4.1. Combinatorial library design

Combinatorial library design is an important 
application of CombiChem that can exploit auto-
mation and robotics to enable the rapid produc-
tion of large numbers of compounds. Libraries are 
synthesized for both lead identification and lead 
optimization purposes [92]. The resultant librar-
ies consist of products formed by combining “re-
actants” (reagents, monomers) with each other or 
with a “scaffold” (template,core). While many larg-
er pharmaceutical companies maintain libraries of 
several hundred thousand natural and synthetic 
compounds, combinatorial chemistry can generate 
libraries with millions of compounds with low cost 
and relative ease. Parallel synthesis, in which mul-
tiple analogs are synthesized at a time efficiently 
using reactants and automation/robotics, is now a 
standard part of the drug discovery process. 

5. Pharmacophores 

A pharmacophore was first defined by Paul 
Ehrlich in 1909 as “a molecular framework that 
carries (phoros) the essential features responsi-
ble for a drug’s (pharmacon’s) biological activity” 
[93]. A modern definition of a pharmacophore is 
the specific 3D arrangement of functional groups 
(steric and electronic features) within a molecular 
framework that are necessary to bind to a mac-
romolecule and/or an enzyme active site (with 
optimal supramolecular interactions) in order to 
trigger or inhibit its biological response [55,94]. 
This approach to lead generation has proved high-
ly successful [95]. In particular it is possible to 
identify active compounds that contain a different 
core structure from that of the compounds used 
to generate the model (lead-hopping). Pharmaco-
phores help to create a molecular descriptor for 
similarity-and diversity-related tasks. The diver-
sity-related descriptor identifies in a systematic 
way all the potential pharmacophores that a mol-
ecule can exhibit. Triplet (three-point) and quar-
tet (four-point) pharmacophore representations 
have been extensively used (in addition to two-
point/2D approaches), with a variety of features 
sampled at each point and inter-feature distances 
considered in a discrete set of ranges (“bins”) [96]. 

5.1. Pharmacophore models

The pharmacophoric assumption led to a prob-
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lem statement that logically is composed of two 
processes. First is the determination, by chemical 
modification and biological testing, of the relative 
importance of different functional groups in the 
drug to receptor recognition. This can give some 
indication of the nature of the functional groups 
in the receptor that are responsible for binding of 
the set of drugs. Second, a hypothesis is proposed 
concerning correspondence, either between func-
tional groups (pharmacophore) in different conge-
neric series of the drug or between recognition 
sites points postulated to exist within the receptor 
(binding-site model). 

Once a pharmacophore is established, the me-
dicinal chemist has a host of 3D database search 
tools to retrieve novel compounds that fit the 
pharmacophore model [97]. The designation of a 
pharmacophore is the first essential step towards 
understanding the interaction between a receptor 
and a ligand. The “recognition of receptor” could 
be determined by carrying out various chemi-
cal structural modifications vis-a-vis biological 
screening of the different functional moieties 
present in the drug molecule(s). However, such 
investigative exercises would throw ample light 
with respect to the very fundamental nature of 
the functional moieties strategically positioned 
in the receptor which are exclusively responsible 
for affording the right type of linkage to the set of 
drugs. Secondly, a proposed hypothesis is formed 
of close similarity either between the pharmaco-
phore (i.e., functional moieties) in various struc-
tural analogues of the drug molecule (i.e., conge-
neric series), or between the suggested recogni-

tion site points duly postulated to exist very much 
within the receptor i.e., the binding-site model. 

New and extended methods of QSAR analysis 
have evolved to translate pharmacophore informa-
tion into QSAR models that, in turn can be used as 
virtual high-throughput screens for activity profil-
ing of a library [98]. Moreover, a successful appli-
cation of fingerprinting approach was previously 
employed to generate 10,549 three-point pharma-
cophores by enumerating several distance ranges 
and pharmacophoric features. Subsequently, the 
fingerprint was used as a descriptor for develop-
ing a QSAR model using partial least squares [99].

This ability of a pharmacophore model to find 
new classes of inhibitors when one class is known 
is called “scaffold hopping”. Once a few active 
compounds have been found, it is very easy to run 
sub-structure searches of large compound data-
bases. Substructure searches find any compound 
that contains the exact pattern of atoms and bond 
given in the search query. For example, a sub-
structure search can find all compounds contain-
ing an identical fused ring system. Substructure 
searches are certainly a useful starting point but 
they fail to find very similar compounds, such as 
analogs that have five-member rings replaced by 
six-member rings. 

 5.1.1. Components of a pharmacophore 

Most often, 3D pharmacophores in terms of 
enzyme-ligand interaction types are described as 
follows: ion-ion, ion-dipole, dipole-dipole, hydro-
gen bonds, induced polarization, charge transfer, 
dispersion forces and steric repulsion. Some phar-

Figure 7. Pharmacophore model of an aza-steroidal compound depicted in a ray-traced stick representation with 
inclusion of electron density surface (left) for the target protein glutamine gamma-glutamyltransferase E (PDB 
ID Nr 1L9N) derived from a pharmacophore approach through searching of over 2000 human protein targets, to 
identify potential target candidates for the given molecule with unidentified binding targets (right). The phar-
macophore map consists of three hydrophobic features (cyan spheres), one hydrogen bond donor point (green 
spheres and vector) and four hydrogen bond acceptor points (purple spheres and vector) (Authors’ unpublished 
data).
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macophore searches, particularly those from ear-
lier in the development of pharmacophore search-
ing, will search for a particular arrangement of 
specific atoms: for example, a carbonyl, a benzene 
ring, and a hydroxy group at specified distances 
apart [100]. 

Most pharmacophore descriptions in the more 
recently developed software packages are more 
general. Some features typically include hydrogen 
bond donors, hydrogen bond acceptors, aromat-
ic rings (may be ring atoms, ring center, or nor-
mal to the ring), hydrophobic centers (also called 
neutral centers), positive charge centers, negative 
charge centers, acidic groups, basic groups, bulky 
groups engaged in steric interactions, planar at-
oms, CO2 centroid (i.e., ester or carboxylic acid), 
NCNp centroid, metal (also called a metal ligator), 
excluded volumes - forbidden regions, where the 
protein is and the ligand cannot have functional 
groups (Figure 7). 

Some programs can impose additional con-
straints on the centers, such as noting that one of 
the above centers is only satisfied if the atom is in 
a chain or in a ring. Some programs can produce 
an IC50 estimate based on a curve fit to the phar-
macophore model. These tend to be very crude 
estimates, sometimes leading in error by several 
orders of magnitude. The strength of pharmaco-
phore searching is in identifying compounds that 
should be tested for activity, not in quantitative 
prediction [99,100]. 

5.2. Binding-site models

Among the many tools available, 3D align-
ment-dependent methods are usually slow and 
based on simplified representations of binding 
site atoms or surfaces. On the other hand, fast and 
efficient alignment-free methods have recently 
been described but suffer from a lack of interpret-
ability [101]. There exists one major disadvantage 
in the “pharmacophore models” with the overlap-
ping of the various functional moieties in perfect 
alignment to the pharmacophoric hypothesis. It 
has been established that molecules bearing such 
functional moieties which exhibit 3D similar-
ity may interact with the same site and specific 
geometrically identical structures closely associ-
ated with one particular site are able to interact 
with almost equal favor and affinity leading to a 
number of plausible structural orientations of the 
identical functional moieties. Therefore, it has be-
come almost necessary to take into consideration 
the converging point of approximately equal en-
ergetic configurations associated with either an 

H-bond donor or acceptor to circumvent the ensu-
ing problem skillfully. 

Recently, Wood and his colleagues [102] have 
presented KRIPO (Key Representation of Interac-
tion in POckets): a new method for quantifying the 
similarities of binding site subpockets based on 
pharmacophore fingerprints. Interestingly, a com-
parison between the specific pharmacophore and 
the binding-site hypotheses establishes the fact 
that the latter is definitely more acceptable and 
plausible physiochemically due to the fact that 
the ensuing overlap of the functional moieties in 
the process of binding to a receptor is found to 
be more restrictive than anticipating that the par-
ticular site does remain more or less fixed when 
getting bound to different ligands. 

6. Informatics

The unprecedented flood of information from 
genome sequences and functional genomics in 
one hand and combinatorial chemistry, HTS, and 
virtual screening on the other hand has given 
rise to new fields of bioinformatics and chemo-
informatics, which combines elements of biology 
and chemistry with mathematics, statistics and 
computer sciences. Analyses in bioinformatics 
and chemoinformatics predominantly focus on 
several types of large datasets available such as 
macromolecular structures, genome sequences, 
3D chemical databases and compound libraries. A 
tremendous number of bioinformatics tools have 
been created and provided to the entire scientific 
community a response to an increasing need in 
terms of sequence analyses and structure predic-
tions. Informatics methodologies rely on a vari-
ety of computational techniques [103] including 
sequence and structural alignment, database de-
sign and data mining, macromolecular geometry, 
phylogenetic tree construction, prediction of pro-
tein structure and function, gene searching and 
expression data clustering, chemical-similarity 
clustering, diversity analysis, library design, vir-
tual screening and QSAR. 

Combinatorial chemistry and HTS primarily 
depend on chemoinformatics to increase their ef-
fectiveness. Recent advances in chemoinformat-
ics include new molecular descriptors and phar-
macophore mapping techniques, statistical tools 
and novel visualization methods. A major task of 
informatics in the future is to develop software 
tools that provide the means to store, extract, an-
alyze, and display data in a way that chemists can 
easily understand and appreciate. In attempts to 
decipher chemical/biological information, com-
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puters require the use of descriptors. Hence, hun-
dreds of molecular descriptors have been reported 
in the literature, ranging from simple bulk prop-
erties to elaborate 3D formulations and complex 
molecular fingerprints [104,105]. 

7. Conclusions

Remarkable progress has been made during 
the past few years in almost all the areas concern-
ing the complex field of drug design and discovery 
involving the application of many different fields 
of knowledge. Multi-target drugs have been found 
effective in controlling complex diseases as can-
cer. However, how to design multi-targeted drugs 
presents a great challenge. 

To this end, rational strategies for future drug 
research and development should be proposed. An 
active area for the search of new anticancer ther-
apies is concerned with the use of computational 
approaches based on chemoinformatics and bioin-
formatics. These approaches consider only small or 
larger series of structurally related compounds and 
the studies are generally realized for only one tar-
get (e.g. a protein). This is an important limitation 
since the possible target-proteins for a given drug 
may be numerous. Developing multi-target dis-
criminant models, for the in silico design and virtu-
al screening of anticancer agents against numerous 
proteins involved in a specific signal transduction 
pathway are a means to overcome the limitations.

Drug discovery in the new millennium is 
armed with not only new and efficient techniques 

for producing, purifying and screening new drug 
entities, but also with computing power, that was 
unimaginable a decade ago. Thus, with data com-
piled in various DrugBanks, scientists can a priori 
predict absorption and distribution properties of 
lead molecules in silico.

Technology for molecular modeling and drug 
design, coupled with increased availability of 
structural information, regarding molecular tar-
gets, signaling pathways and the completion of 
the human genome project, have created major 
new opportunities for drug discovery, in all areas 
of human disease including cancer. Technologies 
such as in silico virtual drug screening, identifi-
cation of novel therapeutic targets, and new in-
novative techniques in combinatorial chemistry, 
combined with latest methodologies in bioinfor-
matics, molecular modeling and docking, will 
allow biological information to be analyzed and 
managed on a very large scale, and in an extreme-
ly short time. Due to the recent advances in this 
area of research, modern multi-targeted drug dis-
coveries are expected to have an impact on cancer 
treatment. The aim of future research should be 
to hit multiple targets with single molecules and 
we believe that, within the next five to ten years, 
we’ll see more agents entering clinical trials that 
use rational multi-target approach as the basis of 
drug discovery. 
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