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ABSTRACT
Lung cancer is a complex disease that involves multiple types of biological interactions across diverse, physical, temporal, and biological scales. This
complexity presents substantial challenges for the characterization of lung cancer, and motivates the study of cancer in the context of molecular,
cellular, and physiological systems. Computational models of Lung cancer are being developed to aid both biological discovery and clinical medicine.
The development of these in silico models is facilitated by rapidly advancing experimental and analytical tools that generate information-rich, highthroughput biological data. Protein structure prediction by using bioinformatics can involve sequence similarity searches, multiple sequence
alignments, identification and characterization of domains, secondary structure prediction, solvent accessibility prediction, automatic protein fold
recognition, constructing three-dimensional models to atomic detail, and model validation. Till today technologies like combinatorial chemistry and
high-throughput screening (HTS) authorize biological assays of a large number of small molecules against the therapeutically relevant targets.
However, the escalating costs highlight the need of developing novel approaches while still allowing one to explore larger chemical diversity. In this
respect, Virtual ligand screening (VLS) is established as an attractive approach to handle large sets of compounds and to improve the “hit-rate” of
drug discovery programs. Here, we review the main Ligand Screening techniques applied for structure-based drug design and we focus on key
concepts in the molecular docking–scoring methodology in lung cancer. These methods, if used appropriately, can provide valuable indicators of
protein structure and function for the different type of cancers.

Keywords: Lung cancer, Molecular modeling, Sequence similarity searches, Multiple sequence alignment, Secondary structure prediction, Virtual
screening, Structure-based drug design, Polo like kinase 1, Thrombomodulin, Review.
INTRODUCTION
Computational methods that predict the structure and specificity of
protein-protein interactions can yield deep insight into the
structural biology of many biochemical pathways. Through highresolution structures of protein-interactions we can identify the
structural mechanisms of diseases, engineer proteins towards
specific functions, and design drugs that disrupt pathogenesis.
Challenges in accurately modeling protein interactions include
efficiently sampling the conformational space available for two
proteins to interact, and adequately approximating the free energy
of the conformational landscape to correctly predict the structure
and specificity of the protein interaction.

Systems biology is a rapidly growing discipline that employs an
integrative approach to characterize biological systems, in which
interactions among all components in a system are described
mathematically to establish a computable model. These in silico
models – which complement traditional in vivo animal models – can
be simulated to quantitatively study the emergent behavior of a
system of interacting components. The advent of high-throughput
experimental tools has allowed for the simultaneous measurement of
thousands of biomolecules, paving the way for in silico model
construction of increasingly large and diverse biological systems.
Integrating heterogeneous dynamic data into quantitative predictive
models holds great promise to significantly increase our ability to
understand and rationally intervene in disease-perturbed biological
systems.

This promise – particularly with regards to personalized medicine
and medical intervention – has motivated the development of new
methods for systems analysis of human biology and disease. Even
though cancer has been among the most-studied human diseases
using systems approaches, significant challenges remain before the
enormous potential of in silico cancer biology can be fully realized.
Cancer is an intrinsically complex and heterogeneous disease,
making it particularly amenable to systems biology approaches.

Malignant tumors develop as a function of multiple biological
interactions and events, both in the molecular domain among individual
genes and proteins, and the cellular and physiological levels between
functionally diverse somatic cells and tissues [1]. (fig.1)

Fig. 1: Biological scales and potential modeling approaches

At the molecular level, genetic lesions interact synergistically to
evade tumor suppression pathways, with not even a single mutation
typically sufficient to cause transformation [2–6]. Beyond genetic
mutations, transformed cells can exhibit changes in expression of
hundreds to thousands of genes and proteins [7–9]. Genetic
modifications observed in cancer are often accompanied by changes
at the epigenetic level [10–15].
The convolution of genetic effects and epigenetic modifications
illustrates the complex, nonlinear relationship between molecular
state and cellular cancer phenotype, emphasizing the need for
heterogeneous data integration through in silico models. (fig.2)
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discovery approaches, and face various difficulties in finding new
drugs [25]. In the highly competitive ‘‘winner takes all’’
pharmaceutical industry, the first company to patent a new chemical
entity (NCE i. e., new drug candidate) for a specific treatment takes
all the spoils, leaving other competitors to mostly wait for patent
expirations to partake in the largesse. Nowadays, therefore,
pharmaceutical companies invest heavily in all those approaches
that show potential to accelerate any phase of the drug development
process [26]. The increasing pressure to generate more and more
drugs in a short period of time with low risk has resulted in
remarkable interest in bioinformatics [27]. In fact, now there is an
existence of new, separate field, known as computer-aided drug
design (CADD) [28-29].
Fig. 2: Flowchart of Structure-based Virtual Ligand Screening
(SB-VLS) versus High-Throughput Screening (HTS) for hit
identification.
Virtual Ligand Screening: Another alternative to HTS (High
throughput screening)
The current post genomic era has been characterized by a large
increase in the number of potential therapeutic targets amenable to
investigation. This growth is. In turn, increasing pressure on the
ability of the pharmaceutical industry to prioritize programmes and
conduct lead discovery in a highly efficient manner. Such pressure is
evident in a recent statistic: Over the past 10 years only 25% of
quality targets have yielded a quality lead series. Logistical reasons
could be put forward to explain this, such as inefficient programme
management, but the overriding significance of this figure is that the
technology used to generate leads from a given target is not
functioning efficiently. The financial implications of this high
attrition rate, even to the lead identification stage, are huge. There is
an urgent need therefore to review the technologies currently
employed in lead identification and critically assess which
methodologies are likely to increase productivity at the early
discovery stages. High Throughput Screening (HTS) has traditionally
been the most widely used methodology at the hit finding stage of
the drug discovery process. In contrast to HTS, lead discovery using
a target structure as a starting point for computational techniques to
screen. Design and prioritise compounds is promising to be a much
more efficient process. This in silico structure-based design is
rapidly becoming the lead identification cornerstone of many drug
discovery processes. VS has quickly gained popularity because it can
be used to screen a company’s current compound collection and hits
resulting from this process can be tested in a time efficient manner
(without synthesis usually). This is the simplest use case of VS and
reflects its main application today. Regardless of research, there is
always likely to be a trade-off between accuracy of scoring and the
genuine high throughput nature of Virtual Screening.

Virtual ligand screening based on the 3D structure of macro
molecular targets (structure-based SB-VLS) is widely applied to
identify chemical entities that have a high likelihood of binding to a
target molecule to elicit desired biological responses [16-19]. For
SB-VLS methods (FIG. 3), it is assumed that the 3D structure of the
target is known either by X-ray crystallography or NMR
experiments, or predicted by homology modeling [20-23]. The
principle here is to dock all the ligands present in a database into the
binding pocket. In principle, this approach accesses a vast virtual
chemistry space, far in excess of what could ever be biologically
screened. As such, this process is likely to locate many new scaffolds,
critical in ‘me too’ drug discovery programmes where the IP
coverage on a given target is likely to be heavy. The downside of the
vs approach is ensuring the chemical feasibility of the predicted
structures which represents an on-going technical challenge with
the selected target and evaluates the fit between the molecules [24].
Bioinformatics and drug discovery

Drug discovery is the step-by-step process by which new candidate
drugs are discovered. Traditionally, pharmaceutical companies
follow well-established pharmacology and chemistry-based drug

Fig. 3: The role of bioinformatics in various stages of drug
discovery process
One of the major thrusts of current bioinformatics approaches is the
prediction and identification of biologically active candidates, and
mining and storage of related information. Drugs are usually only
developed when the particular drug target for those drugs’ actions
have been identified and studied. The number of potential targets
for drug discovery process is increasing exponentially. In addition to
identifying new targets that offer more potential for new drugs [3031]. This is an area where the human genome information is
expected to play a master role [32]. Drug developers are presented
with an unaccustomed luxury of choice as more genes are identified
and the drug discovery cycle becomes more data-intensive [33].

Comparative homology modeling

The aim of comparative or homology protein structure modeling is
to build a three-dimensional (3D) model for a protein of unknown
structure (the target) on the basis of sequence similarity to proteins
of known structure (the templates) [34-38]. Two conditions must be
met to build a useful model. First, the similarity between the target
sequence and the template structure must be detectable. Second, a
substantially correct alignment between the target sequence and the
template structures must be calculated. Comparative modeling is
possible because small changes in the protein sequence usually
result in small changes in its 3D structure [39]. Although
considerable progress has been made in ab initio protein structure
prediction [40], comparative protein structure modeling remains
the most accurate prediction method. The overall accuracy of
comparative models spans a wide range, from low resolution models
with only a correct fold to more accurate models comparable to
medium resolution structures determined by crystallography or
nuclear magnetic resonance (NMR) spectroscopy. The 3D structures
of proteins in a family are more conserved than their sequences
[41]. Therefore, if similarity between two proteins is detectable at
the sequence level, structural similarity can usually be assumed.
Moreover, even proteins that have non detectable sequence
similarity can have similar structures. It has been estimated that
approximately one third of all sequences are recognizably related to
at least one known protein structure [42-46]. Because the number of
known protein sequences is approximately 500,000 [47],
comparative modeling could in principle be applied to more than
150,000 proteins. This number can be compared to approximately
11
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10,000 protein structures determined by experiment [48-49]. The
usefulness of comparative modeling is steadily increasing because
the number of unique structural folds that proteins adopt is limited
[50] and because the number of experimentally determined new
structures is increasing exponentially [51]. It is possible that in less
than 10 years at least one example of most structural folds will be
known, making comparative modeling applicable to most protein
sequences. All current comparative modeling methods consist of
four sequential steps (fig. 4): fold assignment and template selection,
template–target alignment, model building, and model evaluation. If
the model is not satisfactory, template selection, alignment, and
model building can be repeated until a satisfactory model is
obtained.

Fig. 4: Steps in comparative protein structure modeling
An introduction to docking
The docking process involves the prediction of ligand conformation
and orientation (or posing) within a targeted binding site. In general,
there are two aims of docking studies: accurate structural modeling
and correct prediction of activity. However, the identification of
molecular features that are responsible for specific biological
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 [52]. The process begins with the application
of docking algorithms that pose small molecules in the active site.
This in itself is challenging, as even relatively simple organic
molecules can contain many conformational degrees of freedom.
Sampling these degrees of freedom must be performed with
sufficient accuracy to identify 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.
Relatively simple scoring functions continue to be heavily used, at
least during the early stages of docking simulations. 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 salvation or
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entropic effects [53]. It should also be noted that ligand-binding
events are driven by a combination of enthalpic and entropic effects,
and that either entropy or enthalpy can dominate specific
interactions. This often presents a conceptual problem for
contemporary scoring functions because most of them are much
more focused on capturing energetic than entropic effects. In
addition to problems associated with scoring of compound
conformations, other complications exist that make it challenging to
accurately predict binding conformations and compound activity.
These include, among others, limited resolution of crystallographic
targets, inherent flexibility, 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 scientifically complex.
Molecular representations for docking

To evaluate various docking methods, it is important to consider
how the protein and ligand are represented. There are three basic
representations of the receptor: atomic, surface and grid [54] Among
these, atomic representation is generally only used in conjunction
with a potential energy function [55] and often only during final
RANKING procedures (because of the computational complexity of
evaluating pair-wise atomic interactions). Surface-based docking
programs are typically, but not exclusively, used in protein–protein
docking [56-57]. Connolly’s early work on molecular surface
representations is mainly responsible for spawning much of the
research in this area [58-59]. These methods attempt to align points
on surfaces by minimizing the angle between the surfaces of
opposing molecules [60].
Therefore, a rigid body approximation is still the standard for many
protein–protein docking techniques. The use of potential energy
grids was pioneered by Goodford [61], and various docking
programs use such grid representations for energy calculations. The
basic idea is to store information about the receptor’s energetic
contributions on grid points so that it only needs to be read during
ligand scoring. In the most basic form, grid points store two types of
potentials: electrostatic and vander Waals shows a representative
grid for capturing electrostatic potentials, and illustrates the
electrostatic potential of a bound inhibitor mapped on its molecular
surface.
Computing Systems for Protein Structure Prediction (review)

Rasmol [62] is a macromolecule viewer; the correct mime-types and
helper-applications need to be set in the browser’s preferences to
view structures. Rasmol was not designed to manipulate atomic
stereochemistry. Software such as Composer [63-64], Modeller [65],
What If [66], SwissModel [67], and Naomi [68] are of value in
protein structure modeling to atomic detail (table 1). In addition to
building protein models, software packages are required to
interactively visualize and monitor the building process. Commercial
packages for molecular modeling, developed by Accelrys and Tripos,
can provide these facilities (table 1).
These commercial products have extensive graphical user interfaces
and have been developed with emphasis on ease of use and project
management and continuity.

Table 1: Tools for comparative molecular modeling of protein structures

Server
Ref.
URL
Academic Versions
COMPOSER^
(63,64)
http: //www-cryst. bioc. cam. ac. uk/
Modeller*
(65)
http: //guitar. rockefeller. edu/modeller/
WhatIF^
(66)
http: //www. sander. embl-heidelberg. de/whatif/
SwissModel^
(67)
http: //www. expasy. ch/swissmod/SWISSMODEL. html
NAOMI^
(68)
http: //www. cambridgeantibody. com/
Commercial
Modeller*
(65)
http: //www. accelrys. com/
Homology^
(80)
http: //www. accelrys. com/
DISCOVER
–
http: //www. accelrys. com/
SYBYL
–
http: //www. tripos. com/
COMPOSER^
(63,64)
http: //www. tripos. com/
The key to the symbols used follows: *_ restraint-based molecular modeling techniques; ^_ rigid-body fragment assembly techniques.
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Proteins of our Interest in lung cancer
Lung cancer constitutes one of the leading causes of death in
industrialized countries, and its incidence is rapidly growing in
developing nations worldwide. Although tobacco smoke and other
environmental pollutants are responsible for more than 80–90% of
the cases in men [69] it is well established that less than 10–15% of
smokers develop lung cancer, indicating that other factors might
contribute to the development of this disease [70-71]. Human lung
cancer cells have been found to express varying degrees of several
kinds of onco developmental antigens, such as carcino embryonic
antigen and stage-specific embryonic antigen related antigens,
which are found expressed in stage-specific lung buds of human
embryos and may play some role in the cell-to-cell interactions. Here
we discuss mainly about two proteins which are highly expressed in
lung cancer namely Polo like kinase1, Thrombomodulin.
Thrombomodulin acts as an important oncodevelopmental antigen
which is found expressed in lung cancer cells. Extensive studies have
shown that Plk1 expression is elevated in non-small-cell lung cancer,
head and neck cancer, esophageal cancer, gastric cancer,
melanomas, breast cancer, ovarian cancer, endometrial `cancer,
colorectal cancer, gliomas, and thyroid cancer. Polo like kinase 1
(Plk1) gene and protein expression has been proposed as a new
prognostic marker for many types of malignancies, and Plk1 is a
potential target for cancer therapy [72-74]. Selection of a potential
target for therapy is a daunting task. In-silico modeling is a
multidisciplinary method integrating mathematical models with
experimental (in vitro and in vivo) and clinical data [75]. Homology
or evolutionary relatedness represents a key concept in studying
protein sequence, structure, and function. Homologs can be inferred
by sequence similarity search tools such as the popular sequenceprofile comparison method PSI-BLAST [76]. Basic Local Alignment
Search Tool (BLAST) provides an "expect" value, statistical
information about the significance of each alignment [77]. MACS
(multiple alignments of complete sequences) are typically used to
perform comparative analysis at the genome level, to define the
phylogentic relationships between organisms in evolutionary
studies, to identify conserved functional residues, motifs or domains
and to predict protein [78]. Comparative, or homology, modelling
structures is the most widely used prediction method when the
target protein has homologues of known structure [79].

This study is aimed at modeling and evaluating the structure and we
review the main VLS techniques applied for structure-based drug
design and we focus on key concepts in the molecular docking–
scoring methodology. These methods, if used appropriately, can
provide valuable indicators of protein structure and function for
different type of cancers.
Methods

Bioinformatics is a rapidly evolving science, and new and improved
versions of the software and databanks are released frequently.
Therefore, the methods are presented as a guide to the principles
relevant and applicable in the field. Before setting out, it is important
to have some background understanding of the following: the
databank search algorithms; the information content of the
databanks; sequence retrieval from the databanks; sequence
alignments; protein structures and Unix commands.
Search for a structural homolog using standard search methods

A sequence similarity search can be performed to query a protein
sequence against the amino-acid sequences of known 3D protein
structures. If a structural homolog has been reliably identified for a
significant fraction of the query sequence, a model can be built by
using standard homology modeling methods [63–68] [80]. BLASTP
[81] was used to detect sequence similarities in a databank of
protein sequences with solved structures. The proteins of our
interest are Polo like kinase 1, thrombomodulin derived from the
gene expression data of Lung cancer through micro array
technology.
Sequence retrieval from swissprot

Amino acid sequences retrieved from swissprot/uniprot (www.
uniprot. org) provides descriptions of a non-redundant set of
proteins
including
their
function,
domain
structure,
posttranslational modifications and variants [82] [83]. This database
merges all proteins in single entry coded by one gene so as to
minimize redundancy and improve reliability with fully featured
information. Cross-references with other databases modemize
swissprot entries to hold detailed expertise [84]. The accession number
of our retrieved sequences is Q58A51 and P07204. (fig. 5 &6).

Fig. 5: Sequence retrieval from Swissprot page PLK-1
Protein structure
visualization

optimization,

quality

assessment

and

Structural homologous entries were obtained for proteins through
local alignment search using BlastP (Basic Local Alignment Search
Tool) [85], against Protein Data Bank (PDB) [81].

(fig. 7 & 8) Comparison of homology models with known structure
(Template) may also reveal similarities which allow biochemical and
biological functions to be inferred. The alignment was used for
comparative modelling to build 3D model by satisfaction of spatial
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restraints using Modeller9v7 [86]. The core modelling procedure
begins with an alignment of the sequence to be modelled (Target)
with related known 3D structures (templates). This alignment is
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usually input to the program. The output is a 3D model for the target
sequence containing all main chain and side chain non hydrogen
atoms.

Fig. 6: Sequence retrieval from swissprot page Thrombomodulin

Fig. 7: Blast search and alignment for polo like kinase 1.

Fig. 8: Blast search and alignment for thrombomodulin
Validation of protein structure models
MODELLER generated several preliminary models which were
ranked based on their DOPE scores. Some models having low DOPE
score were selected and stereochemical property of each models
was assessed by PROCHECK [87-88]. PROCHECK server was used for
the validation of modeled Esx homeobox-1 protein structure
14
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analysis of the model was done to check whether the residues are
falling in the most favored region in the Ramachandran’s plot or not.
The model with the least number of residues in the disallowed
region was selected for further studies. Quality of models was
evaluated with respect to energy and stereochemical geometry.
ProSA-Web server [89] was employed to evaluate energy and verify
3Dserver [90] to evaluate the local compatibility of the model
related to good protein structure.

J Crit Rev, Vol 1, Issue 1, 10-24

Polo like kinase I (Q58A51) was subjected to homology search
against PDB database using BlastP to identify significant structural
homologs to be used as template for homology modelling. The
results indicated the presence of Pkc like superfamily domain and
the best homolog was 3KB7 with 99 % identity with the query
protein and thus served as a template for modelling and the
modelled protein obtained is shown in (fig. 9) and validation were
done using the Ramachandran map (fig.10.) After loop refinement.

Fig.10: Ramachandran plot of Polo like kinase1
Ramachandran Analysis was performed to determine the stability of
the modelled structure. Subsequently the model structure was
validated using PROCHECK, which determine stereo chemical
aspects along with main chain and side chain parameters with
comprehensive analysis. The model obtained after refining the
protein structure was checked for its structural accuracy by the
following program: Ramachandran Plot Analysis, using SAVES
SERVER (Structural analysis and verification server). Ramachandran
plot Analysis was performed to determine the stability of the
modelled structure. Subsequently the model structure was validated
using PROCHECK, which determine stereo chemical aspects along
with main chain and side chain parameters with comprehensive
analysis.

Fig. 9: Structure of Polo like kinase I visualised using Rasmol

Thrombomodulin (P07204) was subjected to homology search
against PDB database using BlastP to identify significant structural
homologues to be used as template for homology modelling. The
results indicated the presence of CLECT super family domain and
the best homolog was 3P5B with 42 % identity with the query
protein and thus served as a template for modelling and the
modelled protein obtained is shown in (fig.11.) and Validation was
done using Ramachandran map (fig.12.) after loop refinement.

Fig. 11: Structure of Thrombomodulin visualised using Rasmol
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and compositional properties of the genomic DNA for the given
organism. This set of exons/genes is then printed to an output file
(the text output) together with the corresponding predicted peptide
sequences. A graphical (PostScript) output may also be created
which displays the location and DNA strand of each predicted exon.
Unlike the majority of other currently available gene prediction
programs, the model treats the most general case in which the
sequence may contain no genes, one gene, or multiple genes on
either or both DNA strands and partial genes as well as complete
genes are considered. The most important restrictions are that only
protein coding genes are considered (and not tRNA or rRNA genes,
for example), and that transcription units are assumed to be nonoverlapping. [91]. Following are the GENSCAN results predicted for
the proteins PLk-1 and Thrombomodulin.

Homo sapiens polo-like kinase 1

> Homo sapiens polo-like kinase 1 (PLK1), mRNA
> Homo sapiens polo-like kinase 1 (PLK1), mRNA

GAGCGGTGCGGAGGCTCTGCTCGGATCGAGGTCTGCAGCGCAGCTTCGG
GAGCATGAGTGCTGCAGTGAC
Fig. 12: Ramachandran plot of Thrombomodulin
Gene structure prediction
Over the past few years, there has been a gradual increase in both
the accuracy of comparative models and the fraction of protein
sequences that can be modeled with useful accuracy. The magnitude
of errors in fold assignment, alignment, and the modeling of side
chains, loops, distortions, and rigid body shifts has decreased
measurably. This is a consequence of both better techniques and a
larger number of known protein sequences and structures.
Nevertheless, all the errors remain significant and demand future
methodological improvements. In addition, there is a great need for
more accurate detection of errors in a given protein structure model.
Error detection is useful both for refinement and interpretation of
the models. The biological role of a protein is determined by its
function, which is in turn largely determined by its structure. Thus
there is more benefit in knowing the three dimensional structures of
all the proteins. Although more and more structures are determined
experimentally at an accelerated rate, it is simply not possible to
determine all the protein structures from experiments. As more and
more protein sequences are determined, there is more need for
predicting protein structures computationally. Decades of intense
research in this area brought about huge progress in our ability to
predict protein structures from sequences only. This process is an
efficient way for enriching potential target genes, and for identifying
those that are critical for normal cell functions.

Protein structure prediction aims to model the three-dimensional
(3D) structure of so far structurally uncharacterized proteins from
their amino acid sequence. Motivated by the observation that
homologous proteins with related amino acid sequences have
similar 3D structures, protein homology modelling uses comparative
methods to generate models for a target protein based on one or
more related proteins with known 3D structure. The coordinates of
the model are generated based on alignments between the target's
and template's amino acid sequences, which define the
correspondence between residues in both proteins. Ultimately, the
quality of a computational model determines its usefulness for
specific biomedical applications. Therefore, model quality estimation
methods are used to identify unreliable or erroneous regions in the
resulting models, and to estimate the overall accuracy of a model.
Genscan

GENSCAN is a gene structure prediction system program which
analyzes genomic DNA sequences from a variety of organisms
including human, other vertebrates, invertebrates and plants. For
each sequence, the program determines the most likely "parse"
(gene structure) under a probabilistic model of the gene structural

TGCAGGGAAGCTGGCACGGGCACCGGCCGACCCTGGGAAAGCCGGGGTC
CCCGGAGTTGCAGCTCCCGGA
GCTCCGGCGGCGGCTCCACCGGCGAAAGAGATCCCGGAGGTCCTAGTGG
ACCCACGCAGCCGGCGGCGCT

ATGTGCGGGGCCGCTTTTTGGGCAAGGGCGGCTTTGCCAAGTGCTTCGA
GATCTCGGACGCGGACACCAA

GGAGGTGTTCGCGGGCAAGATTGTGCCTAAGTCTCTGCTGCTCAAGCCG
CACCAGAGGGAGAAGATGTCC
ATGGAAATATCCATTCACCGCAGCCTCGCCCACCAGCACGTCGTAGGAT
TCCACGGCTTTTTCGAGGACA
ACGACTTCGTGTTCGTGGTGTTGGAGCTCTGCCGCCGGAGGTCTCTCCT
GGAGCTGCACAAGAGGAGGAA

AGCCCTGACTGAGCCTGAGGCCCGATACTACCTACGGCAAATTGTGCTT
GGCTGCCAGTACCTGCACCGA

AACCGAGTTATTCATCGAGACCTCAAGCTGGGCAACCTTTTCCTGAATG
AAGATCTGGAGGTGAAAATAG
GGGATTTTGGACTGGCAACCAAAGTCGAATATGACGGGGAGAGGAAGA
AGACCCTGTGTGGGACTCCTAA
TTACATAGCTCCCGAGGTGCTGAGCAAGAAAGGGCACAGTTTCGAGGT
GGATGTGTGGTCCATTGGGTGT

ATCATGTATACCTTGTTAGTGGGCAAACCACCTTTTGAGACTTCTTGCC
TAAAAGAGACCTACCTCCGGA

TCAAGAAGAATGAATACAGTATTCCCAAGCACATCAACCCCGTGGCCGC
CTCCCTCATCCAGAAGATGCT
TCAGACAGATCCCACTGCCCGCCCAACCATTAACGAGCTGCTTAATGAC
GAGTTCTTTACTTCTGGCTAT

ATCCCTGCCCGTCTCCCCATCACCTGCCTGACCATTCCACCAAGGTTTTC
GATTGCTCCCAGCAGCCTGG
ACCCCAGCAACCGGAAGCCCCTCACAGTCCTCAATAAAGGCTTGGAGAA
CCCCCTGCCTGAGCGTCCCCG
GGAAAAAGAAGAACCAGTGGTTCGAGAGACAGGTGAGGTGGTCGACTG
CCACCTCAGTGACATGCTGCAG
CAGCTGCACAGTGTCAATGCCTCCAAGCCCTCGGAGCGTGGGCTGGTCA
GGCAAGAGGAGGCTGAGGATC

CTGCCTGCATCCCCATCTTCTGGGTCAGCAAGTGGGTGGACTATTCGGA
CAAGTACGGCCTTGGGTATCA

GCTCTGTGATAACAGCGTGGGGGTGCTCTTCAATGACTCAACACGCCTC
ATCCTCTACAATGATGGTGAC

AGCCTGCAGTACATAGAGCGTGACGGCACTGAGTCCTACCTCACCGTGA
GTTCCCATCCCAACTCCTTGA
16
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TGAAGAAGATCACCCTCCTTAAATATTTCCGCAATTACATGAGCGAGC
ACTTGCTGAAGGCAGGTGCCAA

CATCACGCCGCGCGAAGGTGATGAGCTCGCCCGGCTGCCCTACCTACGG
ACCTGGTTCCGCACCCGCAGC
GCCATCATCCTGCACCTCAGCAACGGCAGCGTGCAGATCAACTTCTTCC
AGGATCACACCAAGCTCATCT

TGTGCCCACTGATGGCAGCCGTGACCTACATCGACGAGAAGCGGGACTT
CCGCACATACCGCCTGAGTCT
CCTGGAGGAGTACGGCTGCTGCAAGGAGCTGGCCAGCCGGCTCCGCTAC
GCCCGCACTATGGTGGACAAG
CTGCTGAGCTCACGCTCGGCCAGCAACCGTCTCAAGGCCTCCTAATAGC
TGCCCTCCCCTCCGGACTGGT

Homo sapiens platelet factor 4- Thrombomodulin.

GCCCTCCTCACTCCCACCTGCATCTGGGGCCCATACTGGTTGGCTCCCGC
GGTGCCATGTCTGCAGTGTG

> Homo sapiens platelet factor 4 (PF4), mRNA

TGTACATGTTCGGGTGTGGGTTCTACAGCCTTGTCCCCCTCCCCCTCAA
CCCCACCATATGAATTGTACA

CCTCACGCCCCGGGCTGCTGTTCCTGGGGTTGCTGCTCCTGCCACTTGT
GGTCGCCTTCGCCAGCGCTGA

CCCCCCAGCCCCGGTGGCTGGGCAGAGCTGCATCATCCTTGCAGGTGGG
GGTTGCTGTGTAAGTTATTTT

GAATATTTCTATTGAATTCGGAACTGTCCTTTCCTTGGCTTTATGCACA
TTAAACAGATGTGAATATTCA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

Gene: Homo sapiens polo-like kinase 1 (PLK1), mRNA
Tool: Genscan 1.0
Genscan Result

Predicted genes/exons
Gn. Ex Type S. Begin. End. Len Fr Ph I/Ac Do/T CodRg P. Tscr.
----- ---- - ------ ------ ---- -- -- ---- ---- ----- ----- ------

1.01 Sngl + 93 1904 1812 2 0 76 38 2663 0.999 254.58

Predicted peptide sequence(s)

>GENSCAN_predicted_peptide_1|603_aa

MSAAVTAGKLARAPADPGKAGVPGVAAPGAPAAAPPAKEIPEVLVDPRS
RRRYVRGRFLG
KGGFAKCFEISDADTKEVFAGKIVPKSLLLKPHQREKMSMEISIHRSLAH
QHVVGFHGFF
EDNDFVFVVLELCRRRSLLELHKRRKALTEPEARYYLRQIVLGCQYLHR
NRVIHRDLKLG

NLFLNEDLEVKIGDFGLATKVEYDGERKKTLCGTPNYIAPEVLSKKGHSF
EVDVWSIGCI
MYTLLVGKPPFETSCLKETYLRIKKNEYSIPKHINPVAASLIQKMLQTDP
TARPTINELL

NDEFFTSGYIPARLPITCLTIPPRFSIAPSSLDPSNRKPLTVLNKGLENPLP
ERPREKEE

CCATCGCACTGAGCACTGAGATCCTGCTGGAAGCTCTGCCGCAGCATGA
GCTCCGCAGCCGGGTTCTGCG
AGCTGAAGAAGATGGGGACCTGCAGTGCCTGTGTGTGAAGACCACCTCC
CAGGTCCGTCCCAGGCACATC
ACCAGCCTGGAGGTGATCAAGGCCGGACCCCACTGCCCCACTGCCCAAC
TGATAGCCACGCTGAAGAATG
GAAGGAAAATTTGCTTGGACCTGCAAGCCCCGCTGTACAAGAAAATAA
TTAAGAAACTTTTGGAGAGTTA

GCTACTAGCTGCCTACGTGTGTGCATTTGCTATATAGCATACTTCTTTT
TTCCAGTTTCAATCTAACTGT
GAAAGAACTTCTGATATTTGTGTTATCCTTATGATTTTAAATAAACAA
AATAAATC
Gene: Homo sapiens platelet factor 4 (PF4), mRNA
Tool: Genscan 1.0
Result

Predicted genes/exons
Gn. Ex Type S. Begin. End. Len Fr Ph I/Ac Do/T CodRg P. Tscr.

----- ---- - ------ ------ ---- -- -- ---- ---- ----- ----- ------

1.01 Sngl + 84 389 306 2 0 79 37 348 0.729 22.98
Predicted peptide sequence(s)

>GENSCAN_predicted_peptide_1|101_aa

MSSAAGFCASRPGLLFLGLLLLPLVVAFASAEAEEDGDLQCLCVKTTSQV
RPRHITSLEV
IKAGPHCPTAQLIATLKNGRKICLDLQAPLYKKIIKKLLES
Graphical output

PVVRETGEVVDCHLSDMLQQLHSVNASKPSERGLVRQEEAEDPACIPIF
WVSKWVDYSDK

YGLGYQLCDNSVGVLFNDSTRLILYNDGDSLQYIERDGTESYLTVSSHPN
SLMKKITLLK

YFRNYMSEHLLKAGANITPREGDELARLPYLRTWFRTRSAIILHLSNGSV
QINFFQDHTK
LILCPLMAAVTYIDEKRDFRTYRLSLLEEYGCCKELASRLRYARTMVDKL
LSSRSASNRL KAS
Graphical Output
Inference

Inference

The Homo sapiens polo-like kinase 1 (PLK1), mRNA sequence have
only the Single-exon gene (ATG to stop).

The Homo sapiens platelet factor 4 (PF4), mRNA sequence have
Single-exon gene (ATG to stop), Poly-A signal (consensus: AATAAA).
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SOPMA For secondary structure prediction
Self optimized prediction method is based on the homologue
method of Levin et al.(1993). This method correctly predicts 69.5%
of amino acids for a three description of the secondary structure
(alpha-helix, beta-sheet and random coil) in a whole database
containing 126 chains of non homologous proteins of SOPMA.
Protein secondary structure prediction determines the regions of
secondary structure in a protein at the level of alpha –helix, beta
sheet and random coil, from information present in the primary
protein sequence.

J Crit Rev, Vol 1, Issue 1, 10-24

contrast to this it was significant to note that there was absence of β
–bridges while α-helix, β-turns, coils and extended strands were
present on different amino acid residues.
The predicted secondary structure of thrombomodulin in Lung
cancer consisted of 14.54% predicted α-helices and β-sheets and
66.0% random coils and 6.10 turns % were reported by Birve et. al.
In contrast to this, it was significant to note that there was absence
of β –bridges while α-helix, β-turns, coils and extended strands were
present on different amino acid residues.
Drug design and virtual ligand screening

Drugs are essential for the prevention and treatment of disease.
Human life is constantly threatened by many diseases. Therefore,
ideal drugs are always in great demand. To meet the challenges of
ideal drugs, an efficient method of drug development is demanding.
But the process of drug design, development and commercialization
is a tedious, time-consuming and cost-intensive process1. To fulfill
these challenges, several multidisciplinary approaches are required
for the process of drug development; collectively these approaches
would form the basis of In Silico approach in drug design. A drug
target is a biomolecule which is involved in signaling or metabolic
pathways that are specific to a disease process. Biomolecules play
critical roles in disease progression by communicating through
either protein-protein interactions or protein-nucleic acid
interactions leading to the propagation of signaling events and/or
alterations of metabolic processes. Therefore, modulation of
biological functions performed by these bio molecules would be
potentially beneficial and could be achieved either
i) by inhibiting their function with small molecules whose
competitive binding affinity would be greater than their natural
ligands that bind to the active sites or
ii) by inhibiting the bio molecular interactions (between the
biomolecules) by small molecules or
iii) by activating bio molecules that are functionally deregulated in
some disease such as cancer

Parametres, Window width- 17, Similarity threshold-2, Number of
states- 4

Developing a lead molecule and an effective drug is challenging even
for known targets. Recently, drug discovery has significantly
increased due to the availability of 3D X-ray or NMR structures of
biomolecules, docking tools, and the development of computer aided
methodologies. Considering both the potential benefits to human
health and the enormous costs in time and money of drug discovery,
any tool or technique that increases the efficiency of any stage of the
drug discovery enterprise will be highly prized.

In Silico drug designing is one of these tools which can be used to
increase the efficiency of the drug discovery process. This approach
cannot maximize its utility alone; rather it can form a valuable
partnership with the experimentalist. It provides valuable
information and helps to guide further experimental planning and
potentially makes this process more efficient. In Silico Drug
Designing process comprises of 3 major stages (Fig 14)

Stage 1: It involves identification of therapeutic target and building a
heterogeneous small molecule library to be tested against it. This is
followed by the development of avirtual screening protocol
initialized by docking of small molecules from the library.
Stage 2: These selected hits are checked for specificity by docking at
binding sites of other known drug targets.

Parametres, Window width- 17, Similarity threshold-9, Number of
states- 4
The predicted secondary structure of the PLK-1 in Lung cancer
consisted of 25.91% predicted α-helices and β-sheets and 43.72%
random coils and 8.91% turns were reported by Birve et. al. In

Stage 3: These selected hits are subjected to detail InSilico ADMET
profiling studies and those molecules that pass these studies are
termed as leads.
Target identification

Target identification is the first key stage in the drug discovery
pipeline. However, identification of drug able targets form among
thousand of candidate macromolecules is still a challenging task.
This can be achieved by extensive literature referring, pathway
analysis and also by genomic and proteomics approaches for
examples by comparison of the protein expression profiles [92].
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Target validation

Lead optimization

After a drug target has been identified, a rigorous evaluation needs
to occur to demonstrate that modulation of the target will have the
desired therapeutic effect.

Lead optimization is the complex, no-linear process of refining the
chemical structure of confirmed Lead molecules to improve its drug
characteristics with the goal of producing drug candidate. Lead
structures are optimized for target affinity and selectivity. Docking
techniques are currently applied to aid this process [94].

Target validation process includes determining if the modulation of
a target's function will yield a desired clinical outcome. In Silico
characterization can be carried by using approaches such as geneticnetwork mapping, protein-pathway mapping, and protein-protein
interactions
Lead discovery

The identification of small molecule modulators of protein function
and the process of transforming these into high-content lead series
are key activities in modern drug discovery.

Lead can be identified by one or more of several technology-based
approaches like structure based design, virtual High-Throughput
screening, literature and patent-based innovations [93].
Vorinostat

Results of target structure prediction and active site analysis

The 3-D crystal structure of the targeted lung cancer protein Polo
Like Kinase 1 and Thrombomodulin was modeled using suitable
templates from the protein data bank (PDB) (www. rcsb. org/pdb).
Structural and active site studies of the protein were done by using
Q site finder and visualized using Rasmol software.
Ligand preparation and optimization

Using Chemsketch Software the structures of the drugs and analogs
were sketched and generated their MOL File followed by subsequent
generation of their 3-D structures by using molecule format converter
tool. (fig.13). Inhibitors drawn in ACD/ChemSketch (Freeware).
Gemcitabine

Etoposide

Paclitaxel
Fig.13: Inhibitors drawn in ACD/Chem Sketch (Freeware)
Receptor grid generation
Receptor grids were calculated for polo like kinase 1 and
Thrombomodulin such that various ligand poses bind within the
predicted active site during docking.

ARG134,ARG135,ARG136,SER137,GLU140,GLY180,ASN181,PHE183,
GLY193,ASP194,PHE195,VAL161,

Active site prediction

After obtaining the final model, the possible binding sites of Polo like
kinase 1 and Thrombomodulin were searched using Q-SiteFinder.
Binding siteshttp: //bmbpcu36. leeds. ac. uk/qsitefinder/) were
obtained for Polo like kinase 1 from Q-SiteFinder.

These binding sites were compared to the active site of the template
to determine the residues forming the binding pocket as shown in
the fig.14 & 15.
Active sites

LEU59,GLY60,LYS61,CYS67,ALA80,LYS82,GLU101,HIS105,VAL114,L
EU130,GLU131,LEU132,CYS133,

3D structure visualized using rasmol
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for the conformational search and is a suitable method for the
docking studies. The technique combines simulated annealing for
conformation searching with a rapid grid based method of energy
evaluation. Auto Dock tools is used to prepare, run and analyze the
docking simulations, in addition to modeling studies. Auto Dock is
the most cited docking software because it is very fast, it provides
high quality predictions of ligand conformations and good
correlations between inhibition constants and experimental ones.
During the docking simulations, the inhibitors were regarded as
flexible and subjected to an energy minimization. The ligand
orientations were scored through the use of a force-field-based
energy scoring function, and the top-scored binding structure was
selected.

Fig. 14: Active site prediction using Q-sitefinder

LEU162,CYS164,GLN165,LEU167,HIS168,VAL172,ILE173,HIS174,A
RG175,ASP176,LEU177,PRO215,
TYR217,
ILE218,
ARG232,LEU234

ALA219,

PRO220,

ALA221,

PRO223,

Active site prediction using q-sitefinder

Active sites
GLU141,ASP145,GLY146,PHE147,LEU148,CYS149,GLU150,PHE151,
VAL171,SER172,ILE173,ILE241,
PRO245, GLN248, LEU255, GLN256, ALA257, GLY259, ARG260,
THR263, TYR296, VAL323, ASN324, THR325

Fig. 15: 3D model visualized using rasmol

Docking using autodock
The molecular docking was performed using Auto Dock; a suite of
automated docking tools. The software is used for modeling flexible
small molecule such as drug molecule binding to receptor proteins
of known three dimensional structures. It uses Genetic Algorithms

The vast literature review suggests specific drug targets against
these proteins as Vorinostat, Gemcitabine, Paclitaxel and Etoposide.
PUBCHEM reveals the biophysical properties of these compounds.
Vorinostat has a Molecular Weight of 264.3202 [g/mol] with
Molecular Formula C14H20N2O3,XLogP3: 1.9,H-BondDonor: 3,HBondAcceptor:
3
and
has
SMILES
notation
as
C1=CC=C(C=C1)NC(=O)CCCCCCC(=O)NO. Literature suggests the
application of vorinostat in treatment of advanced non-small-cell
lung cancer (NSCLC) that showed improved response rates and
increased median progression free survival and overall survival.
Gemcitabine has a Molecular Weight of 263.198146 [g/mol] with
Molecular Formula C9H11F2N3O4,XLogP3: -1.5,H-Bond Donor: 3,HBond
Acceptor:
6
and
has
SMILES
notation
as
C1=CN(C(=O)N=C1N)C2C(C(C(O2)CO)O)(F)F.
Combination
of
gemcitabine and carboplatin has been found to be effective in
treating several different types of cancer, but most commonly used
to treat lung cancer. Paclitaxel has a Molecular Weight of 853.90614
[g/mol] with Molecular Formula: C47H51NO14,XLogP3: 2.5,H-Bond
Donor: 4,H-Bond Acceptor: 14 and SMILES notation as
CC1=C2C(C(=O)C3(C(CC4C(C3C(C(C2(C)C)(CC1OC(=O)C(C(C5=CC=C
C=C5)NC(=O)C6=CC=CC=C6)O)O)OC(=O)C7=CC=CC=C7)(CO4)OC(=
O)C)O)C)OC(=O)C. Paclitaxel is approved in the UK for ovarian,
breast and lung cancers and Kaposi's sarcoma. It is recommended in
NICE guidance of June 2001 that it should be used for non small cell
lung cancer in patients unsuitable for curative treatment, and in
first-line and second-line treatment of ovarian cancer. Etoposide has
Molecular Weight of 588.55658 [g/mol] with Molecular Formula
C29H32O13,XLogP3: 0.6,H-Bond Donor: 3,H-Bond Acceptor: 13 and has
SMILES notation as CC1OCC2C(O1)C(C(C(O2)OC3C4COC(=O)
C4C(C5=CC6=C(C=C35)OCO6)C7=CC(=C(C(=C7)OC)O)OC)O)O.
Etoposide phosphate is an anticancer agent. It is known in the
laboratory as a topoisomerase inhibitor. It exploits the normal
mechanism of action of the enzyme topoisomerase II, which aids in
DNA unwinding and by doing so causes DNA strands to break.
Cancer cells rely on this enzyme more than healthy cells, since they
divide more rapidly. It is used as a form of chemotherapy for cancers
such as Ewing's sarcoma, lung cancer, testicular cancer, lymphoma,
non lymphocytic leukemia, and glioblastoma multiforme. It is often
given in combination with other drugs. SMILES notation was drawn
using ACD Chemsketch and converted in to three dimensional PDB
format using Molecular converter tool.

The 3D structures of these Lung Cancer proteins were docked with
various inhibitors using Autodock Software. From the docking
studies, it has been identified that Polo Like Kinase 1,
Thrombomodulin, has been inhibited well by four drug compounds
of the study.(FIG.16& 17.)

The Key interacting sites of Polo like Kinase 1 are LYS61, HIS168,
HIS174, ARG175, LEU177, LYS178, GLY180, ASN181, ASP194,
TYR217, ALA219. The active site is docked with the four drug
compounds. Polo Like Kinase 1 interacts with Gemcitabine forming
6 Hydrogen bonds and binds strongly with a docking score of –7.98
Kcal/mol, Paclitaxel formed 5 Hydrogen bonds with a docking score
of –6.86 Kcal/mol, Vorinostat forming 1 Hydrogen bonds and
docking score of –8.43 Kcal/mol, with Etoposide forming 4
Hydrogen bonds and docking score of –8.57 Kcal/mol. Therefore, it
can be seen that Gemcitabine is the most effective inhibitor of Polo
like kinase 1. The Key interacting sites of Thrombomodulin are
ALA168, VAL171, GLN256, ARG260, THR296. Thrombomodulin
interacts with Gemcitabine forming 3 Hydrogen bonds and docking
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score of –8.33 Kcal/mol, Paclitaxel forming 1 Hydrogen bonds and
docking score of –7.69 Kcal/mol,Vorinostat forming 2 Hydrogen
bonds and docking score of –10.1 Kcal/mol, Etoposide forming 2

J Crit Rev, Vol 1, Issue 1, 10-24

Hydrogen bonds and docking score of –6.29 Kcal/mol. It is evident
that Vorinostat acts as better inhibitor against Thrombomodulin
receptor.

Fig.16: Docking of polo like kinase 1 with potential inhibitors
THROMBOMODULIN
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ATOM

GEMCITABINE
ATOM
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GLN256
VAL171

N
O
O

O
O
H
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Fig. 17: Docking of Thrombomodulin with potential inhibitors

21

These results suggest that all the four compounds are effective on
their specific targets. The result of Lipinski’s rule suggests that the
drug targets are best therapeutic drugs. Docking study and In silico
toxicity results proves the application of compounds as Potential
and Natural therapeutic agents to treat Lung Cancer. Drugs based on
this molecule could be useful against tumours with over expressed
Plk1 and Thrombomodulin. Such drugs could selectively bind this
kinase and thus lead to fewer side effects than a less selective drug.
Molecules designed here formed stable bonds with PBD of Plk1 in
silico. While laboratory syntheses of the molecules have not been
done, it should be noted that experimentally known molecules were
used as a model to design the protein. The merits of the designed
molecules for anticancer applications eventually needs to be
evaluated in vitro and, if warranted, in vivo. This study facilitates
initiation of the drug discovery process for polo like kinase 1and
Thrombomodulin to present the scientific community with better
inhibitors and/or drugs. Computational tools such as in silico
docking provide the scientist with an alternate base for validation of
lead molecules. In future, research work can be used further in
clinical trials to test its effectiveness and for social benefits thus
reducing the time and cost in drug discovery process.[95][96]
Perspectives

Many of the examples and applications discussed in this review
indicate that the scoring and reliable ranking of test compounds
continue to be major bottlenecks in structure-based virtual
screening and lead optimization. Despite a plethora of already
available scoring functions, further progress will be required to
better account for and balance entropic effects and electrostatic
interactions. Many current limitations are the result of the
assumption that implemented solvation or entropic and electrostatic
terms are generally applicable and transferable to different protein
systems. However, structure based screening calculations have
produced impressive results and many novel hits. These successes
are at least in part due to the fact that virtual-screening campaigns
mostly aim at the enrichment of active compounds, rather than, for
example, accurate calculation of binding energies. For efficient
compound selection, relying solely on computed scores is currently
not sufficient; experience and intuition are often still a key to
success. Taking this into account, further progress can be made in
establishing more advanced scoring schemes, even if it is not
possible to develop conceptually novel scoring functions in the near
future. Importantly, scoring schemes can be advanced by modifying
molecular systems used for benchmarking, calibrating selected
functions for specific applications, or determining the most relevant
scoring ranges. The statistical analysis of score distributions
resulting from docking of large compound databases into different
target sites has enabled scoring ranges to be determined that are
most likely to reflect ‘nonspecific’binding events.[97]
Concluding remarks

As also discussed in this article, although docking and scoring relies
on many approximations, the application of these techniques during
lead optimization, often in concert with other computational
methods, already extends more traditional approaches to structurebased design. In silico cancer modeling presents significant
opportunities to investigate oncogenesis across biological scales and
systems. We are sure that these powerful methods will help to
accelerate the development of diagnostic and therapeutic
technologies for clinical medicine. Considerable improvement in the
resolution, scale, and predictive power of these models must first be
achieved, regarding which substantial challenges remain.
Nonetheless, it may ultimately be possible to simulate oncogenesis
and malignant invasion accurately from the scale of genetics to
physiology. With this technology, distinguishing signatures of
cancers could be discovered automatically for purposes of early
diagnosis, prognosis, and treatment planning. Additionally, and
perhaps most promisingly, with reliable digital representations of
cancer, the effects of therapeutic interventions at both the molecular
and surgical scales could be predicted in silico without exposing
patients to risk. This innovation would greatly accelerate the
development of safe and targeted anticancer therapeutics, and offer
hope of medical treatments for diseases that remain refractory to

current clinical technologies. Ultimately, while confronting
substantial experimental and analytical challenges, in silico models
of cancer are advancing, and promise to strongly enhance both the
fundamental understanding of cancer and its treatment in the clinic.
In future

Having said this, the bioinformatics techniques are becoming
increasingly more effective, quicker, and simpler to use, and the
databanks are growing in size and diversity. So these approaches, if
used appropriately, will help to close the information gap between
sequence and structure and complement in vitro approaches to
investigate molecular structure and function. Additionally, many
useful lessons can be learned from critical assessments of bona fide
protein structure predictions in light of their structures being
solved. Furthermore, the methods described in protein structure
prediction projects can show, by example, how not to over interpret
results obtained from bioinformatics methods. In this article, we
hope we have demonstrated bioinformatics methods to predict
protein structure by using a practical approach. A change in the
working ethic between informatics and chemistry teams is required
to make an in silico-driven process function successfully. This is
surely a rate determining step in the transition in workflow.
Drug designing is a very complex, expensive and time consuming
process. Bioinformatics provide a huge support to overcome the cost
and time context in various ways. Bioinformatics provides wide
range of drug-related databases and softwares, which can be used
for various purposes, related to drug designing and development
process. Though, bioinformatics is still in the initial phase and
presently facing some hurdles, they show enough potential to help
drug development process in near future
Summary

Because of the significant advantages outlined above, the use of in
silico methods has grown significantly in popularity over the past
couple of years. Specifically, most pharma companies have adopted
some type of virtual screening capability to complement HTS
methods and it is accepted that the predictions made by these
techniques represent a fast method to enrich a biological screen.
Some companies have already successfully adopted a far more
radical discovery method that uses in silico methods to replace HTS.
Drug discovery is often thought of (quite negatively) as a series of
never ending bottlenecks. Currently, the largest attrition rates are
associated with lead discovery and first trial in man stages. If the
attrition rate could be dramatically reduced at the lead discovery
stage that would represent a significant step forward and a more
cost-effective discoveryprocess would result. The signs so far are
that in silico structure-based drug design can help deliver this vision.

The Protein-Ligand interaction plays a significant role in structural
based drug designing. Our approach in Molecular Docking analysis
resulted in the identification of potential drug targets. In the present
work, we have taken the four key targets that play a crucial role in
lung cancer and listed the drugs that were used against Lung Cancer
to study its efficacy. From this study report we can conclude that
some of the modified drugs are better than the commercial drugs
available in the market. These drugs can be tested in wet lab and
research and can be further validated for clinical trials. This study
facilitates initiation of the drug discovery process for Lung cancer to
present the scientific community with better inhibitors and /or
drugs. In future, research work can be used further in clinical trials
to test its effectiveness and for social benefits thus reducing the time
and cost in the drug discovery process.
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