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Abstract
Computer Aided Drug Discovery (CADD) has become a vital tool for the rapid identification of new candidate molecules
prior to their chemical synthesis and screening. For precarious lifestyle diseases such as various types of carcinoma, CADD
offers a fast and cost-effective approach for development of therapeutic drugs. Advancement in the molecular modelling
systems enabled easier identification of the target, along with visualisation and interpretation of target-ligand interactions.
This review highlights in silico drug design and development strategies with detailed description of the various approaches
like classical variable selection and artificial intelligence which are used to select molecular descriptors. This study also
critically evaluates the different molecular docking approaches like SLIDE, GLIDE, FlexX-Pharm, GOLD, AutoDock, FRED
and the more frequently used ones like HADDOCK, AutoDock Vina and UCSF DOCK for anti-cancer drug development.
Since cancer is a heterogeneous disease drug discovery becomes excessively complex. Bioinformatics therefore play a major
role in a step wise drug discovery process in a lesser time and a cost efficient manner.
Keywords QSAR modelling · Bioinformatics mapping · LigandFit · Artificial neural network

Introduction
Cancer continues to be responsible for the highest mortality rate worldwide, particularly in the low-middle income
group third world countries where therapeutic facilities
and palliative care are often insufficient, if not unavailable.
Though recent years have witnessed several improvements
in terms of diagnosis and controlling tumor reappearance,
treatment options are still restricted to a few cancer types,
further complicated by toxicity issues in patients undergoing
cancer therapy (Gelband et al. 2016). Drug discovery and
development requires huge physical labour and resources
for persistent trial-and-error based innovations and improvements at various stages of target identification, validation,
assessment of pharmacokinetics and drug distribution,
pre-clinical trials and clinical trials before reaching to the
patients through FDA approval. The companies need to synchronise their research endeavour with the existing targets,
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where rate of attrition of the novel targets is quite significant
(Kennedy et al. 2008).
Low rates of success at different phases and prolonged
developmental time makes drug discovery an extremely
costly episode. On an average the cost is one billion US
dollars and only 5% of the drugs end up being marketable
(Das and Bhattacharya 2016). Rapid development of combinatorial chemistry and high throughput screening (HTS)
in late twentieth Century made the screening procedure
somewhat straight-forward (Feher and Schmidt 2003) and
increased the perception of combinatorial chemistry over
natural products. However, advancement in both HTS and
combinatorial chemistry could not bridge the disparity
among the data generated and inclusion into libraries for
compounds with varied structures (Lahana 1999). These
compounds were not stereo-chemically superior to the
natural ones and results were not promising as expected.
Development of assays for HTS technology remains a
major set-back in drug development, which further escalated the failure rates (Newman and Cragg 2016). Only
two compounds produced by de novo methods, namely
Sorafenib for primary cancer of the kidney in 2005 and
Ataluren for genetic disorders in 2014, have actually been
approved by the FDA and are likely to reach the clinic
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(Han and Wang 2016). Therefore, facilitated research is
required to provide simple and cost effective modes of
cancer detection, prevention, diagnosis, and alleviation
to the under-privileged (Ganesan et al. 2017).
Some key pharmaceutical companies, under the
demands of developing and discovering cost-effective
drugs, had to overhaul their strategies. The companies
shifted from an essentially experimental approach to
a more analytical and mechanistic one in between late
1990s to early 2000s (Lesko et al. 2000). Computational
optimisation of the HTS method allowed inclusion of
compounds that are inactive or faintly active but ignored
in previous HTS analyses. Computer Aided Drug Discovery (CADD) has been introduced to reduce the time
(and money) required for drug development designing and
lead optimization. Figure 1 below graphically represent
the various stages of drug design where CADD can be
utilized. Many primary in vitro screening procedures can
be replaced by highly efficient computational techniques
that can make drug discovery time and cost efficient.
The structural mechanistic properties can be envisioned through interactions between the ligand and receptor using molecular docking (Sak 2012), the most important tool for CADD. The portions having higher energy
can be verified by the docking technique. There are two
categories of CADD namely structure-based and ligandbased (Fig. 2).
This paper sequentially reviews the essential techniques of CADD to solve the drug discovery problem.
It also provides a comparative study of the strength and
weaknesses of various molecular docking techniques used
for developing anti-oncogenic drug candidates.

Fig. 1  Graphical Representation of CADD in drug design
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Fig. 2  Categories of CADD for lead optimization

De Novo Design
Tertiary and quaternary three-dimensional structures for a
large number of proteins, as determined via nuclear magnetic resonance (NMR), X-ray as well as electron microscopy, are stored in the Protein Data Bank (PDB) repository. Both PDB and UniProtKB contain a large range of
the “most probable targets” for the major dreaded diseases
for example, all together more than 100,000 entries have
been documented in PDB till 2016, of which 26% are human
proteins and likewise UniProtKB maintains approximately
540,000 amino acid sequences (Dorn et al. 2014). Whenever
the three dimensional structures are not available, in silico
methods are employed to construct the protein structures, as
discussed in “Identification of Candidate Protein” section of
the manuscript (Garrett and Workman 1999).
Four principle stages of computational drug design
include (Ekins et al. 2007) identification of the target and its
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validation, identification of a lead compound, optimisation
of the same and clinical shortlisting of the drug.

Identification of Candidate Protein
The recognition of the candidate protein is the first step of
CADD which has vital role in novel drug design. Recently,
new techniques have been explored to ascertain the candidate protein with available experimental structures. These
are:
a. Gene expression profiles-based candidate protein prediction
On the basis of Bioinformatics mapping, in combination
with screening through various protein interaction databases,
provide new insight to the potential of natural compounds
and help to understand their interactions with target proteins.
This can be achieved by explicitly studying different cellular
complexes and new pathways. The Broad Institute has successfully invented the Connectivity Map (CMap) containing
information about the genome-wide transcription as well as
gene expression of human cells that are treated with small
bioactive compounds (Lamb et al. 2006). The candidate
macromolecule can be identified without bias when interactions of protein and natural compounds, side effects of the
natural compounds (Campillos et al. 2008a) and appropriate experiments to justify nonspecific bindings are explored
using CMap (Kobayashi et al. 2012). Use of open source
CMap for prediction of candidate protein helps to economise
the entire drug design process. The other publicly available
databases are Library of Integrated Network-based Cellular Signatures (LINCS) and Cancer Cell Line Encyclopdeia
(CCLE) which can also predict the drug target on the basis
of gene expression profiles. In addition to the large datasets
present in the above-mentioned databases, Gene Expression
Omnibus (GEO) also accumulates an impressive amount of
gene expression profiles which in turn aids in drug target
recognition. For example, the scientists have recommended
a method based on influence network which uses transcriptome profile of E
 R+ breast tumors treated with letrozolein
(Penrod and Moore 2014). This not only helps to recognize
potential targets but also recommend promising combination
of drug targets.
b. Identifying interaction of candidate macromolecule from
protein networks
There exists a major gap between proteome and transcriptome, which hinders the establishment of correlation among
the two datasets. However, proteome data has more significance in drug design as the proteins are directly affected by
action of any drug (Dai and Zhao 2015). Protein–protein

interaction (PPI) network is the most widely studied molecular network. PPI network can be used for prediction of drug
target because it provides information about the protein’s
mode of action. The prediction was based on the hypothesis
that that proteins targeted by drugs having similar mechanism of actions might be functionally linked and close in
the PPI network (Yıldırım et al. 2007). On the basis of the
hypothesis, drugCIPHER, a novel method for the prediction of drug target was proposed by Zhao and Li (Zhao and
Li 2010). The chemical structure data was integrated with
PPI network and drug therapy data for drugCIPHER predictions. Among many successful predictions, protein kinase B
(AKT) and Proto-oncogene tyrosine-protein kinase Src were
also predicted as targets to vitexicarpin using drugCIPHER
(Zhang et al. 2013).
c. Identifying the macromolecule with respect to Drug
Effects
The exploration of the effect of a drug from the pharmacological aspect provides a simpler way to comprehend the
drug’s mechanism of action when compared to the molecular
aspect or omics study. This in turn might help in the prediction of drug targets. The methods based on drug effect
assume that drugs with similar function affect the same proteins. This assumption is similar to gene expression profilebased approaches. For example, scientists observed that target characterization was enhanced when drug therapy data
was used, in comparison to the conventional chemical structure information (Yamanishi et al. 2010). A new approach
was also recommended by Campillos et al. (Campillos
et al. 2008b) which can predict drug target based on the
side effects of drugs. In this case, the scientists assumed that
drugs having identical side effects have common proteins as
drug targets. When chemical structure information was integrated with information on drug side effects, the precision of
prediction not only enhanced but some new predictions were
also made which was not possible with information only
on chemical structure. Some of these new predictions were
validated in vitro, thus suggesting the predication accuracy
of the drug side effects (Dai and Zhao 2015).
After the identification of candidate macromolecule, the
complete information of the three-dimensional structure
is required for structure–function relationship of the macromolecule. The 3D structure prediction can be done by
homology modelling and ab-initio prediction methods. Abinitio method of macromolecule structure prediction is used
when structural homologues of the protein does not exist.
Homology modelling on the other hand is a template-based
technique which compares the amino acid sequence of the
candidate t protein with its homologous template and identifies the protein in terms of its three dimensional structure
(Andricopulo et al. 2009; Bertoni et al. 2017).
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Lead Compound Recognition
An important mechanism for selection of lead compounds
is quantitative structure–activity relation (QSAR) modelling using information from the active and inactive molecules present in the databases (Khan 2016). A number of
active and inactive compounds against one target are brought
together in a general QSAR work process and the descriptors
thus generated define the physicochemical as well as structural properties of the compounds. The QSAR model then
compare the descriptors and the experimental activity data
which results in prediction of novel molecules (Katsila et al.
2016). The algorithms of QSAR modelling are being continuously developed and improved which allows the application
of both 2D and 3D descriptors. The descriptors in this model
can be structural and physicochemical like volume, solvation
properties, molecular weight, rotatable bonds, atom types
and electronegative properties as well. The descriptors can
also be defined on several levels of gradually increasing
complexity. It was also observed by the scientists that the hit
rate of QSAR model was more than that of high throughput
screening (Mueller et al. 2010; Rodriguez et al. 2010). The
most important pre-requisite for this method is to code several structure-based information into molecular descriptors
for QSAR modelling (Grisoni et al. 2017).
The problems of inappropriate descriptor selection
include (Goodarzi et al. 2012):
• excess number of descriptors may cause overfitting- an

appropriate selection procedure makes facile interpretation and understanding of the models
• the misinterpretation of activity cliff may occur when
compounds having similar structure but contrasting
activity are divided among calibration and validation
sets (Sedykh et al. 2013)
• the approach might be sluggish thus increasing the cost
and the amount of mis-predictions
To reduce the number of unnecessary descriptors, (1) classical variable selection and (2) artificial intelligence-based
approaches are widely used (Dutta et al. 2007).

1. Classic methods This includes strategies that use, (a)
multiple linear regression (Yang et al. 2003) or (b) variable selection and modelling based on the prediction
(VSMP) (Liu et al. 2003)
	 
Multiple linear regression In this method a linear
equation is chosen to regress the relationship between
one response variable and two or more descriptive variables. It consists of a number of co-variables that are
dependent linearly on the mean of an independent variable. The regression line for p independent variables
x1, x2... xp is defined as µy= β0 + β1x1 + β2x2+…+βpxp.
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This line defines how the mean response µy alters with
independent variables. The experimental values of y
are believed to have identical standard deviation ϭ and
these values differ around the means µy. The model can
be described in words as DATA = FIT + RESIDUAL,
where “FIT” signifies the expression β0 + β1x1 + β2x2+…
+βpxp and “RESIDUAL” denotes the deviations of the
observed y values from their means µy.
	 
VSMP Liu et al. in 2003 proposed a method for selection of the descriptors known as ‘variable selection and
modelling based on the prediction’ (VSMP). Several
most ideal subsets were searched on the basis of statistical methods like RMSEP (Root Mean Square Error of
Prediction) or squared correlation coefficient.
2. Artificial intelligence-based methods: Methods like
fuzzy logic, genetic algorithm and artificial neural networks (ANNs) are based on artificial intelligence (Soto
et al. 2009). These are superior methods used to determine strong nonlinearities between a specified biological
property and a number of descriptors (Shahlaei 2013).
ANN-based methods can model randomly complicated
nonlinearities (Ahmadi and Shahlaei 2015).
a. Fuzzy logic Several pattern recognition and regression models have confirmed that fuzzy logic are
intrinsically flexible method to develop model (Chen
and Xu 2004). Fuzzy logic rules can work without
the use of strict quantitative study and the human
knowledge can be qualitatively modelled.
b. Genetic algorithm Genetic algorithm without any
prior information about the space and problem can
efficiently explore the interesting space and unravel
difficult problems, thus making it extremely powerful. Hence, genetic algorithm can be used to optimize features subset and to refine the parameters of
support vector machine (SVM) simultaneously. The
kernel parameters can be optimised and the subset
of the features can be selected using genetic algorithm (Li et al. 2008). The kernel parameters like
penalty constant (C) and width parameter of radial
basis function (r) are known to affect performance
of SVM. Therefore, these parameters are selected
very carefully so that SVM can function at its best
without any errors. The speed of genetic algorithm
is generally slow. An example of genetic algorithm
is particle swarm optimization (PSO) which was
developed in 1995 by Eberhart and Kennedy. It is
still considered reliable and has been included in
various classifiers like Bayes, fast decision tree
learner and K-nearest neighbour as feature selec-
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tion to precisely predict recurrence of breast cancer
(Sakri et al. 2018). PSO can be used for a series of
actual nonlinear optimization obstacles.
c. Artificial neural networks (ANNs) This method of
computing is inspired from the nerve cells and their
function. Nonlinear systems can be effectively and
steadily modelled and predicted by ANNs. They
can perform nonlinear mapping after being trained
with different input or output related to the mapping
interest. ANNs provide results that are complex and
pose a difficulty in interpretation thereby hiding the
principal model (Shahlaei et al. 2012).
	  The descriptors should be efficient enough to represent appropriate molecular features that are responsible
for actions. This approach is significant as it finds a correlation between the molecular structure of the drug and
its bio-pharmaceutical activity (Shahlaei 2013). Large
number of molecular descriptors is used to encode the
chemical structures that are utilised for building the
QSAR model.
Scientists are recently showing more interest in the field
of proteochemometrics and polypharmacology modelling for
computational drug discovery (Cortés-Ciriano et al. 2015).
The concept of personalized medicine can be appreciated
when information from target source and ligand is merged
into a single machine learning model. Besides predicting
suitable drugs for a protein target, PCM can also predict the
toxicity of a compound on cell lines (McHale et al. 2010).

Optimisation of the Lead Compound
The most important aspect of drug discovery is to achieve
the highest therapeutic efficacy with a low dose i.e. optimisation of lead compound (Tam 2013). Molecular docking
has been proven to be an efficient tool for lead optimisation
(Kitchen et al. 2004; Joseph-McCarthy et al. 2007). Docking aids in the molecular identification through minimization of the overall free energy content of the protein–ligand
complex in molecular simulations. This is done by eliminating the conformations with higher free energy content
and choosing the optimal one. Docking generates multiple
orientations and conformations of the ligand and helps in
optimising the same (Kapetanovic 2008). Molecular docking can be classified on the basis of rigidity of the receptor
structure, pharmacophore, shape of the target or ligand, or it
can be unbiased to any of the aforementioned criteria.
Structural elasticity-based molecular docking can be further classified in two sub-types namely flexible and rigid
docking:

1. Rigid Docking—Rigid docking is a process where the
molecules cannot alter their 3-D shape throughout the
process. It is also known as lock and key type, where
both the ligand and the participating receptor are kept
unchanged or fixed while docking is performed
2. Flexible Docking—Flexible docking is also known as
induced fit type where the 3-D shapes of the participating ligand and the receptor are not rigid. Handling
flexibility in molecular interaction studies still remains
a major setback in studying the structure and function
relationship. Accomplishing flexible docking is much
more challenging and troublesome than rigid docking
(Andrusier et al. 2008).
Pharmacophore-based molecular docking can be done using
SLIDE i.e. ‘Screening for Ligands by Induced-fit Docking
Efficiently’ or FlexX-Pharm. The optimization in the SLIDE
server is centred on the mean-field theory and flexibility
balance of the structural side chains of the protein and the
ligand (Pagadala et al. 2017). The distinct exemplifications
of both the ligands and proteins are filtered using distance
geometry and geometric indexing thereby removing the nonviable ligands. It is potent software since it can accommodate screening and docking of 100,000 molecules within a
day on a desktop with minimum processor speed of 3.5 GHz
and RAM of 6 GB. The mechanism of the scoring function
in SLIDE depends on the number of hydrophobic interactions and hydrogen bonds concerning the protein and the
ligand. The water molecules that are bound to the protein
can also be included during docking. The software removes
or preserves the water molecules according to the probability of being retained upon after the binding of the ligand
(Raymer et al. 1997). SLIDE is advantageous since the
force field interpretations are exclusive for various types of
hydrogen bonds (Biesiada et al. 2011). It simulates interactions between the protein and the ligand on the basis of their
hydrophobic interactions and hydrogen bonds in combination with their steric complementarity.
Hindle et al. (2002) studied molecular docking and its
amalgamation with pharmacophore model and suggested
FlexX-Pharm, a means for flexible docking. This tool incorporates all the data related to the important properties of the
models of protein–ligand binding into docking computation.
FlexX-Pharm consists of two types of constraints namely
spatial and interaction constraint. The introduction of the
constraints for the pharmacophores upgraded the enrichment factors for the ligand as well as the receptors (Polgár
and Keserü 2005). Constraints are the information acquired
from the pharmacophore features. The properties that are
described by these constraints should be present in all the
docking results. FlexX-Pharm showed improvement in terms
of time taken for docking and better calculation of the accurate binding modes by removing the partial solutions that
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are responsible for false positive results when compared to
FlexX, the predecessor of FlexX-Pharm (Atta-ur- Rahman
2010). The total number of probable poses were restricted by
FlexX-Pharm thereby enhancing the rate of inactive drop-out
(Polgár and Keserü 2005). FlexX-Pharm outclassed FlexX
in prediction accuracy of BACE1 (β-site of amyloid precursor protein (APP) cleaving enzyme) inhibitors (Polgár and
Keserü 2005). The only difficulty with FlexX-Pharm is the
constraints should be first acquired and then introduced to
the tool (Atta-ur- Rahman 2010).
Molecular docking based on shape is used by FRED.
A meticulous search algorithm is used to dock molecules
onto the active site of the receptor from a multi-conformer
database in FRED. The two major steps in FRED are fitting of the shape and optimization. Gaussian potential is
used to smoothly fit the ligand encircling all active site
atoms in a grid box with a resolution of 0.5-Å (McGann
et al. 2003). Optimization step then uses scoring functions like ChemScore (Eldridge et al. 1997), ScreenScore
(Stahl and Rarey 2001), Gaussian shape scoring (McGann
et al. 2003) and PLP (Gehlhaar et al. 1995) to optimize the
ligand according to three filters, (1) rigid body optimization, (2) filtering the ligand’s hydroxyl hydrogen atom
positions and (3) ligand pose optimization in the space

Fig. 3  Workflow of the CADD model
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of the dihedral angle. Hedgehog signaling pathway is
extremely essential for the human embryonic development
but uninhibited hedgehog signaling still remains a potent
cause of several carcinomas. CADD-based drug development in 2016 has utilized FRED for molecular interaction
studies to develop inhibitors for uncontrolled Hedgehog
signaling. Chemgauss4 score was then used for ranking
the molecules. The structure-based method thus proved
to be beneficial since the results from FRED were found
to be in agreement with the in vitro studies (Infante et al.
2016). The complete workflow of the in silico drug design
process has been exemplified in Fig. 3.
Unbiased molecular docking approaches has become
familiar due to advancements in the computer design like
introduction of more distributed networks for computing,
Graphics Processing Units (GPUs) and Anton. This process
does not allow the modification of dynamics through any
exterior force and also permits unrestricted binding of the
drug without administering any bias (Gioia et al. 2017). The
docking tools that help in the process are GOLD, GLIDE
and AutoDock.
Jones et al. had developed an algorithm which is subsequently used in docking program, i.e Genetic Optimisation for Ligand Docking (GOLD) (Jones et al. 1995). The

International Journal of Peptide Research and Therapeutics

software follows an automatic docking system and performs
docking mainly in 3 ways:
1. Docking with complete flexibility of acyclic ligands
2. Partial flexibility of the cyclic ligands
3. Limited flexibility of the protein in the vicinity of its
active site
GOLD and AutoDock are the most common docking algorithms used and mentioned in literature till date (Amin et al.
2017). Antiangiogenic compounds, to combat the most
important process of angiogenesis in cancer, were developed using GOLD (Bensegueni Abderrahmane and Hioual Khadidja Soulef 2013). The inhibitor for P38α MAP
kinase encoded by mitogen-activated protein kinase 14, one
of the most potent and frequently overexpressed enzyme
in breast cancer has been recently identified using GOLD
docking program (Amin et al. 2017). The Chemscore function employed in GOLD is three times better to the original
Goldscore function in terms of speed, precision of docking
and estimation of binding affinities. Therefore the use of
both Chemscore and Goldscore together proved to be more
accurate than when used separately (Verdonk et al. 2003).
GOLD and AutoDock efficiently use genetic algorithm, a
fascinating application, employed by random probabilistic
search or stochastic search (Ferreira et al. 2015).
Glide is a docking program that randomly selects degrees
of freedom of the ligand in terms of their orientation, position and conformation thereby docking rigid receptors with
flexible ligands. Glide can run in three modes namely HTVS
(high throughput virtual screening), XP (extra precision) and
SP (standard precision) Glide. These differ in the scoring
functions used and in the process of sampling of the degrees
of freedom of the ligands. For a swift estimation of degrees
of freedom of a ligand by all the three modes, a complete
set of conformers for a ligand is generated by Glide and
a set of categorized filters are used. XP Glide is the best
among the three because it uses an additional anchor and
grow algorithm to enhance the purity of the expected docking modes and thereby methodically samples the degrees of
freedom after initially using SP Glide. On the other hand
SP and HTVS Glide use only SP GlideScore to classify the
compounds after docking (Repasky et al. 2007). In 2014,
several marine compounds were optimized to find the lead
compounds against cancer by using GLIDE (Vidhyeswari
et al. 2014). GLIDE as an optimization tool is appreciated
since it uses several categories of filters to find the best
ligand conformation.
Research studies related to docking methods began with
AutoDock (Goodsell and Olson 1990; Huey et al. 2007;
Morris et al. 2009) and it continues to be one of the most
important platforms. AutoDock allows changes in receptor conformations to a limited extent whereas most of the

other programs only allows rigid receptor model leading to
errors (Forli et al. 2016). AutoDock also consists of unconventional methods to prioritize water molecules that often
facilitate receptor ligand interactions. A more user friendly
technology has been recently developed to accomplish the
requirement for a standalone docking procedure (Trott and
Olson 2010b). Both AutoDock and Autodock Vina are free
software which does not require any license. Autodock Vina
is faster and more efficient for maximum systems. In 2018,
Autodock 4.2 has been utilized for simultaneous inhibition
of (proto-oncogene B-RAF) BRAF and (proto-oncogene
c-RAF) CRAF, the most important members contributing
to melanoma which showed positive and promising results
(Kaboli et al. 2018). This proves the significance of AutoDock in research till date despite the advent of techniques in
this field. The more contemporary techniques that are used
by the researchers include AutoDock Vina, HADDOCK and
UCSF DOCK.
AutoDock Vina showed higher precision in calculating
the binding modes and also had a speed which was twice
the speed of the older version, AutoDock 4. The utilization of multithreading on multi-core systems led to parallelism, responsible for enhanced the speed of the software
(Trott and Olson 2010a). AutoDock Vina is still the most
frequently used molecular interaction algorithm that have
been upgraded subsequently by a machine learning approach
(Li et al. 2015). To further enhance the proficiency of the
optimizer, the software may be explored for probable
increase in the stability of hydrogen bond interactions. In
2017, researchers found potential multi target inhibitors for
HSP90 (heat shock protein 90), HER2 (human epidermal
growth factor receptor 2) and EGFR (epidermal growth factor receptor), the essential regulatory proteins in breast cancer using AutoDock Vina (Yousuf et al. 2017).
UCSF DOCK was the first docking program used in
molecular interaction studies. DOCK 1 was initially used
for shape matching which was upgraded and DOCK 2 was
developed. The new version was more accurate and consumed less time since it had a refined control over the algorithm used for sampling. DOCK 3 was made more stringent
with respect to the input parameters of the receptors and
ligands (Allen et al. 2015). DOCK 4 and DOCK 5 were then
released which allowed flexible docking of the ligand where
DOCK 5 employed new clustering features and various innovative functions for scoring. Enhanced abilities for sampling,
optimization and scoring and an association with AmberTools (Wang et al. 2004) made DOCK 6 a superior version
of DOCK 5. Various original features have been applied to
update the software (Biesiada et al. 2011). UCSF DOCK has
been used in several studies that showed promising results,
one of them being the development of a novel class of anticancer drugs known as BAX agonists for inhibition of lung
cancer (Xin et al. 2014).
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Data obtained from experimental procedures like mass
spectrometry, nuclear magnetic resonance or mutagenesis
are used as vital information for creating docking poses by
HADDOCK (Spiliotopoulos et al. 2016). Various biomolecular systems have used HADDOCK over-abundantly after
its outstanding performance in the CAPRI research (Van
Dijk et al. 2005). Researchers also work hard continuously
to associate experimental processes (Hennig et al. 2012) and
other computer-based approaches. Recently, HADDOCK
has been used to dock HER2 with anti-HER2 aptamers as
a substitute to monoclonal antibodies (Niazi et al. 2018).
This is important because single stranded oligonucleotide
aptamers are cost efficient and have a consistent batch-tobatch production.
The docking programs when compared to each other
revealed that each of them possess certain strengths and
weaknesses as given in Table 1.

Drawbacks of Docking
The structure of the receptor poses a huge restraint in protein- small molecule docking in terms of their resolution.
Receptors with a resolution less than 1.2 Å are reliable for
small molecule docking (Gohlke and Klebe 2002). However,
almost all crystallographic structures possess a resolution
within 1.5–2.5 Å.

Structures obtained from homology modelling have
poorer resolution and should be taken care of during docking (Mihăşan 2010). Therefore, selection of the receptor
structure should be done with great caution.
Table 2 below depicts the PDB entries that eventually
lead to recurrent failures in docking, whatsoever the docking
program may be. For flexible ligands, defects in conformational sampling lead to frequent docking errors. PDB entries
like 1ghb or 8ghc reveal rare binding modes that make it
inappropriate for the authentication of docking programs
(Kellenberger et al. 2004). The protein and ligand atoms
in their X-ray structures clashes considerably which gives
docking errors (Nissink et al. 2002).
Majority of the scoring functions that are used in docking
do not include the ions or the inhibitors that are bound covalently (Mihǎşan 2012). Protein–protein docking requires a
distinct methodology and more research since large number
of false positives and negatives are known to cause failure
in this field (Moreira et al. 2010).
The major set-back in late developmental stage of pharmaceutical research arises from absorption, distribution,
metabolism and elimination (ADME) related problems
(Szumilak et al. 2016). In silico AMDE screening helps to
identify the weaknesses that have to be resolved by altering
the chemical structure to obtain conformation with optimum
pharmacokinetic properties (De La Nuez and Rodríguez
2008). The final evaluation of the drug-likeness of the test
molecules is done using the filter proposed by Veber and

Table 1  Strengths and weaknesses of the docking programs
Program

Strength

SLIDE (Kellenberger et al. 2004)

It has a flexibility for the side chains

FRED (Kellenberger et al. 2004)
AutoDock (Kitchen et al. 2004; Trott and
Olson 2010b)
GLIDE (Kellenberger et al. 2004)
FLEXX-PHARM (Alvarez and Shoichet
2005)
GOLD (Kellenberger et al. 2004)
AutoDock Vina (Trott and Olson 2010a; Forli
et al. 2016)
UCSF DOCK (Allen et al. 2015)
HADDOCK (Spiliotopoulos et al. 2016)
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Weakness

It has a sensitivity towards input coordinates of
the ligand
High Speed, Consists of large number of bind- Polar and buried ligands
ing sites
It allows small hydrophobic ligands
Predicts the binding modes accurately
Genetic Algorithm involves extensive time for a
Grid maps are calculated automatically
single energy calculation
Ligands are flexible
It has low speed
Very flexible ligands
Checks constraints during docking
Allows enhanced sampling of the significant
solution space
Small hydrophobic ligands can be easily
Ligand present in large cavities cannot be
docked
ranked
Allows limited flexibility of the receptors
New scoring function, Higher speed and
accuracy, Multitherading, Improved binding
affinity prediction
Metal ion systems poses limitation with respect
Improved options of minimization, efficient
to non-polarizable force field
internal energy function and a scoring function based on footprint similarity
A methodology based on experimental data is Time consuming
used, small structural changes in the receptor due to its interaction with the ligand is
allowed
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Table 2  The PDB files causing recurrent docking errors
PDB entry

Protein

Unsuccessful dockings
1xid
D-Xylose Isomerase
1aaq
HIV-1 protease
8gch
δ-Chymotrypsin
2plv
Poliovirus
1rne
Renin
Unsuccessful scoring
1acj
Acetylcholinesterase
2cmd
Malate dehydrogenase

Ligand

Main cause

L-ascorbic acid
Hydroxyethylene isoster
Gly-Ala-Trp
Myristic acid
CGP38560

Mismatch in the metal coordination
Ligand is very flexible
Short intermolecular distance between protein and ligand
Short intermolecular distance between protein and ligand
Ligand is very flexible

Tacrine
Citricacid

Ligand is hydrophobic
The ligand contains pseudosymmetrical scattering of H-bond donors/
acceptors
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Lipinski (San Diego: Accelrys Software Inc. 2012) that
screens only those molecules having molecular weight less
than 500 Daltons, a log P less than five, having five or less
hydrogen bond donors and less than 10 hydrogen bond
acceptors (Köster et al. 2011). The first rule of Lipinski is
an indication of drug lipophilicity by the octanol–water partitioning whereas the second rule is centred on the molecular
weight. The last two rules depict the charges present on the
drug candidate (Omran and Rauch 2014). The rule of 5 is an
indication of drug bioavailability and the candidates that do
not follow these rules are more likely to demonstrate reduced
permeation or absorption.

CADD Techniques
Various computational models have been developed and
have been used for drug discovery over the past few years.
LigandFit is a shape-based process that uses an algorithm for
cavity detection like the folds that are recognised as active
sites of the protein. Different ligand models consistent with
the shape of the active site are generated by combining
Monte Carlo search and a filter for shape comparison. A
grid dependent procedure is used to minimise the area of
the candidate protein with respect to its active site for the
evaluation of the interaction energies of the protein and the
ligand. Furthermore, when LigandFit is used in combination
with LigScore (a scoring function that is built internally), in
a ligand pool with already known active sites, high hit rates
were observed (Venkatachalam et al. 2003). The utilisation
of a nonlinear interpolation strategy drastically lowered
the errors from grid interpolation. LigandFit is being used
frequently by researchers for development of anti-cancer
drug candidates (Ramshankar et al. 2014). Discriminatory

analysis of the docking scores (-PLP1, LigScore1_Dreiding,
Dock_Score -PLP2, Jain, -PMF and LigScore2_Dreiding) by
studying the ROC (receiver operating characteristic) curve
in LigandFit was used for identifying potential inhibitors of
B-RafV600E (Ying et al. 2017).
Therefore, the stability, loading and release profile of a
drug is intimately related with its interactions with the polymer in nanocarriers, which can be better understood using
computational models (Costache et al. 2009). A system comprising of both in silico and in vitro models that are compatible and can firmly predict, compare and evaluate drugpolymer interactions and the affinity of binding is required
(Geetha et al. 2016). The integrative research can unfold the
potential interacting sites of the drug with the nanoparticles,
the strength and the chemical properties of the drug.
Molecular docking study for oncoproteins has been very
useful for cervical cancer. Delayed treatment and difference
between the minimum useful doses from the maximum tolerable doses for flurouracil imposed restriction on its use.
Interaction of 5 fluorouracil (5-FU) and PAMAM dendrimers individually with E6/E7 oncoproteins in both in silico
and in vitro studies implicated that it can act as potential
drug candidate against cervical cancer (Rengaraj et al.
2017). PAMAM dendrimer loaded 5-FU showed successful
downregulation of E6/E7 oncoproteins which in turn lowered cervical cancer. The sequential workflow of the in silico
methods taken up for determination PAMAM and 5-FU as
potential inhibitors of E6/E7 oncoproteins has been graphically represented in Fig. 4.
Jospeh et al. (2016) used in silico modelling to prepare
PST-Dox nanoconjugates to examine their mechanism of
action on selected microarray genes. The drug encapsulated
nanoparticles with already modelled nanoconjugate conformations were docked and studied using CADD (Joseph
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Fig. 4  CADD model for determination of PAMAM and 5-FU as potent anti-cancer agent

et al. 2016). In spite of numerous peptide dual inhibitors
being identified by various researchers, structure activity
relationship (SAR) for dual inhibitors is not established till
date (Macchiarulo and Pellicciari 2009). Golestanian et al.
(2016) developed a qualitative SAR for double inhibitors
against Mdm2/x with the help of docking and simulation
studies. A library of 1035 compounds was searched and new
scaffolds were obtained that simultaneously inhibited Mdmx
and Mdm2.

Obstacles and Panacea
Technological advancements recently have made drug discovery a little easier but it still has limitations that needs to
be addressed. The key challenges faced during de novo drug
designing are (Schneider and Fechner 2005):
• systematic optimisation of the potential compounds in

cycles of adaptive learning

• assembling the available synthetic structures
• prediction of important pharmacological properties and

most importantly scoring

Molecular descriptors required for QSAR modelling requires
extensive selection methods for best results. Despite the
fact that innumerable selection methods are available, each
of them has inherent strength and weaknesses. The weaknesses mentioned above pose a difficulty in understanding
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the data complexity when various fragments of the data are
examined. The difficulty can be overcome by following an
approach of hybrid feature selection based on rough conditional mutual information (Zeng et al. 2014) and “Bayesian
classifier” or the Bayesian theorem. It gives probability of
degree of conformational change likely to result from any
change in physicochemical properties of the ligand. Initially
it was used for a limited number of cancer genes to confirm
the accuracy of the classification (Liu et al. 2015). However,
it could not be used for computation of variable reciprocal
information.
The “docking” problem i.e. the binding of different modes
of small and macro molecules with known 3-D structure
poses a serious problem in drug development. The two major
requirements for solving the docking problem are:
• The investigation of the optimum conformation space

accessible to the ligand and protein needs a very strong
search programme
• Proper understanding of the methods involved in molecular recognition for developing various scoring functions
is necessary to accurately calculate the binding modes
(Jones et al. 1997). The scoring functions should operate
swiftly because after evaluating a number of dockings the
binding mode can be elucidated
Handling polarization and covalent interactions has been
a huge challenge in the field of docking. The scientists
have developed a hybrid quantum mechanical/molecular
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Table 3  Docking softwares and their potential application in cancer therapy
Docking algorithm Case studies

References

FRED
AutoDock
GLIDE
FLEXX-PHARM
GOLD
AutoDock Vina
UCSF DOCK

(Pingwara et al. 2017)
(Usha et al. 2014)
(Yu et al. 2017a)
(Liu et al. 2012)
(Chaube et al. 2016)
(Patil et al. 2015)
(Chen et al. 2017)

HADDOCK

Small molecule inhibitors of IFN-λ2/IFN-λ2R to inhibit angiogenesis in breast tumor
Inhibitor of H-Ras p21 of the Ras-GTPase family
Aurora Kinase B Inhibitors for Human Esophageal Squamous Cell Carcinoma
Modulators of Estrogen receptor α
Benzoxazepine moiety as mTOR inhibitor for the treatment of lung cancer
p53-MDM2 inhibitor
Stabilising the FOX-DNA complex by interaction of FOX DNA-binding domain (DBD) and the
binders that enhances prostate cancer chemotherapy
Withaferrin A, new drug candidate for cancers with Alternative mechanism of Lengthening of
Telomeres

mechanical (QM/MM) scoring function based on the force
field of CHARMM (Chemistry at HARvard Macromolecular
Mechanics) and a method of semi-empirical self-consistent
charge density functional tight bending (SCC-DFTB). The
investigators have provided a set of freely available data in
‘EADock DSS’ docking algorithm containing zinc metalloprotein X-ray structures with a superior quality. This created a benchmark in the scoring function and solved the
problem of covalent interactions and polarization (Chaskar
et al. 2014).
Recent improvement in algorithms like FEP protocol i.e.
free energy perturbation (Steinbrecher et al. 2015) can help
in solving various problems. Drug development based on
fragments is quite difficult as screening generates hits with
poor binding affinity. The FEP protocol helps to overcome
this problem, since it consists of required predictive properties. Successful optimisation of hit using FEP includes
developing inhibitors against GPCR ligands (Ciordia et al.
2016) and BACE1 (Lenselink et al. 2016).
Dinc (Docking INCrementally), an algorithm based on
meta-docking has been developed to address the problematic
task of docking large ligands. The problem is abridged since
DINC docks overlapping fragments in an incremental manner, rather than studying all the degrees of freedom (DoFs)
and docking the complete ligand at a time (Antunes et al.
2017). Peptides being large ligands are difficult to dock, for
example, complexes having human leukocyte antigen (HLA)
(Dhanik et al. 2013). HLAs may contain up to 35 DoFs and
can be lengthy having 8–12 amino acids, which makes
them difficult for structure prediction and docking. They
are important components of cancer immunotherapy since
they play a significant role in enhancing the immune system
against tumors. Therefore, DINC 2.0 is developed where
innovative heuristics are employed. This server holds great
potential in customized cancer immunotherapy provided the
capabilities of DINC 2.0 server are improved and modified.
Though the molecular docking algorithms face challenges in the drug development process, a few of them

(Yu et al. 2017b)

have been able to show some potential in targeting the
fatal disease (Table 3). In 2004, when docking programs
were evaluated, SLIDE could not surpass 40% of the success rate. Therefore, recent studies do not use SLIDE for
molecular interaction studies.

Conclusion
Various docking programs and other tools for virtual
screening face a substantial challenge in terms of their
comparison. The task becomes difficult because the scoring functions of various docking programs are defined differently and the effective search methods for the same are
yet to be discovered.
The principal complexity in drug discovery is handling
huge amount of heterogeneous data obtained in the entire
procedure and selecting the optimised lead candidate.
CADD help in a step wise drug discovery process and it
doesn’t immediately identify the ideal drug.
Furthermore the huge contribution of computational
chemistry in the progression of virtual screening, prediction of the affinity of protein and ligand binding, de novo
drug design and the estimation and prediction of the main
pharmacological properties has made drug discovery more
smooth and less time consuming.

Compliance with Ethical Standards
Conflict of interest There is no conflict of interest among the authors.
Informed Consent It was not required since it is a review article.
Research Involving Human Participants and/or Animals The manuscript does not involve any animal or human participants and hence
informed consent was not required.

13

International Journal of Peptide Research and Therapeutics

References
Ahmadi M, Shahlaei M (2015) Quantitative structure-activity relationship study of P2 × 7 receptor inhibitors using combination of
principal component analysis and artificial intelligence methods.
Res Pharm Sci 10:307
Allen WJ, Balius TE, Mukherjee S et al (2015) DOCK 6: impact of
new features and current docking performance. J Comput Chem
36:1132–1156. https://doi.org/10.1002/jcc.23905
Alvarez J, Shoichet B (2005) Drug discovery virtual screening in drug
discovery
Amin KM, Syam YM, Anwar MM et al (2017) Synthesis and molecular docking studies of new furochromone derivatives as p38α
MAPK inhibitors targeting human breast cancer MCF-7 cells.
Bioorganic Med Chem 25:2423–2436. https://doi.org/10.1016/j.
bmc.2017.02.065
Andricopulo AD, Salum LB, Abraham DJ (2009) Structure-based drug
design strategies in medicinal chemistry. Curr Top Med Chem
9:771–790. https://doi.org/10.2174/156802609789207127
Andrusier N, Mashiach E, Nussinov R, Wolfson HJ (2008) Principles
of flexible protein-protein docking. Proteins Struct Funct Genet
73:271–289
Antunes DA, Moll M, Devaurs D et al (2017) DINC 2.0: a new protein-peptide docking webserver using an incremental approach.
Cancer Res 77:e55–e57. https://doi.org/10.1158/0008-5472.
CAN-17-0511
Atta-ur- Rahman ABR (ed) (2010) Frontiers in mdecinal chemistry.
Bentham Science Publishers
Bensegueni Abderrahmane CA, Hioual Khadidja Soulef MA (2013)
Research of new molecules able to starve the tumors by molecular docking\’s method. Biochem Pharmacol Open Access 02:2–5.
https://doi.org/10.4172/2167-0501.1000117
Bertoni M, Kiefer F, Biasini M et al (2017) Modeling protein quaternary structure of homo- and hetero-oligomers beyond
binary interactions by homology. Sci Rep 7:10480. https://doi.
org/10.1038/s41598-017-09654-8
Biesiada J, Porollo A, Velayutham P et al (2011) Survey of public
domain software for docking simulations and virtual screening.
Hum Genomics 5:497–505
Campillos M, Kuhn M, Gavin A-C et al (2008a) Drug target identification using side-effect similarity. Science 321:263–266. https://
doi.org/10.1126/science.1158140
Campillos M, Kuhn M, Gavin AC et al (2008b) Drug target identification using side-effect similarity. Science (80-). https://doi.
org/10.1126/science.1158140
Chaskar P, Zoete V, Röhrig UF (2014) Toward on-the-fly quantum
mechanical/molecular mechanical (QM/MM) docking: development and benchmark of a scoring function. J Chem Inf Model
54:3137–3152. https://doi.org/10.1021/ci5004152
Chaube U, Chhatbar D, Bhatt H (2016) 3D-QSAR, molecular dynamics simulations and molecular docking studies of benzoxazepine moiety as mTOR inhibitor for the treatment of lung
cancer. Bioorganic Med Chem Lett 26:864–874. https://doi.
org/10.1016/j.bmcl.2015.12.075
Chen S, Xu Y (2004) A kind of fuzzy least squares support vector
machines for pattern classification. In: Applied computational
intelligence. MIT, Cambridge, pp 308–313
Chen B, Wang H, Wu Z et al (2017) Conformational stabilization
of FOX–DNA complex architecture to sensitize prostate cancer chemotherapy. Amino Acids 49:1247–1254. https://doi.
org/10.1007/s00726-017-2426-1
Ciordia M, Pérez-Benito L, Delgado F et al (2016) Application of free
energy perturbation for the design of BACE1 inhibitors. J Chem
Inf Model 56:1856–1871. https: //doi.org/10.1021/acs.jcim.6b002
20

13

Cortés-Ciriano I, Ain QU, Subramanian A et al (2015) Polypharmacology modelling using proteochemometrics (PCM): recent
methodological developments, applications to target families,
and future prospects. Medchemcomm 6:24–50
Costache AD, Sheihet L, Zaveri K et al (2009) Polymer-drug interactions in tyrosine-derived triblock copolymer nanospheres: a
computational modeling approach. In: Molecular pharmaceutics. pp 1620–1627
Dai Y-F, Zhao X-M (2015) A survey on the computational
approaches to identify drug targets in the postgenomic era.
Biomed Res Int. https://doi.org/10.1155/2015/239654
Das A, Bhattacharya S (2016) Different types of molecular docking based on variations of interacting molecules: variations of
molecular docking. In: Methods and algorithms for molecular
docking-based drug design and discovery. pp 148–172
De La Nuez A, Rodríguez R (2008) Current methodology for the
assessment of ADME-Tox properties on drug candidate molecules. Biotecnol Apl 25:97–110
Dhanik A, McMurray JS, Kavraki LE (2013) DINC: a new AutoDock-based protocol for docking large ligands. BMC Struct
Biol 13:11. https://doi.org/10.1186/1472-6807-13-S1-S11
Dorn M, E Silva MB, Buriol LS, Lamb LC (2014) Three-dimensional protein structure prediction: methods and computational
strategies. Comput Biol Chem 53:251–276
Dutta D, Guha R, Wild D, Chen T (2007) Ensemble feature selection: consistent descriptor subsets for multiple QSAR models.
J Chem Inf Model 47:989–997. https://doi.org/10.1021/ci600
563w
Ekins S, Mestres J, Testa B (2007) In silico pharmacology for drug
discovery: methods for virtual ligand screening and profiling.
Br J Pharmacol 152:9–20
Eldridge MD, Murray CW, Auton TR et al (1997) Empirical scoring functions: I. The development of a fast empirical scoring
function to estimate the binding affinity of ligands in receptor
complexes. J Comput Aided Mol Des 11:425–445. https://doi.
org/10.1023/A:1007996124545 doi
Feher M, Schmidt JM (2003) Property distributions: differences
between drugs, natural products, and molecules from combinatorial chemistry. J Chem Inf Comput Sci 43:218–227. https
://doi.org/10.1021/ci0200467
Ferreira L, dos Santos R, Oliva G, Andricopulo A (2015) Molecular
docking and structure-based drug design strategies. Molecules
20:13384–13421
Forli S, Huey R, Pique ME et al (2016) Computational proteinligand docking and virtual drug screening with the AutoDock
suite. Nat Protoc 11:905–919. https://doi.org/10.1038/nprot
.2016.051
Ganesan A, Coote ML, Barakat K (2017) Molecular dynamics-driven
drug discovery: leaping forward with confidence. Drug Discov
Today 22:249–269
Garrett MD, Workman P (1999) Discovering novel chemotherapeutic
drugs for the third millennium. Eur J Cancer 35:2010–2030
Geetha P, Sivaram AJ, Jayakumar R, Gopi Mohan C (2016) Integration
of in silico modeling, prediction by binding energy and experimental approach to study the amorphous chitin nanocarriers for
cancer drug delivery. Carbohydr Polym 142:240–249. https: //doi.
org/10.1016/j.carbpol.2016.01.059
Gehlhaar DK, Verkhivker GM, Rejto PA et al (1995) Molecular recognition of the inhibitor AG-1343 by HIV-1 protease: conformationally flexible docking by evolutionary programming. Chem
Biol 2:317–324. https://doi.org/10.1016/1074-5521(95)90050-0
Gelband H, Sankaranarayanan R, Gauvreau CL et al (2016) Costs,
affordability, and feasibility of an essential package of cancer
control interventions in low-income and middle-income countries: Key messages from Disease Control Priorities, 3rd edn.
Lancet 387:2133–2144

International Journal of Peptide Research and Therapeutics
Gioia D, Bertazzo M, Recanatini M et al (2017) Dynamic docking:
a paradigm shift in computational drug discovery. Molecules
22:2029. https://doi.org/10.3390/molecules22112029
Gohlke H, Klebe G (2002) Approaches to the description and prediction of the binding affinity of small-molecule ligands to macromolecular receptors. Angew. Chemie - Int Ed 41:2644–2676
Golestanian S, Sharifi A, Popowicz GM et al (2016) Discovery of novel
dual inhibitors against Mdm2 and Mdmx proteins by in silico
approaches and binding assay. Life Sci 145:240–246. https://doi.
org/10.1016/j.lfs.2015.12.047
Goodarzi M, Dejaegher B, Heyden Y, Vander (2012) Feature selection
methods in QSAR studies. J AOAC Int 95:636–651
Goodsell DS, Olson AJ (1990) Automated docking of substrates to
proteins by simulated annealing. Proteins Struct Funct Bioinform
8:195–202. https://doi.org/10.1002/prot.340080302
Grisoni F, Reker D, Schneider P et al (2017) Matrix-based molecular
descriptors for prospective virtual compound screening. Mol
Inform 36:1600091. https://doi.org/10.1002/minf.201600091
Han C, Wang B (2016) Factors that impact the developability of drug
candidates. In: Drug delivery: principles and applications. 2nd
Edn. pp 1–18
Hennig J, de Vries SJ, Hennig KD et al (2012) MTMDAT-HADDOCK:
high-throughput, protein complex structure modeling based on
limited proteolysis and mass spectrometry. BMC Struct Biol
12:29. https://doi.org/10.1186/1472-6807-12-29
Hindle SA, Rarey M, Buning C, Lengauer T (2002) Flexible docking
under pharmacophore type constraints. J Comput Aided Mol Des
16:129–149. https://doi.org/10.1023/A:1016399411208
Huey R, Morris GM, Olson AJ, Goodsell DS (2007) A emiempirical
free energy force field with charge-based desolvation. J Comput
Chem 28:1145–1152. https://doi.org/10.1002/jcc.20634
Infante P, Alfonsi R, Ingallina C et al (2016) Inhibition of Hedgehogdependent tumors and cancer stem cells by a newly identified
naturally occurring chemotype. Cell Death Dis 7:e2376. https://
doi.org/10.1038/cddis.2016.195
Jones G, Willett P, Glen RC (1995) Molecular recognition of receptor sites using a genetic algorithm with a description of desolvation. J Mol Biol 245:43–53. https://doi.org/10.1016/S0022
-2836(95)80037-9
Jones G, Willett P, Glen RC et al (1997) Development and validation
of a genetic algorithm for flexible docking. J Mol Biol 267:727–
748. https://doi.org/10.1006/jmbi.1996.0897
Joseph MM, Aswathy G, Manojkumar TK, Sreelekha TT (2016) Galactoxyloglucan-doxorubicin nanoparticles exerts superior cytotoxic
effects on cancer cells—a mechanistic and in silico approach.
Int J Biol Macromol 92:20–29. https://doi.org/10.1016/j.ijbio
mac.2016.06.093
Joseph-McCarthy D, Baber JC, Feyfant E et al (2007) Lead optimization via high-throughput molecular docking. Curr Opin Drug
Discov Devel 10:264–274
Kaboli PJ, Ismail P, Ling KH (2018) Molecular modeling, dynamics
simulations, and binding efficiency of berberine derivatives: a
new group of RAF inhibitors for cancer treatment. PLoS ONE
13:e0193941. https://doi.org/10.1371/journal.pone.0193941
Kapetanovic IM (2008) Computer-aided drug discovery and development (CADDD): in silico-chemico-biological approach.
Chem Biol Interact 171:165–176. https://doi.org/10.1016/j.
cbi.2006.12.006
Katsila T, Spyroulias GA, Patrinos GP, Matsoukas MT (2016) Computational approaches in target identification and drug discovery. Comput Struct Biotechnol J. https://doi.org/10.1016/j.
csbj.2016.04.004
Kellenberger E, Rodrigo J, Muller P, Rognan D (2004) Comparative
evaluation of eight docking tools for docking and virtual screening accuracy. Proteins Struct Funct Genet 57:225–242. https://
doi.org/10.1002/prot.20149

Kennedy JP, Williams L, Bridges TM et al (2008) Application of
combinatorial chemistry science on modern drug discovery. J
Comb Chem 10:345–354
Khan AU (2016) Descriptors and their selection methods in QSAR
analysis: paradigm for drug design. Drug Discov Today
21:1291–1302
Kitchen DB, Decornez H, Furr JR, Bajorath J (2004) Docking and
scoring in virtual screening for drug discovery: methods and
applications. Nat Rev Drug Discov 3:935–949. https: //doi.
org/10.1038/nrd1549
Kobayashi H, Harada H, Nakamura M et al (2012) Comprehensive
predictions of target proteins based on protein-chemical interaction using virtual screening and experimental verifications.
BMC Chem Biol 12:2. https://doi.org/10.1186/1472-6769-12-2
Köster H, Craan T, Brass S et al (2011) A small nonrule of 3 compatible fragment library provides high hit rate of endothiapepsin
crystal structures with various fragment chemotypes. J Med
Chem 54:7784–7796. https://doi.org/10.1021/jm200642w
Lahana R (1999) How many leads from HTS? Drug Discov Today
4:447–448
Lamb J, Crawford ED, Peck D et al (2006) The connectivity map:
using gene-expression signatures to connect small molecules,
genes, and disease. Science 313:1929–1935. https: //doi.
org/10.1126/science.1132939
Lenselink EB, Louvel J, Forti AF et al (2016) Predicting binding affinities for GPCR ligands using free-energy perturbation. ACS Omega 1:293–304. https://doi.org/10.1021/acsom
ega.6b00086
Lesko LJ, Rowland M, Peck CC, Blaschke TF (2000) Optimizing the
science of drug development: Opportunities for better candidate
selection and accelerated evaluation in humans. J Clin Pharmacol
40:803–814. https://doi.org/10.1177/00912700022009530
Li ZC, Zhou XB, Lin YR, Zou XY (2008) Prediction of protein structure class by coupling improved genetic algorithm and support vector machine. Amino Acids 35:581–590. https://doi.
org/10.1007/s00726-008-0084-z
Li H, Leung KS, Wong MH, Ballester PJ (2015) Improving autodock
vina using random forest: the growing accuracy of binding affinity prediction by the effective exploitation of larger data sets. Mol
Inform 34:115–126. https://doi.org/10.1002/minf.201400132
Liu S-S, Liu H-L, Yin C-S, Wang L-S (2003) VSMP: a novel variable
selection and modeling method based on the prediction. J Chem
Inf Comput Sci 43:964–969. https://doi.org/10.1021/ci020377j
Liu L, Ma H, Tang Y et al (2012) Discovery of estrogen receptor α
modulators from natural compounds in Si-Wu-Tang series
decoctions using estrogen-responsive MCF-7 breast cancer
cells. Bioorganic Med Chem Lett 22:154–163. https: //doi.
org/10.1016/j.bmcl.2011.11.041
Liu YX, Zhang NN, He Y, Lun LJ (2015) Prediction of core cancer genes using a hybrid of feature selection and machine
learning methods. Genet Mol Res 14:8871–8882. https://doi.
org/10.4238/2015.August.3.10
Macchiarulo A, Pellicciari R (2009) MDM2/MDMX inhibitor peptide:
WO2008106507. Expert Opin Ther Pat 19:721–726. https://doi.
org/10.1517/13543770902755137
McGann MR, Almond HR, Nicholls A et al (2003) Gaussian docking functions. Biopolymers 68:76–90. https://doi.org/10.1002/
bip.10207
McHale CM, Zhang L, Hubbard AE, Smith MT (2010) Toxicogenomic
profiling of chemically exposed humans in risk assessment.
Mutat Res Rev Mutat Res 705:172–183
Mihǎşan M (2012) What in silico molecular docking can do for the
“bench-working biologists. J Biosci 37:1089–1095
Mihăşan M (2010) Basic protein structure prediction for the biologist:
a review. Arch Biol Sci 62:857–871. https://doi.org/10.2298/
ABS1004857M

13

International Journal of Peptide Research and Therapeutics
Moreira IS, Fernandes PA, Ramos MJ (2010) Protein-protein docking
dealing with the unknown. J Comput Chem 31:317–342. https://
doi.org/10.1002/jcc.21276
Morris GM, Ruth H, Lindstrom W et al (2009) Software news and
updates AutoDock4 and AutoDockTools4: automated docking
with selective receptor flexibility. J Comput Chem 30:2785–
2791. https://doi.org/10.1002/jcc.21256
Mueller R, Rodriguez AL, Dawson ES et al (2010) Identification of
metabotropic glutamate receptor subtype 5 potentiators using virtual high-throughput screening. ACS Chem Neurosci. 1:288–305
https://doi.org/10.1021/cn9000389
Newman DJ, Cragg GM (2016) Natural products as sources of new
drugs over the 30 years from 1981 to 2014. J Nat Prod 79:629–
661. https://doi.org/10.1021/np200906s
Niazi S, Purohit M, Sonawani A, Niazi JH (2018) Revealing the
molecular interactions of aptamers that specifically bind to the
extracellular domain of HER2 cancer biomarker protein: an in
silico assessment. J Mol Graph Model 83:112–121. https://doi.
org/10.1016/j.jmgm.2018.06.003
Nissink JWM, Murray C, Hartshorn M et al (2002) A new test set
for validating predictions of protein-ligand interaction. Proteins Struct Funct Genet 49:457–471. https://doi.org/10.1002/
prot.10232
Omran Z, Rauch C (2014) Acid-mediated Lipinski’s second rule:
application to drug design and targeting in cancer. Eur Biophys
J 43:199–206. https://doi.org/10.1007/s00249-014-0953-1
Pagadala NS, Syed K, Tuszynski J (2017) Software for molecular docking: a review. Biophys Rev 9:91–102
Patil SP, Pacitti MF, Gilroy KS et al (2015) Identification of antipsychotic drug fluspirilene as a potential p53-MDM2 inhibitor:
a combined computational and experimental study. J Comput
Aided Mol Des 29:155–163. https://doi.org/10.1007/s1082
2-014-9811-6
Penrod NM, Moore JH (2014) Influence networks based on coexpression improve drug target discovery for the development
of novel cancer therapeutics. BMC Syst Biol 8:12. https://doi.
org/10.1186/1752-0509-8-12
Pingwara R, Witt-Jurkowska K, Ulewicz K et al (2017) Interferon
lambda 2 promotes mammary tumor metastasis via angiogenesis extension and stimulation of cancer cell migration. J Physiol
Pharmacol 68:573–583
Polgár T, Keserü GM (2005) Virtual screening for β-secretase
(BACE1) inhibitors reveals the importance of protonation states
at Asp32 and Asp228. J Med Chem 48:3749–3755. https://doi.
org/10.1021/jm049133b
Ramshankar V, Yegnaswamy S, Arvind PK K (2014) Molecular docking studies shows tivozanib and lapatinib as potential inhibitors
of EML4-ALK translocation mediated fusion protein in non
small cell lung cancer. Bioinformation 10:658–663. https://doi.
org/10.6026/97320630010658
Raymer ML, Sanschagrin PC, Punch WF et al (1997) Predicting
conserved water-mediated and polar ligand interactions in proteins using a k-nearest-neighbors genetic algorithm. J Mol Biol
265:445–464. https://doi.org/10.1006/jmbi.1996.0746
Rengaraj A, Subbiah B, Haldorai Y et al (2017) Correction:
PAMAM/5-fluorouracil drug conjugate for targeting E6 and E7
oncoproteins in cervical cancer: a combined experimental/in
silico approach. RSC Adv 7:5046–5054. https: //doi.org/10.1039/
c7ra90017a
Repasky MP, Shelley M, Friesner R (2007) Flexible ligand docking
with Glide. Curr Protoc Bioinformatics 18:8–12. https://doi.
org/10.1002/0471250953.bi0812s18
Rodriguez AL, Grier MD, Jones CK et al (2010) Discovery of novel
allosteric modulators of metabotropic glutamate receptor subtype 5 Reveals chemical and functional diversity and in vivo
activity in rat behavioral models of anxiolytic and antipsychotic

13

activity. Mol Pharmacol 78:1105–1123. https://doi.org/10.1124/
mol.110.067207
Sak K (2012) Chemotherapy and dietary phytochemical agents. Chemother Res Pract 2012:1–11. https: //doi.org/10.1155/2012/282570
Sakri SB, Abdul Rashid NB, Muhammad Zain Z (2018) Particle swarm
optimization feature selection for breast cancer recurrence prediction. IEEE Access 6:29637–29647. https://doi.org/10.1109/
ACCESS.2018.2843443
San Diego: Accelrys Software Inc (2012) Discovery studio modeling
environment, Release 3.5. In: Accelrys Softw. Inc
Schneider G, Fechner U (2005) Computer-based de novo design of
drug-like molecules. Nat Rev Drug Discov 4:649–663
Sedykh A, Fourches D, Duan J et al (2013) Human intestinal transporter database: QSAR modeling and virtual profiling of drug
uptake, efflux and interactions. Pharm Res 30:996–1007. https
://doi.org/10.1007/s11095-012-0935-x
Shahlaei M (2013) Descriptor selection methods in quantitative structure-activity relationship studies: a review study. Chem Rev
113:8093–8103
Shahlaei M, Madadkar-Sobhani A, Saghaie L, Fassihi A (2012) Application of an expert system based on Genetic Algorithm-Adaptive
Neuro-Fuzzy Inference System (GA-ANFIS) in QSAR of cathepsin K inhibitors. Expert Syst Appl 39:6182–6191. https://doi.
org/10.1016/j.eswa.2011.11.106
Soto A, Cecchini R, Vazquez G, Ponzoni I (2009) Multi-objective
feature selection in QSAR using a machine learning approach.
QSAR Comb Sci 28:1509–1523. https  : //doi.org/10.1002/
qsar.200960053
Spiliotopoulos D, Kastritis PL, Melquiond ASJ et al (2016) dMMPBSA: a new HADDOCK scoring function for protein-peptide
docking. Front Mol Biosci 3:46. https://doi.org/10.3389/fmolb
.2016.00046
Stahl M, Rarey M (2001) Detailed analysis of scoring functions for
virtual screening. J Med Chem 44:1035–1042. https: //doi.
org/10.1021/jm0003992
Steinbrecher TB, Dahlgren M, Cappel D et al (2015) Accurate binding
free energy predictions in fragment optimization. J Chem Inf
Model 55:2411–2420. https://doi.org/10.1021/acs.jcim.5b00538
Szumilak M, Lewgowd W, Stańczak A (2016) In silico ADME studies
of polyamine conjugates as potential anticancer drugs. Acta Pol
Pharm - Drug Res 73:1191–1200
Tam K (2013) Estimating the “First in human” dose—a revisit with
particular emphases in oncology drugs. ADMET DMPK 1:63–
75. https://doi.org/10.5599/admet.1.4.10
Trott O, Olson A (2010a) AutoDock Vina: inproving the speed and
accuracy of docking with a new scoring function, efficient optimization and multithreading. J Comput Chem 31:455–461. https
://doi.org/10.1002/jcc.21334.AutoDock
Trott O, Olson AJ (2010b) Software news and update AutoDock Vina:
improving the speed and accuracy of docking with a new scoring
function, efficient optimization, and multithreading. J Comput
Chem 31:455–461. https://doi.org/10.1002/jcc.21334
Usha T, Kumar S, Kumar A et al (2014) Molecular docking studies
of anti-cancerous candidates in Hippophae rhamnoides and
Hippophae salicifolia. J Biomed Res 28:406–415. https://doi.
org/10.7555/JBR.28.20130110
Van Dijk ADJ, De Vries SJ, Dominguez C et al (2005) Data-driven
docking: HADDOCK’S adventures in CAPRI. In: Proteins:
structure, function and genetics. pp 232–238
Venkatachalam CM, Jiang X, Oldfield T, Waldman M (2003) LigandFit: a novel method for the shape-directed rapid docking of
ligands to protein active sites. J Mol Graph Model 21:289–307.
https://doi.org/10.1016/S1093-3263(02)00164-X
Verdonk ML, Cole JC, Hartshorn MJ et al (2003) Improved proteinligand docking using GOLD. Proteins 52:609–623. https://doi.
org/10.1002/prot.10465

International Journal of Peptide Research and Therapeutics
Vidhyeswari D, Surendhar A, Sivalingam A et al (2014) Molecular
modelling and docking studies of some marine natural products
as lead for anti-cancer. 3:56–61
Wang J, Wolf RM, Caldwell JW et al (2004) Development and testing
of a general Amber force field. J Comput Chem 25:1157–1174.
https://doi.org/10.1002/jcc.20035
Xin M, Li R, Xie M et al (2014) Small-molecule Bax agonists for
cancer therapy. Nat Commun 5:4935. https://doi.org/10.1038/
ncomms5935
Yamanishi Y, Kotera M, Kanehisa M, Goto S (2010) Drug-target interaction prediction from chemical, genomic and pharmacological
data in an integrated framework. Bioinformatics 26:246–254.
https://doi.org/10.1093/bioinformatics/btq176
Yang S-P, Song S-T, Tang Z-M, Song H-F (2003) Optimization of antisense drug design against conservative local motif in simulant
secondary structures of HER-2 mRNA and QSAR analysis. Acta
Pharmacol Sin 24:897–902
Yıldırım MA, Goh K-I, Cusick ME et al (2007) Drug—target network.
Nat Biotechnol. https://doi.org/10.1038/nbt1338
Ying H, Xie J, Liu X et al (2017) Discriminatory analysis based molecular docking study for in silico identification of epigallocatechin3-gallate (EGCG) derivatives as B-Raf V600E inhibitors. RSC Adv
7:44820–44826. https://doi.org/10.1039/C7RA04788F
Yousuf Z, Iman K, Iftikhar N, Mirza MU (2017) Structure-based virtual screening and molecular docking for the identification of
potential multi-targeted inhibitors against breast cancer. Breast

Cancer Targets Ther 9:447–459. https://doi.org/10.2147/BCTT.
S132074
Yu X, Liang Q, Liu W et al (2017a) Deguelin, an Aurora B Kinase
Inhibitor, Exhibits Potent Anti-Tumor Effectin Human Esophageal Squamous Cell Carcinoma. EBioMedicine 26. https://doi.
org/10.1016/j.ebiom.2017.10.030
Yu Y, Katiyar SP, Sundar D et al (2017b) Withaferin-A kills cancer
cells with and without telomerase: chemical, computational
and experimental evidences. Cell Death Dis 8. https://doi.
org/10.1038/cddis.2017.33
Zeng Z, Zhang H, Zhang R, Zhang Y (2014) A hybrid feature selection
method based on rough conditional mutual information and naive
Bayesian Classifier. ISRN Appl Math
Zhang B, Liu L, Zhao S et al (2013) Vitexicarpin acts as a novel angiogenesis inhibitor and its target network. Evidence-based Complement Altern Med. https://doi.org/10.1155/2013/278405
Zhao S, Li S (2010) Network-based relating pharmacological and
genomic spaces for drug target identification. PLoS ONE
5:e11764. https://doi.org/10.1371/journal.pone.0011764
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

13

