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ABSTRACT

The complete genome sequences of pathogens have provided a plethora of potential
drug targets. While these data potentially contain all the determinants of host-pathogen
interactions and possible drug targets, computational tools for selecting suitable candidates
for further experimental analyses are currently limited. One of the recently adopted
strategies is based on a subtractive genomics approach, in which the subtraction dataset
between the host and pathogen genome provides information for a set of genes that are
likely to be essential to the pathogen but absent in the host. We have used three-way genome
comparisons to identify essential genes and their further validation as potential therapeutic
targets from bacteria. The tool developed was tested with 3 different pathogen bacteria:
Mycobacterium leprae, Mycobacterium tuberculosis and Bacillus anthracis. Our approach
identified 80, 140 and 14 essential genes respectively for M. leprae, M. tuberculosis and B.
anthracis that may be considered as potential drug targets. This approach enables rapid
potential drug target identification, thereby greatly facilitating the search for new antibiotics.
These results underscore the utility of large genomic databases for in silico systematic drug

target identification in the post-genomic era.

Keywords: Bacterial pathogens, essential genes, Database of Essential Genes (DEG),

comparative microbial genomics, subtractive genomics, novel drug targets.




CHAPTER 1

Introduction

The classical progression of the pharmaceutical discovery process goes from drug
target to lead compound to drug. The ability to discover novel therapeutic targets for further
rescarch is the first critical step in this process. Therefore, researchers are necessarily
concerned with this initial aspect of the drug discovery process. In the past, researchers had
a tendency to work on a handful of favored genes, often identified in the literature by
academic groups, amenable to low-throughput analysis. Thus, a majority of successful drug
discovery projects have targeted the relatively small numbers of protein classes that have
proved amenable to pharmaceutical development. It is reported that approximately 483 drug
targets accounted for nearly all drugs currently on the market (45% G-coupled receptors,
28% enzymes, 5% ion channels, and 2% nuclear receptors) (Drews 1996). However,
currently most new drugs that are approved by the regulatory authorities modulate protein
targets for which marketed drugs already exist (Zambrowicz et al. 2003). Therefore, one
major hurdle for drug development is still the rapid and accurate identification of drug

targets with true potential.

The completion of the human genome project in 2003 increased the effort to
sequence whole bacterial genomes and as a result ~150 bacterial genomes have been
completely sequenced to date (Wheeler et al. 2004). These data provide ample opportunity
to fully exploit this treasure trove for the identification and characterization of virulent
factors in pathogens, and to identify novel putative targets for therapeutic intervention
i (Miesel et al. 2003; HGP 2004; Drews 2000; Terstappen 2001). Target identification seeks
to identify new targets, normally proteins (or DNA/RNA), whose modulation might inhibit
or reverse disease progression. Reliable technologies for addressing target identification and

validation are the foundation of successful drug development.




1.1 What are potential drug targets?

Drug targets are membrane or cellular receptors or other molecules that are pivotally
involved in disease processes. From a pharmacological viewpoint, a drug target is etther
inhibited or activated by drug molecules (e.g. small organic molecules, antibodies,
therapeutic proteins). Drug molecules can physically attach to a drug target, triggering a
cascade of intracellular biochemical reactions, followed by a cellular reaction. Potential drug
targets can include genes that are differentially expressed between individuals who are and
are not in need of individual is exposed to a drug known to alleviate or exacerbate the
symptoms of interest, and genes that are co-expressed with other genes presumed to be
involved in the systems and pathways under study. Any gene falling into one of these
categories may be a gene for which manipulation of its expression might affect disease or
symptom progression (Allison 2002). In summary, good drug targets are potent and specific,
that is, they must have strong effects on a specific biological pathway and minimal effects

on all other pathways.

1.2 Therapeutic targets for bacterial disease

To understand how antibiotics work and, concomitantly, why they stop being effective
requires a brief look at the targets for the main classes of these antibacterial drugs. There are
three proven targets for the main antibacterial drugs:

(1) Bacterial cell-wall biosynthesis;

(2) Bacterial protein synthesis; and

(3) Bacterial DNA replication and repair.

1.2.1 Cell-wall biosynthesis

The layer of the bacterial cell wall that confers strength is the peptidoglycan, a
meshwork of strands of peptide and glycan that can be covalently crosslinked. The larger the
fraction of adjacent peptide strands that are connected in amide linkage by action of a family

of transpeptidases, the higher the mechanical strength to osmotic lysis.
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Transglycosylases act on the glycan strands to extend the sugar chains by incorporation of
new peptidoglycan units from N-acetylglucosamine-b-1 4-N-acetylmuramyl-pentapeptide-
pyrophosphoryl-undecaprenol  (lipid II). Bifunctional enzymes containing both
transpeptidase and transglycosylase domains are the target sites for the killing of bacteria by
the b-lactam-containing penicillin and cephalosporins, which act as pseudosubstrates and
acylate the active sites of the transpeptidases (also termed penicillin-binding proteins or
PBPs). The ringopened, penicilloylated transpeptidases deacylate very slowly, and so
occupy the enzyme active sites, preventing normal crosslinking of peptide chains in the
peptidoglycan layer and leaving it mechanically weak and susceptible to lysis on changes in
osmotic pressure. In addition to penicillins and cephalosporins, the vancomycin family of
glycopeptide antibiotics also targets the peptidoglycan layer in the cell-wall assembly. But
rather than targeting the enzymes involved in peptide crosslinking, vancomycin ties up the
peptide substrate6 and thereby prevent it from reacting with either the transpeptidases or the

transglycosylases.

The net effect is the same: failure to make peptidoglycan crosslinks leads to a weaker
wall that predisposes the treated bacteria to a killing lysis of the celiwall layer. The cup-
shaped undersurface of the vancomycin antibiotic makes five hydrogen bonds to the D-Ala-
D-Ala dipeptide terminus of each uncrosslinked peptidoglycan pentapeptide side chain,
which accounts for the high affinity of the antibiotic for its target, both in partially
crosslinked walls and in the lipid IT intermediate. Because b-lactams and vancomycin work

on adjacent steps — substrate and enzyme — they show synergy when used in combination.

1.2,2  Protein synthesis

The RNA and protein machinery of the prokaryotic ribosomes is sufficiently distinct
from the analogous eukaryotic machinery that there are many inhibitors of protein synthesis,
targeting different steps in ribosome action, with selective antibacterial action. These include
such important antibiotics as the macrolides of the erythromycin class7, the tetracyclines8
(which are products of the aromatic polyketide biosynthetic pathways) and the
aminoglycosides of which streptomycin was the founding member, supplanted now by later

synthetic variants such as kanamycin). Given the large number of molecular steps involved
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in initiation, eclongation and termination of protein assembly by the ribosome, it is not
surprising that there would be many steps of binding or catalysis that could be interdicted by
these and many other classes of protein-synthesis inhibitors. This multiplicity also indicates
that protein synthesis will provide a multifaceted target for new antibiotics and this is the
mechanism for the action of oxazolidinones10, one of which has been approved in the

United States in the first quarter of 2000,

Box 1 .
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Figure 1.1: Targets, mode of action and mechanisms of resistance of the main classes of

antibacterial drugs

1.2.3  DNA replication and repair

The fluoroquinolones, such as ciprofloxacin are synthetic antibiotic structures that kill

bacteria by targeting the enzyme DNA gyrasell (Box 1), the enzyme responsible for
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uncoiling the intertwined circles of double-stranded bacterial DNA that arise after each
round of DNA replication. DNA topoisomerases are classified as type I or type II according
to whether transient single-strand breaks (type I) or transient double-strand breaks (type II)
are made in the DNA substrate to pass the DNA double helical strands through each other
and reduce the linking number (the number of superhelical twists in DNA). Bacterial DNA
gyrases are type 1l topoisomerases and the transient cleavage of both DNA strands involves
the reversible attachment of the 5’ ends of the cleaved DNA to tyrosyl residues on each of
the two GyrA subunits in the active (GyrA)2(GyrB)2 tetramer12. Quinolone antibiotics such
as ciprofloxacin are mechanism-based inhibitors of DNA gyrase and act by forming a
complex with the enzyme and the doubly cleaved DNA that is covalently tethered to the
Gyro subunits11. In the ciprofloxacin complex, the gyrase cannot relegate the cleaved DNA
and, as a consequence, double-strand breaks accumulate and ultimately set off the SOS
repair system that leads to bacterial cell death. A second type 1l topoisomerase, known as
topoisomerase 1V, is also an important target and probably the primary one in
Staphylococcus aureus infections13. In each of the three main targets viz. cell wall, and
protein and DNA biosynthesis, the antibiotics use comparative biochemical differences
between prokaryotic machinery and eukaryotic machinery to act selectively. New classes of
antibiotics that may work on additional and new targets will have to display equivalent
therapeutic indices and efficacy-to-toxicity ratios to gain regulatory approval and

widespread acceptance.

1.3 Essential Genes

Essential genes are genes that are indispensable to support cellular life. These genes
constitute a mimimal gene set required for a living cell. Therefore, the functions encoded by
this gene set are essential and could be considered as a foundation of life itself .The
definition of the minimal gene set needed to sustain a living cell is of considerable interest
not only because it represents a fundamental question in biology, but also because it has
much significance in practical use. For example, since most antibiotics target essential
cellular processes, essential gene products of microbial cells are promising new targets for
antibacterial drugs. The functions encoded by essential genes are considered a foundation of

life and therefore are likely to be common to all cells. We have used the DEG database to
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get the essential genes. Users can BLAST the query sequences against DEG. If homologous
genes are found, it is possible that the queried genes are also essential. Users can search for
essential genes by their function or name. Users can also browse and extract all the records
in DEG. We had extracted all the records in the DEG and have used it to Blast with Human
genome and genome of symbiotic organism. Essential gene products comprise excellent
targets for antibacterial drugs. Analysis of essential genes could help to answer the question
of what are the basic functions necessary to support cellular life. DEG is freely accessible

from the website hitp:/tubic.ju.edu.cn/dey/,

1.3.1 Database of essential genes

The determination of the minimal gene set for bacteria has only been possible with
the advent of the completion of many whole genome sequencing projects and the genome-
scale gene inactivation technology. Consequently, essential genes have been determined in a
number of different organisms. Essential genes have been determined in Staphylococcus
aureus by anantisense RNA technique, in Mpycoplasma genitalium by transposon
mutagenesis, in Haemophilus influenzae by high-density transposon mutagenesis, in Vibrio
cholerac by a mariner-based transposon, in yeast by genetic foofprinting , and in
M.genitalium and H.influenzae by comparative genomics. We have constructed a Database
of Essential Genes (DEG) that contains all the essential genes currently available. These
genes include the essential genes identified in the genomes of M.genitalium, H.influenzae ,
V.cholerae , S.aureus, Escherichia coli and Saccharomyces cerevisiae. The essential genes in
the E.coli genome were extracted from the web site

http://magpie.genome.wisc.edu/~chris/essential.html, in which the essential genes are

collected from a large number of related references. The essential genes in yeast genome
were extracted from the yeast genome database

htip://www.mips.biochem.mpg.de/proj/yeast, which is maintained by the Munich

Information Center for Protein Sequences. Each entry of essential genes has a unique DEG
identification number, gene reference number, gene function and sequence. All information
is stored and operated by using an open-source database management system, MySQL.
Users can browse and extract all the records of these entries. In addition, users can also

search DEG by gene function or name.
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We have installed the BLAST program locaily. Therefore, users can BLAST the
query sequences against all the essential gene sequences in DEG. One of the applications is
the prediction of essential genes based on homologous sequence search against DEG. The
functions encoded by essential genes are considered to be generally essential for all cells. It
is even believed that some basic functions and principles are common to all cellular life on
this planet. Therefore, if the query sequences compared using BLAST have homologous
genes in DEG, it is likely that the queried genes are also essential. In addition, by
performing the BLAST search against DEG for all the protein-coding genes in a genome, it
is possible to define the putative essential genes for the proteomes of newly sequenced
genomes. However, caution must be taken in interpreting the BLAST results, since many
essential genes are essential only in given growth conditions, such as in rich or minimal

medium,

Another application is that by analyzing all the essential genes in DEG, some
principles or regulations could be found to answer-the question of what are the basic
functions necessary to support cellular life. Those principles could lead to the development
of new algorithms to predict essential synthesis, energy production and cell division. Some
essential genes, however, are somewhat unexpected, such as Embden-Meyerhof-Parnas
pathway genes and a purine biosynthesis gene (1). Analysis of DEG, which has all essential
genes among different organisms, could help to classify those "unexpected' essential genes.
Currently some essential gene projects are still ongoing and the identification of more
cssential genes is expected. DEG will be updated periodically to include more entries upon
the availability of newly identified essential genes. DEG plans to integrate more information
about experimental methods for each entry. In the next version of DEG, they also plan to

include the essential genes of vertebrates, such as mouse.
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Essential
No Organism Reference
genes
Kobayashi, K. et al., 2003 Essential Bacillus subtilis
1 Bacillus subtilis 248 genes. Proc Natl Acad Sci U S A 100: 4678-4683.
[PubMed]
Gerdes, S.Y. et al., 2003 Experimental determination
) Escherichia coli 619 and system level analysis of essential genes in
MG1655 T Escherichia coli MG1655. J Bacteriol. 185(19):5673-
84. [PubMed]
Akerley, B.J. et al.,, 2002 A genome-scale analysis for
3 Haemophilus 638 identification of genes required for growth or survival
influenzae - of Haemophilus influenzae. Proc Natl Acad Sci U S A
99: 966-71. [PubMed]
Salama, N.R. et al., 2004 Global transposon
Helicobacter ) ) ) )
4 tori 343 mutagenesis and essential gene analysis of Helicobacter
. pylori _ )
pylori. J Bacteriol.186: 7926-7935. [PubMed)
Mycobacterium Sassetti, C.M. et al., 2003 Genes required for
5  tuberculosis 614  mycobacterial growth defined by high density
H37Rv mutagenesis. Mol Microbiol. 48(1):77-84. [PubMed]
'. Hutchison, C.A. et al., 1999 Global transposon
mutagenesis and a minimal Mycoplasma genome.
Science. 286:2165-2169. [PubMed]
3 Mycoplasma
6 381
genitalium _ .

j‘ Glass, J.1. et al., 2006 Essential genes of a minimal
bacterium. Proc Natl Acad Sci U S A 103: 425-30.
[PubMed]

1 Saccharomyces ) )

7 7 878 http://www.mips biochem.mpg.de/proj/yeast
g cercvisiac
i
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Knuth, K. et al,, 2004 Large-scale identification of
Salmonella

co
I
—_

essential Salmonella genes by trapping lethal insertions.

Mol Microbiol. 51(6):1729-44. [PubMed]

|

typhimurium

Forsyth, R.A. et al., 2002 A genome-wide strategy for
the identification of essential genes in Staphylococcus
aureus. Mol Microbiol. 43:1387-400. [PubMcd]
Staphylococcus
aureus Ko, K.S. et al., 2006 Screening of Essential Genes in
Staphylococcus aureus N315 Using Comparative
Genomics and Allelic Replacement Mutagenesis. J.

Microbiol. Biotechnol. 16(4):623-632. [PubMed]

Thanassi, J.A. et al., 2002 Identification of 113
conserved essential genes using a high-throughput gene
disruption system in Streptococcus pneumoniae.
Streptococcus Nucleic Acids Res. 30:3152-62. [PubMed]
pheumoniac a4
Song, J.H. et al., 2005 Identification of Essential Genes
in Streptococcus pneumoniae by Allelic Replacement

Mutagenesis. Mol Cells. 19(3):365-74. [PubMed]

Judson, N., and J. J. Mekalanos, 2000 TnAraQut, a
11 Vibrio cholerae 5 transposon-based approach to identify and characterize

essential bacterial genes. Nat Biotechnol 18: 740-745.

Table 1.1: Detailed information about essential genes in DEG

Total number of essential genes present in DEG: 4528

1.4 High throughput screening of therapeutic target from genome

Traditionally microarrays have been well utilized in genomics/proteomics
approaches for gene/protein expression profiling and tissue/celi-scale target identification

and validation (Howbrook et al. 2003). Chemical genomics and proteomics are emerging
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tools for generating phenotype changes, thus leading to target and hit identifications, NMR-
based screening, as well as activity-based protein profiling, are trying to meet the
‘ requirement of high-throughput target idenﬁﬁcation (Sem Et Al 2001). Besides being used
high-throughput experiments, bioinformatics can contribute to the processes of target
identification and validation by providing functional information of target candidates and

positioning information on the biological networks.

1.4.1 Microarrays

Target identification seeks to identify new targets, normally proteins (or
DNA/RNA), whose modulation might inhibit or reverse disease progression. Current
technologies enable researchers to attempt to correlate changes in gene (genomics) and
protein (proteomics) expression with human disease, in the hope of finding new targets.
Microarrays are a well-utilized tool in both academic and industrial research laboratories.
They can be used to assess gene and protein expression (via nucleic acid or protein
microarrays) to identify novel targets, and can also be used to validate the found targets at
the tissue or cell scale (via tissue or cell microarrays) (Howbrook DN, van der Valk AM,
O’Shaughnessy MC, Sarker DK, Baker SC: Developments in microarray technologies. Drug
Discov Today 2003, 8:642-651.)
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a) Nucleic acid microarrays
Today, nucleic-acid microarrays, which primarily use short oligonucleotides (15-25 nt),
long oligonucleotides {50-120 nt) and PCR—ampliﬁed cDNAs (100-3000 base pairs) as
array elements, are overwhelmingly dominant because of the relatively easy synthesis and
the chemical robustness of DNA. Data generated from genome sequencing projects in
several organisms has provided the opportunity to build comprehensive maps of
transcriptional regulation. Array-based gene expression analysis (immobilized DNA probes
hybridizing to RNA or cDNA targets) has enabled parallel monitoring of cellular
transcription at the level of the genome. Thus, nucleic-acid microarrays have had a
significant impact on our understanding of normal and abnormal cell biochemistry and, thus,
on the choice of targets for drug design. In oncology, data generated from high density
oligonucleotide microarrays from Affymetrix containing 62 907 probe sets have been
analyzed and compared, to identify 97 genes as physiological targets of the retinoblastoma
protein pathway, deregulation of which is a hallmark of human cancer (Vernell R, Helin K,
Muller H: Identification of Target Genes of the pl16INK4A-pRB-E2F Pathway. J Biol Chem
2003, 278:46124-46137). Further characterization of these genes should provide insights

into how this pathway controls proliferation, thus providing potential therapeutic targets.

b) Protein microarrays
Because most drug targets are proteins, protein and peptide microarrays are set to have an
important impact on drug discovery. Protein arrays, an emerging yel very promising
technology, are now being used to examine enzyme-substrate, DNA--protein and protein—
protein interactions (Zhu H, Snyder M: Protein chip technology. Curr Opin Chem Biol 2003,
7:55-63). By profiling the differential expression of proteins using antibody arrays and
correlating the changes to a disease phenotype, putative targets (and biomarkers) to a
particular disease can be identified, although to date, such microarrays have not been used to
their full potential because of difficulties with the technology. One example using protein
microarrays made up of 83 different antibodies enables monitoring alterations of the protein
levels in hepatocellular carcinomas (HCCs) and non-neoplastic liver tissue. Further analysis
of altered proteins was performed using western blot analysis and tissue microarrays
containing 210 HCC specimens and corresponding liver tissue. This approach revealed

differential expression between HCC and normal liver of 32 of the 83 proteins examined: 21
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of these were up-regulated and 11 down-regulated (Chen GYJ, Uttainchandani M, Zhu Q,
Wang G, Yao SQ: Developing a strategy for activity-based detection of enzymes in a protein
microarray. ChemBioChem 2003, 4:336-339). Another very interesting example is the use
of fluorescent substrate compounds for protein microarrays. Various enzymes immobilized
on microarray slides are used to screen fluorescently labeled enzyme substrates, which are
small molecules. More importantly, this strategy is based on the mechanism of the reaction
between the ligands and proteins, thus demonstrating the approach as an activity-based and
high-throughput method. Further application of this method may lic on targeting known

drugs or biological active compounds.

¢) Tissue and cell microarrays
Almost all published tissue microarray studies have been related to the analysis of tumors.
An alternative to the use of whole-tissue specimens is the use of live cell microarrays, which
can be used to identify potential drug targets by functionally characterizing large numbers of
gene products in cell-based assays. In one example, ‘a tissue microarray was constructed
using 210 human HCCs and corresponding normal liver, and followed by
immunohistochemical analysis to test the clinical value of the proteins that have been

identified.

d) Antisense technology '

A key strategy in target validation is to determine what happens, with respect to phenotype
and/or the expression of other genes in cells or model organisms, if a gene of interest is
either deleted or its activity is inhibited. Gene knockout mimics the activity of a drug that
completely inhibits the normal function of the gene’s produet. A temporary knockout, a so
called knockdown, is another popular alterative for real-time analysis of the gene function.
Several important strategies for gene knockdown involve the use of specific RNAs and/or
RNA or DNA analogues (Scherer LJ, Rossi JJ: Approaches for the sequence specific
knockdown of mRNA. Nat Biotechnol 2003, 21:1457-1465).
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1.5 In silico prediction of therapeutic target

The availability of genome-scale sequenced data of microbes and the human genome
has revolutionized the field of drug-discovery against threatening human pathogens (Lander
et al. 2001; Venter et al. 2001). The strategies for drug design and development are
progressively shifting from the genetic approach to the genomic approach (Galperin and
Koonin 1999). Novel drug targets are required in order to design new defense against
antibiotic sensitive pathogens. Comparative genomics and bioinformatics provide new
opportunities for finding optimal targets among previously unexplored cellular functions
based on an understanding of their related biological processes in bacterial pathogens and
their hosts. In general, a target should provide adequate selectivity; yielding a drug which is
specific or highly selective against the pathogen with respect to the human host. Moreover,
the entire approach is built on the assumption that the potential target must play an essential
role in the pathogen's survival and constitute a critical component in its metabolic pathway
(Mushegian and Koonin 1996). The above approach to target identification is essentially
subtractive because we use a subtraction dataset while comparing the two genomes under
consideration (Bruccoleri et al. 1998). The focus is on the complement of the genome of the
pathogen that is essential for it but is not present in human. Multiple approaches to locate
essential genes in a given organism exist, some of which focus on the concept that essential
genes tend to be evolutionarily conserved over species (Itaya 1995; Tatusov et al. 1997,
Koonin et al. 1998; Kobayashi et al. 2003). Subtractive genomics has been successfully used
by authors to locate novel drug targets in Pseudomonas aeruginosa (Sakharkar et al. 2004)
and Helicobacter pylori (Dutta et al. 2006). The work has been effectively complemented
with the compilation of the Database of Essential Genes (DEG) for a number of pathogenic

microorganims (Zhang et al. 2004).

There are many in silico approaches for finding drug targets in pathogenic bacteria.
Bruccoleri et al. (1998) has developed a simple and computational tool that can determine
concordances of putative gene products showing sets of proteins conserved across one set
of user-specified genomes, but are not present in another set of user-specified genomes,
but the availability of this approach as an automated tool is limited. An automated tool, T-

iDT developed by Singh et al. (2006) predicts highly conserved genes, which are essential
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for pathogenic bacteria with no similarities with the host genes as potential drug targets.
This and other existing tools use only human genome sequence as a template for
comparison against pathogens. However, comparison with the symbiotic organisms living
within the human body cannot be ruled out for successful drug development. Fortunately
the genome sequences of all these symbiotic bacteria are available and can be used as
template for comparison with pathogen bacteria. Although bioinformatics tools and
resources can be used to identify putative drug targets, validating these targets is again
very essential. Traditionally it requires an understanding of the role of the gene or protein

in the disease process and is heavily dependent on laboratory-based work.

Genomics and proteomics technologies have created a paradigm shift in the drug
discovery process, with bioinformatics having a key role in the exploitation of genomic,
transcriptomic, and proteomic data to gain insights into the molecular mechanisms that
underlic disease and to identify potential drug targets. In this work we discuss the current
state of the art for some of the bioinformatics approaches to identifying drug targets. It
makes use of database of essential genes (DEG) (Ref: http:/tubic.tju.edu.cn/deg/) and the
subtractive genomic approaches to compare with the pathogen bacteria versus human as
well as its symbiotic bacteria, including identifying new members of successful target
classes and their functions, predicting disease relevant genes. In addition we use several in
silico validation strategies to rank the predicted therapeutic targets to be use for drug
targeting. The input for the tool is a sct of genes or proteins in FASTA format. Our tool
predicts both essential gene/protein sets as well as target gene/protein sets in a given data set
and further validate them. The tool is stand-alone software, which provides a fast and
autormated approach for finding drug targets with different stringency levels. Users have the
choice to change the stringency level at two stages of the tool, one for the essential genes

and the other for homologue genes. The tool was tested on three different bacterial genomes.

Covering issues that range from prescreening target selection to genetic modeling
and valuable data integration, the developed online tool “In Silico Identification of
Therapeutic Target and Validation” is a self-contained and practical guide to the various
computational tools that can accelerate the identification and validation stages of drug target

discovery and determine the biological functionality of potential targets more effectively.
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OBJECTIVES

Drug target identification involves acquiring a molecular level understanding of a
specific disease state and includes analysis of gene sequences, protein structures, protein
interactions and metabolic pathways. The ultimate goal of the process is to discover a
suitable target whose biological activity can be directly linked to a pathological process. In
the age of genomics, discovery of novel drug targets needs to incorporate and integrate
different sources of data including gene expression data, gene sequence data, and gene
polymorphism data and so on. Many public biological databases are warchousing and
providing a great amount of functional information for drug discovery. Yet one of the most
important information is the annotation of human genome itself and its associated symbiotic
organisms. In addition, the publicly available tools are as important as the data and include
algorithms for gene prediction, sequence homology searching, prediction of function and so
on. Hence in this study attempts has been made to develop an automated tool for prediction
and validation of drug targets from user given genomic sequence for bacterial pathogen with

following objectives.

1. To integrating existing data (essential genes) from public databases and piping the tools

for gene prediction using BLAST search as subtractive genomic tool.

2. To validate the predicted drug targets using a special scoring scheme based on efficiency

of promoters, Shine Dalgarno sequence, essential function for survival of bacteria and

drug binding motifs.

3. To test the reliability of developed in silico tool for prediction and validation of drug

targets in some bacterial pathogen like; Mycobacterium tuberculosis, Mycobacterium

leprae and Bacillus anthracis.

4. To integrate all the modules included in this work together to develop a standalone

software package for public uses.
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CHAPTER 2

In Silico identification of therapeutic targets from bacterial

pathogen

In this work we have developed an automated tool for in silico identification of

|
|
therapeutic target from the user submitted genomic sequence. This is based on the concept
of subtractive genomics as explained in the following protocol.
|
|

Download essential genes from DEG i

|
v : b
BLAST with Human proteome with e- g
value e’ b

v
BLAST with Symbiotic bacterial
proteomes with e-value c-1°

Y

Store the resultant genes as a dataset

Figure 2.1: General Protocol for Subtractive Genomics {
|
Development of the tool can be categorized in different phases depending upon the i

|

functionality and scheduling. Protocols of the programs used while developing the tool and

the complete program itself are described in their respective modules in this chapter.

A snapshot of the tool interface is provided below:
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Figure 2.2: Snapshot of tool interface "

2.1 Phase I: Extraction of unique essential genes from database of essential

Cnes.

2.1.1 Essential genes of bacterial pathogen

The database of essential genes of bacteria (DEG version 3.2) was downloaded from
http://tubic.tju.edu.cn/deg/ using a program, LWP module in PERL and manually compiled
: to use as a stand-alone database for the BLAST program. It consists of a collection of 4528
essential genes from 11 completely annotated bacterial genomes (Bacillus subtilis: 248;
Escherichia coli (MG1665):619; Haemophilus influenzae: 638; Helicobacter pylori: 343; ;
Mycobacterium tuberculosis H37Rv: 614; Mycoplasma genitalium: 381; Saccharomyces

cerevisia: 878; Salmonella typhimurium: 251; Staphylococcus aureus: 308; Streptococcus

25

ey -..:..L;.u__.-.k.m..,..
!




pneumoniae: 243; Vibrio cholera: 5). The program used for downloading the sequences

from the DEG is specified in appendix 2.1.

2.1.2  Extraction of unique essential genes from DEG

The  standalone  BLAST  executable was  downloaded from  NCBI
(ftp://fip.ncbinim.nih.gov/blast/executables/) and installed locally. Uniquee essential genes
from the DEG were extracted using the standalone BLAST and subtractive genomics. We
have used a two step comparison of essential genes (a set of 4258) using BLASTx, once
with Human complete proteomes and then with the four strains of symbiotic organisms:
Bacteroides thetaiotaomicron, Escherichia coli, Lactobacillus acidophilus and Lactobacillus
Johnsonii. E-value was taken as the cut-off criteria and a value of ¢ was considered for
human and for symbiotic organisms, the e-value was ¢'® and Bit score of 70. Hence the
genes having a Bit-score greater than 70 were discarded. The algorithm used for subtractive

genomics is illustrated in the flow charts of Figure 2.3.
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Genes absert m Humen and
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Figure 2.3: Flowchart for finding unique essential bacterial genes non-homolog to human
and its symbiotic organisms.

After comparative study with human genomes and its symbiotic organisms, we have
extracted a set of 917 unique essential genes (Figure 2.4). These genes are absent in above
organisms and thus can be used as an index for predicting essential genes in pathogen

bacteria,
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Figure 2.4: Graphical representation of final set of essential genes after BLAST with human

and four strains of symbiotic organisms.

2.2 Phase II: Ab initio gene prediction from user submitted genomic sequence

of bacterial pathogen.

Because of the inherent expense and difficulty in obtaining extrinsic evidence for
many genes, it is a necessity now to resort to ab initio gene finding, in which genomic DNA
sequence alone is systematically searched for certain distinctive, signs of protein-coding
genes. Ab initio gene finding might be more accurately characterized as gene prediction,
since extrinsic evidence is generally required to conclusively establish that a putative gene is

functional. The general protocol for Phase IT can be depicted using the following flowchart:
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Figure 2.5: General protocol for Phase 11

2.2.1 Gene Prediction using MED 1

We used the program Med I which can predict the gene positions in the user given

genome. This module is picturised in Figure 2.6. The program prompts the user to input a

genomic DNA sequence in FASTA format.
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i Opticn $: for Tetrakjmena tharmophila
11,2,937

What mede do you want to combinue, Gencme or Clipping? (G/C)
g

e@ckE. -

£

asocm;_ﬂ.ibtﬂmfna.nsq a Eisc;I
= bizseq BEssi:
75 blastel Hessis
75 bastelust Hesse:
= blastpgp @ Essi:
¥ copymat i esse’
_@ami‘faa £ Fast:
B ecol faa = Forn
3 ecall Faa.phr Eforn’
@ ecoli.faa.pin = Forn
@ ecoli faa.pnd

Bacilus_subblis.Fra.nod = ol faa pri
Bacifus_subbibs.fra.nni 2 ecollban psi
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Badilus_subtils.fna.nsi 73 Essential Proteins
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e ] o] O] B1mne] ] 5 ] 1

Figure 2.6: Input Window to Gene prediction program MED 1.
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Archaeal and bacterial genes typically comprise uninterrupted stretches of DNA
between a start codon (usually ATG, but in a minority of genes, GTG, TTG, or CTG) and a
stop codon (TAA, TGA, or TAG; alternative genetic codes of certain bacteria, such as
mycoplasmas, have only two stop codons). MED 1 generally searches for these start and
stop codons and give their index or positions along with the length of the gene as the output.
It also gives the strand information from which the gene 1s predicted i.e. + or — strand.

Finally, the output is stored in a file GeneAnnotationl.txt (Figure 2.7).

B\ Geneannotationi - Notepad R gL g L =iBlx

File " Edk - Format- Yiew: Help Lo
Gene Prediction by MED Method for PROKARYDTIC (version 1.0) A
working mode: Genome
option: 1 (default)
tdentified 2493 genes.
predicted genes:
No. strancd Lefrend Rﬁ%htEnd Length
1 + 1 566 1566
2 + 2081 3280 1200
3 + 3593 4438 846
4 + 4753 5004 252
5 + 5319 7265 1947
€ + 7318 11067 3750
7 - 8350 8706 357
g - 9850 10251 402
g - 11017 11178 162
10 + 11480 12106 627
11 + 15993 16541 549
12 - 16566 16979 414
13 - 17134 17415 282
14 + 18089 18286 198
15 + 18325 19023 699
16 - 19001 20869 1899
17 + 19422 19574 153
18 - 20879 22192 1314
1g - 221389 23667 1479
20 - 23664 25061 1398
21 - 25058 26479 1422
22 + 25303 25461 153
23 - 26584 27051 468
24 + 31491 31895 405
25 + 33337 33705 369
26 + 34310 34465 156
27 - 35287 36123 837
28 + 36387 39239 2852
29 - 37284 37700 417
30 - 40729 40014 186
31 - 48646 48843 198
32 + 50674 51596 1323
33 + 51663 53396 1404
34 - 53010 53357 348
35 + 54033 54182 150
36 - 54179 54490 312
37 + 54608 55039 342
38 - 57764 57622 159
39 - 59555 51315 1761
40 + 50558 59734 177
41 - 61406 61693 288
42 - 61720 52022 303
43 - 63319 65112 1794
44 - 65186 67420 2235 :
45 - §7417 68862 1446 .
46 - 68866 70587 1722 -

Figure 2.7: Output of the Gene prediction program MED 1, results in GeneAnnotation1.txt

2.2.2 Extraction of genes sequence from GeneAnnotationl.ixt file

We have written a separate program in Perl for extracting the genes sequences from
the user given genomic sequence using GeneAnnotation index file. After complete
execution of the program, we obtained individual gene files. This program has been

specified in appendix 2.2.
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2.2.3  Prediction of putative drug targets using standalone BLAST

The unique essential genes from the user given bacterial pathogen can be obtained by
comparing with the unique essentail genes obtained from phase 1. Here we have used tThe
BLASTx program which picks up each of the genes predicted using MEDI1 1n the previous
step and BLAST with the unique essential genes dataset prepared during Phase [. A cut oftf
value of €' was used to filter out unique essential genes which are present only in the given

bacterial pathogen. But the user can change the E-value cut off as desire.

2.2.4 Parsing of BLAST output

Once the BLAST has been performed, the number of output files will be equal to the
number of input gene files. But whole BLAST output will not be useful to the user. To parse
the BLAST output, another perl program was written (which is specified in appendix 2.3)
which selects only those BLAST output files which have high similarity to the essential
genes dataset. In order to achieve this, we have specified a bit score of 100, below which,
the genes will be discarded. Hence, we will be left with only those genes which have high

similarity with the essential dataset and these can be the potential targets as they are absent

in both human and symbiotic bacteria.

The entire algorithm implemented in phase 1T is explained in flowchart below (Figure 2.8)
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2.3 Phase II1: Validation of putative drug targets. ;[

Predicted drug targets in phase II is validated further by using a special scoring system 1)

accomplished in four steps: scoring on the basis of function, scoring based on strong

promoter and weak promoter, scoring based on consensus Shine Dalgamo sequence and
scoring based on presence of drug binding domain in the predicted drug targets. The general il

protocol adopted for validation is given below (Figure 2.9) an explained in detail further.

The genes from the output of Phase 2

Y
Scoring on basis of Function ; g
(Using ProtFun) ‘ B
i
"'nii’ :J :
v by, A
Scoring on basis of Promoter sequence E”{ ]
k
JJ &

Y
Scoring on basis of Shine Dalgarno

Y

Scoring on basis of drugable domain

v i
i

Final Ranking on basis of all the above
parameters e

Figure 2.9: The general protocol adopted for validation _%]
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2.3.1 Scoring of predicted targets on the basis of predicted function

The functions of all the unique essential genes were predicted using ProtFun version

2.2 (http://www.ncbi.nlm.nih.gov/BLAST/tutorial/Altschul-1.html). The program was

downloaded from http:/www.cbs.dtu.dk/services/ProtFun/, manually compiled and installed

locally. Ab initio prediction of protein functions from protein sequence is based on cellular
role, enzyme class and Gene Ontology category. It uses large number of features including
post-translational information and localization aspects of the protein; hence the prediction is
more reliable. All the unique essential genes (a set of 917) are classified into 12 different
functional categories based on the cellular roles (Figure 2.10).

Furines and
neimtidines, 3
&

Arming scid
Biosynthesis, 37
Transportand

Binding, 1353

Fathyscid
meEbolizm, &

)
L[!_
m
- |
i
o
™
w
.
-

Cental
InE2rmedistony

Translation, 238 metbolism 55

Energy

Replication an : ~
P mebolizm, 152

il ik
Transoripton, 8

Rzgulatony

Functons, 25

Figure 2.10: Unique essential genes (a set of 917) classified into 12 different functional

categories based on the cellular roles

The program for predicting and scoring the functions of predicted essential genes is
done using a program coded in Perl and the algorithm used is depicted in flow charts in

Figure 2.11.
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Figure 2.11: Algorithm for predicting and scoring the functions of predicted essential genes lrl ji i
A
i
H
The program Prot Fun also predict the odd score and the probability belonging to a IIi
particular functional class of each predicted function as depicted in Figure 2.12. i




EXAMPLE OUTPUT
HHHHEBHBHHHHHE ProtFun 2.2 predictions {HHHHHHHHHHHHHE

>CIKR_HUMAN

# Functional category Proh Ddd=
Amino_acid biosynthesis 0.011 0.500
Biosynthesis of cofactors 0.210 2.917
Cell envelope 0.033 0.541
Cellular processes 0.030 0.411
Central intermediary metabolism 0.048 0.76¢2
Energy metabolism 0.035 n. 389
Fatty acid metaboli=m n.o01? 1.308
Purines and pyrimidines 0.331 1.362
Regulatory functions 0.034 0.211
Replication and transcription 0.9020 0.9075
Tranzlation 0.071 1.614
Transport _and binding == 0.713 1. 885

Figure 2.12: Output of the ProtFun 2.2

However, we have adopted a different scoring method to score each predicted
function. The score of each predicted function of putative drug target is assigned based on
the score of all 917 unique essentail genes. Initially the score to cach unique essential gene is
computed by comparing with the percentage of occurrence of individual functions in

bacteria {(Figure 2.13)
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Figure 2.13: Functions of essential genes in bacteria (in percentage).

[Ref: In Silico Biology 6, 0045 (2006); ©2006, Bioinformation Systems e.V (T-1DT: Tool

for identification of drug target in bacteria and validation by Mycobacterium tuberculosis)]

The program for scoring the genes on basis of functions is coded in Perl and is specified in

appendix 2.4.

2.3.2 Scoring of predicted drug targets based on consensus promoter sequence

In prokaryotes, the promoter consists of two short sequences at -10 and -35 position
upstream from the transcription start site. The sequence at -10 is catled the Pribnow box and
usually consists of the six nucleotides TATAAT, whereas at -35 position it consist of |
another hexamer TTGACA, which are absolutely essential to start transcription in !

prokaryotes. :;

—
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Figure 2.14: Promoter sequence

The rate of transcription of genes is depends on strong, average and weak promoter
sequence (classification is based on similarity with the mentioned promoter sequence). A
gene with low expression is insignificant for survival of the bacteria and is generally not
preferable for drug targeting. We have written a program for predicting promoter sequence
of essential genes using PSSM matrix and its classification as strong, average and weak

promoter.
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START

h

Pass promoter dataset to PSSM
generator, bl

A

Score the dataset on basis of
PSSM generated

h

Set range for Strong, Weak and
Average promoters

o '

If i
Score>4.4 '

Designate as Strong Designate as Average - Designate as Weak ﬁ

with Final score 4 with Final score 2 with Final score 1 l%

A

Score the screened genes Promoters and |
assign Final scores

STOP ‘|
i

Figure 2.15: Flowchart for predicting strong, average and weak promoters of the
predicted essential genes and their scoring. !|
Iy
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The program for scoring the training set of promoters is specified in appendix 2.5(a) and the
program for scoring the genes on basis of Promoter sequence is written in Perl and is
specified in appendix 2.5(b). The PSSM matrix obtained from the PSSM generator program

script is mentioned below (Figure 2.16).

YWindows'\System32cmd.exe

: Pos 1 to 6 0.8 G.&dﬁJSBSE P.A7692308 B.46153846 A.53846157 B.A76923068
Pos 1 to 6 B.923876% A_G7692388 B.6923877 0.15384616 9.15384616 B.9230769

: Pos L to 6 O.89 B.07692398 A.153840616 0.30769232 B.07692388 6.0
c Pos £ te 6 G.UT692308 W R A.B7672368 .A7692368 0.23076923 4.0

ITHANSITION MRTREA FOR COLUMH 1L
fe T G G
A B BE 8.4 0.4
T 76923008 K .B7GY2388  B.8769236R 6.0
B3 8.8 6.8 B8
C 9.97692388 W.0 B.4 0.8

TRAMSITION MHAYRIZ VOR COTHHN 2
fl T G 4
B, B.61538461 0,i5384616 B.O7092383
T B.076Y2308 A.9 6.8 4.4
G 8.8 P.uv622308 6.8 8.6
cCH.8 8.8 6.0 4.9

TRAHSITION MATRIX FOR COLUMH 3
£} T G c

Figure 2.16: Output of the promoter score generator using self-designed PSSM matrix
An Example of Scoring Function:

TATAAT

Score = Occurrence Probability of T in column 1

+ Emission Probability of A from T in column 1

+ QOccurrence Probability of A in coluinn 2

+ Emission Probability of T from A in column 2....... till T from A in column 5
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2.3.3 Scoring on basis of Shine-Dalgarno sequence

The Shine-Dalgarno sequence (+10, Ribosome Binding Site) “AGGAGGU” is the

signal for initiation of protein biosynthesis in bacterial mRNA (Shine and Dalgarno, 1974).
It is located 5' of the initiation codon AUG, and consists primarily, but not exclusively, of
purines. The complementary sequence (ACCUCCU), rich in pyrimidines, is called the Anti-
Shine-Dalgamo Sequence and is located at the 3' end of the 16S rRNA in the ribosome
(htlp:f/www.ambion.comftcchlib!appcndlrhsﬁrequirements.html). Mutations in the Shine-
-Dalgarno sequence can reduce translation (Shine and Dalgarno, 1974). The 3'-terminal
sequence of Escherichia coli 165 ribosomal RNA:Complementarity to nonsense triplets and
ribosome binding sites. Proc.Nat.Acad.Sci.USA 71:1342-1346). This reduction is due to a
reduced mRNA-ribosome pairing efficiency, as evidenced by the fact that complementary
mutations in the Anti-Shine-Dalgarno Sequence can restore translation. This sequence
usually locates 4-9 nucleotides 5' of the initiator AUG of many mRNAs. The procedure used
to identify and scoring the drug targets on the basis of this Shine Dalgarno sequence is very
much similar to that of scoring system used for promoter sequences.
The program for scoring the genes on basis of Shine balgamo sequence is written in

Perl and is specified in appendix 2.6.

2.3.4 Scoring the drug targets on the basis of predicted drug binding motifs

The essential genes identified were translated into protein sequences and used for
prediction of drug binding motifs within it. Functional motifs are the fundamental units of
tertiary structure, defining their function on the whole and are often conserved in a protein
family. The training set consisting of the drug binding motifs commonly present among the
antibacterial and antibiotic drug target protein sequences were extracted from the Drug Bank

(http://redpoll.pharmacy.ualberta.ca/dru gbank/) and used to train the model.
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i il
@ |

Figure 2.17: Flowchart for predicting drug binding motifs in the predicted essential target
proteins and scoring.

Each drug binding motif is assigned a score on the basis of the number of occurrence among

\ the drug target sequences. For scoring the drug binding motif present in the predicted drug - £
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targets, a program has been written in python code (Figure 2.14). The sore given the

program is represented in Figure 2.18.

“F4 Python Shell
FilE . el SRRy ORSE \WinHeE e |

e T e e e e i T T LT T T T T T
IDLE 1.1.1 —mme= o Subbproceas me===
o

The Values for each of Che mocifs are am follows. . - - -

MO ——— e e 17
f ML — — — e — 17

7 1=

M3 —————— =

TEd— — — — e — — — e — a

M5————————— — —— — - ——— S

HE—————— ———— — — —— — ——— 1

M7 ——_—— i

T m o o e e —— —— — — — B3

MO — — —— e m—mm— — 1

MIO-—-————————————— — 1

Mid e 1

MiZ o m e e — — ——— — — 15

Mid———— — —— e —————— — — — s

D T 17

MIS5—— 1

Ml — —— — — — — — 1

T S U is5

Figure 2.18: Scores for each motif found: SAMPLE OUTPUT

The final scoring of the predicted and validated drug targets is based on the sum of all the

score coming out of the entire four validation step as discussed above and shown in figure
2.19.
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5] r_ank.txt - WordPad

i

EEPTOZ113
EZPTO2113
EXPT02113
EXPTC2113
EXPT02113
EXPT02113
EXPT02154
EXPT02154
EXPTO2154
EXPTO2113
EXPTO2113
EXPTO2154

{ilpha-D-Mannose), Granzywe B - Trichoderwa reesei (Hypocrea jecorina} Score: 63 Rank: 1
{A1pha-D-Mannose), Peroxidase - Trichoderwa reesel (Hypocrea jecorina) Score: 41 Renk: 2
{Alpha-D-Mannose), Peroxidase - Trichoderma reesel {Hypocrea jecorina) Score: 41 Rank: 3
{Alpha-D-Hannose), Lignin Peroxidase - Trichoderma reesei (Hypocrea jecorina) Score: 41 Rank: 4
{ilpha-D-Mannose), Liver Carbhoxylesterase - Trichoderma reesei {Hypocrea jecorina) Score: 37 Rank: &
{ilpha-D-Hannose), Acetyleholinesterase - Trichoderma reesei (Hypocrea jecorina) Score: 37 Rank: 6

{2- (N-Horpholino) -Ethanesulfonic Acid), Acetyleholinesterase - Homo sapiens (Huwan) Score: 37 Rank: 7
(2- [N-Horpholino) -Ethanesulfonic Acid), Chelineaterage - Homo sapiens {Hwean] Score: 37 Rank: 8

{2- (N-Horpholino} -Ethanesulfonic Acid), Acetylcholinesterase - Howo sapiens (Hween) Score: 37 Rank: 3
{&lpha-D-Kannosa), Cellobichydrolase Cel6i - Trichoderma reesei (Hypocrea jecorina) Seore: 32 Ramk: 10
[4lpha-D-Hannose), Cellobichydrolase II - Humicela insolens Score: 32 Rank: 11

{2~ {N-Norpholino)-Ethanesulfonic Acid), Glyceraldehyde 3-Phosphate Dehydrogenase & - Homwa sapiens (Human) e

31 Rank: 12

EXPTOZ113
EXPT02113
14
EXPTO2113
EXPTDZ113
EXPTO2113
EXPTD2154
EXPTO2113
EXPTO2154
EXPTO2113
EXPTO2113
EXPT02154
23
EXPT02133
EXPT02154
5 Rank: 25
EXPTO2154
Rank: 26

EXPTO2154 (2- (N-Marphalino)-Ethenesulfonic Aeid), Diaminopimelate Decarboxylase - Homo sapiens (Human) Score: 2 Rank: «

EXPTO2154
EXPTO2113

Figure 2.19: Final output of ranking of proteins on basis of domains

{Apha-D-Nannose), Low-Density Lipoprotein Receptor - Trichoderma reesei (Hypocrea jecorina) Score: 23 Rank:

{Alpha-D-Mannose), Influenza i Subtype N2 Neuraminidase - Trichoderma ressei (Hypocrea jecorina) Score: 1F R sl

|A1pha-D-Mannose), Alliin Lyase - Trichoderta reesei {Hypocrea jecorina) Score: 19 Rank: 15
(Alpha-D-Hannose), Cellobiohydrelase Cel6d - Trichoderma ressei (Hypocrea jecorina) Srore: 17 Rank: 16
|21phe-D-Hannose) , Nitric-Oxide Synthase, Brain - Trichoderwa reesei (Hypocrea jecorina) Seore: 17 Rank: 17
(2= (H-Morpholine) -Ethanesulfonic Acid}, Prolyl Endopeptidase - Myrxococcus xenthus Jeore: 16 Rank: 18
(Alpha-D-Hannose}, Cellohiohydrolase Celéd - Trichoderma reesei (Hypocrea jecorina) Score: 15 Ranmk: 19

(2- (N-Korpholine)-Ethanesulfonic Acid), Beta-Lactamagse - Homo sapiens (Human) Score: 14 Rank: 20
{Alpha-D-Mannose), Hyrosinase - Jinapis alba Score: 12 Rank: 21

{4lpha-D-Hennese), Adam 33 - Trichoderma reesei (Hypocres jécnrina) Seore: 12 Rank: 22

{2- (N-Morphoiino) -Ethanesulfonic Acid), Putative Cytochrome P450 - Streptomyces coelicolor a3{Z) Scorz: 6 Rar % !

{ilpha-D-Nanuose), Neutrophil Gelatinase - Trichoderma reesei (Hypocrea jecorina) Score: 5 Rank: 24

(2- [N-Horpholino) -Ethanesulfonic Acid}, Proto-Oncogene Tyresine-Protein Kinese Abli - Homo sapiens [Huwman) S('

(2- (N-Horpholino) -Ethanesulfonic Acid), Thiol: Disulfide Interchange Protein - Homo sapiens (Hwman) Score: 4

{2~ {N-Marpholino)-Echanesulfonic icid), Protein Yebr - Homo sapiens (Huwen) Score: i Rank: I8
{Alpha-D-Mannose), Mannose-Binding Protein A - Trichoderma reesei [Hypocres jecorinaj Score: O Rank: 29
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C HAPTER 3

Results and Discussions

Although experimental and computational methods has been previously employed
for the identification of probable drug targets by predicting only the essential genes in
pathogen bacteria (Dutta et al., 2006; Sakharkar et al., 2004). These works are confined to
selective bacterial species. Moreover, they simply compare the bacterial genome sequences
with human genome only to discard those essential genes which are homologous to human
being. However, comparison with the symbiotic bacterial genome sequences present within
human body cannot be ruled out for predicting the potential therapeutic targets. Symbiotic
bacteria such as E. coli, Lactobacillus etc. reside inside the human system and perform
various important and helpful functions. There presence is indispensable for survival of
human beings. Hence in order to preserve them from harmful side effects of a drug, we have
chosen to eliminate those essential genes of pathogen bacteria which share close similarity
with these symbiotic organisms. Also the available tools didn’t use any validation
techniques to evaluate the best therapeutic target in a bacterial species. This is most essential
for drug discovery process as within a single genome it is not the single therapeutic target
present. The developed automated tools take into consideration all these aspects and to our

knowledge no such tool is available till now.

The tool “In Silico-iTTV” (In Silico Identification of Therapeutic Target and
Validation) is software that finds potential drug targets in a given set of genes/proteins. The
input submitted to the tool is a set of gene sequences or protein sequences in FASTA format.
The tool works on two basic ideas for finding drug targets. The target genes should be
essential to the concerned pathogenic bacteria, i.e. any disruption in the functioning of those
genes will lead to bacterial death. All such essential genes can be potential drug targets but
including those genes whose products have sequence similarities with any human protein
and its symbiotic bacterial species may lead to drug reactions with the host and, thus, to

toxic effects. Therefore, the tool excludes those essential genes having sequence similarities

45




with the human and its symbiotic bacterial genes and considers only unique essential genes
which present only in the pathogen bacteria. It uses the standalone BLAST to filter out the
unique essential genes from the DEG after subtracting from the human and its symbiotic
bacterial genomes. We identified 917 unique essential genes in bacterial species. All these
917 unique essential genes were classified into 12 valuable functional categories necessary
for the bacteria to survive using ProtFun. These numbers are in good agreement with the
findings of Jacobs et al., 2003, who reported 300-400 essential genes. Nonetheless, since
gene disruption data are not available for all the genes in all the pathogens, this approach
makes it possible to hazard a "first-order guess" for the probability that any untested gene is

essential and may be a probable drug target which needs further validation.

The developed tool was tested on three different bacteria viz. Mycobacterium
tuBerculosis, Mycobacterium leprae and Bacillus anthracis. The files containing all the genes
in a genome (.ffn file) and all the proteins encoded by a genome (.faa file) were downloaded
from the NCBI fip site (ftp:/ftp.ncbi.nlm.nih.gov/genomes/Bacteria/). The genome
sequences were used to predict initially the number of geneé in the entire genome using Med
1 and the reliability of prediction was validated by comparing with the reported number of
genes from literature. The accuracy of gene prediction was varies for different bacteria. In
case of Bacillus anthracis the accuracy of gene prediction was highest (99.54 %) followed
by Mycobacterium tuberculosis (97.25 %) and the least accuracy was in Mycobacterium
leprae (88. 93 %). Overall, it revealed a good prediction and can be used for annotating
newly sequenced bacterial genome. These predicted genes were then compared with the set
of unique essential gene using BLASTX to predict the number of putative therapeutic targets
using default parameters (E-value = e-10)., Also the user can change the E-value cutoff. The

results were tabulated and are presented in table below.

The tool predicted 355 essential genes and 140 potential drug target genes at default
parameters (E-value = le-10, program = blastx) in Mycobacterium tuberculosis. In
Mycobacterium leprae the number of essential genes and potential target genes at default
parameters was 276 and 80 respectively. However, in Bacillus anthracis the predicted
number of essential genes is 55 and potential target genes are 14 using same default

parameters
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For further validation the protein product or function of predicted target genes was
determined and all the genes were categorized on the basis of their valuable functions like;
metabolic pathways, transport phenomena, cell envelope, protein synthetic machinery etc. in
which they are involved. The results are shown as percentage distribution of essential genes
and potential target genes im Fig. 3.1, Fig. 3.2 and Fig. 3.3 respectively. The final ranking of
potential target genes based on their preferences was done using four scoring schemes as
mentioned in the methodology. The results are represented in Tables below. It is revealed
that in bacteria Mycobacterium tuberculosis the potential target genes having the function
Translation are ranked as best and are predicted to be best therapeutic target for drug design.
In bacteria Mycobacterium leprae ranked 1 & 2 target genes having function Translation are
predicted as the best therapeutic target, whereas in Bacillus anthracis the target genes with
function Translation are ranked as 1 & 2 and are predicted to be good therapeutic targets for

drug design.

As anticipated, many of the candidate genes predicted by our tool for drug target
encode proteins for the basic survival mechanisms of the bacterium. The list of potential
drug targets encoded in microbial genomes includes genes involved in translation,
transcription, DNA replication, repair, outer-membrane proteins, permeases, enzymes of
intermediary metabolism, host-interaction factors, and many more. For example, the fatty
acid synthesis pathway appears attractive for drug discovery because a few known
antibacterial compounds target enzymes of this pathway. Our approach identified 11 genes
from this group. This is in accordance with Payne et al., 2001; Heath et al., 2002. Most of
the predicted target genes belong to the DNA replication and repair pathway, which is one
of the most essential pathways. The tool predicted 7 genes from ribosomal protein
biosynthesis pathway and 2 genes from translation in general. All these 9 genes are involved
in protein translation metabolism hence are necessary for the bacterial survival. 6 predicted
genes were involved in peptidoglycan synthesis, which is a major component of the bacterial
cell wall. Any disruption of these genes will lead to disruption in the cell wall biosynthesis
resulting in bacterial cell death. It also predicts 3 genes for isoprenoid bidsynthesis, the non-
mevalonate pathway of ;isoprenoid biosynthesis has already been identified as potential

pathway for antimicrobial drug development [Dubey, 2002].
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Previous comparative analyses of complete genomes revealed that most of the
pathogens have drastically diminished biosynthetic capabilities compared to their free-living
relatives [Fraser et al., 1995; Lewis, 1999]. Instead, these organisms depend on their hosts to
provide essential nutrients such as amino acids, nucleotides, and vitamins. Thus, transport
systems for these nutrients are generally well-conserved and easily identifiable [Clayton et
al., 1997]. Analysis of metabolic pathways allows one to predict which substrates cannot be
produced inside the cells and therefore need to be transported. This renders bacterial
transport proteins that do not have human homologs as attractive drug targets [Smith et al.,
2004]. Our approach identified the category of "transport of small molecules” as the main
one for drug target identification (9%). Translation, post-translational modification and
degradation were next on the list. Our approach did not identify any genes involved in
chemotaxis as essential, in agreement with previous experimental data [Jacobs et al., 2003].
The complete list of essential P. aeruginosa genes genecrated by this methodology with
hyperlinks to DEG is available online as supplementary data. This example thus illustrates
the use of this approach to identify essential genes in pathogens that may be considered as

drug targets with more confidence.

Our Results are displayed below with corresponding tables and pie-charts.
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Mycobacterium tuberculosis

DTITK (Med v1.0) Literature Accuracy
Total no. of genes 3819 3927 07.25 Y%
Essential genes 355
Targets predicted 140

Figure 3.1: Pie chart of Target essential genes in M.tuberculosis on basis of function.

MYCOBACTERIUM TUBERCULOSIS

10, 7%

Sl 2e 14, 10%

1, 1%
2, 1%

13, 9%

25, 18%
15, 11%

28, 20%

@ Purines and pyrimidines @ Amino acid Biosynthesis

0O Fatty acid metabolism 0O Biosynthesis of cofactors

@ Cell Envelope @ Central Intermediatory metabolism

Energy metabolism 0O Regulatory Functions

m Translation Transport and Binding
Function Count Score Range Ranks
Purines and Pyrimidines 10 410 10 10t013
Amino acid Biosynthesis 14 41010 10to 13
Fatty acid metabolism 1 2 14
Biosynthesis of cofactors 2 6to8 11,12
Cell Envelope 13 16 to 20 5 to7
Central Intermediatory metabolism 15 10to 14 8 to10
Energy metabolism 28 61to 10 10to 12
Regulatory Functions 1 6 12
Translation 25 23 t0 29 1to4
Transport and Binding 31 61012 9to 12
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Mycobacterium leprae

DTITK (Med v1.0)  Literature

Total no. of genes 2403 2702
Essential genes 276
Targets predicted 80

Accuracy

88.93 %

Figure 3.2: Pie chart of Target essential genes in M.leprae on basis of function.

MYCOBACTERIUMLEPRAE

16, 20%

B Purines snd pytimidines B Amino acid Biosyrthesis

O Hosyrthesis of cofactors OCell Envelope

W Central Intermedistory metabolism B Energy metabolism

B Transation B Trsnsport and Ending
Function Count Score Range Ranks
Purines and Pyrimidines 2 6to8 10 to 11
Amino acid Biosynthesis 3 6to10 9to 11
Biosynthesis of cofactors 3 6to8 10 to11
Cell Envelope 17 1610 20 4t06
Central Intermediatory metabolism 6 10to14 7to @
Energy metabolism 16 6to 10 9to 11
Translation 14 231to 27 1t03
Transport and Binding 19 B1tlo 12 8to 11

50




;

f Bacillus anthracis
DTITK (Med v1.0)  Literature Accuracy

Total no. of genes 5263 5287 99.54%

Essential genes 55 f

Targets predicted 14 : »

Figure 3.3: Pie chart of Target essential genes in B.anthracis on basis of function. '
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Energy metabolism 4 6to 10 6108
Translation 4 23 to 25 1102
Transport and Binding 1 8 7 ; |

|
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CONCLUSION

For the first time, the availability of complete genome sequences of many bacterial species
is facilitating many computational approaches. The complete definition of all gene products
by gene identification tools exemplified here is just the first step. The data presented here
demonstrates that stepwise prioritization of genome open reading frames using simple
biological criteria can be an effective way of rapidly reducing the number of genes of
interest to an experimentally manageable number. This process is an efficient way for
enriching potential target genes, and for identifying those that are critical for normal cell
function. The generation of a comprehensive essential gene list will allow an accelerated
genetic dissection of traits such as metabolic flexibility and inherent drug resistance that
render P. aeruginosa such a tenacious pathogen. Such a strategy will enable us to locate
critical pathways and steps in pathogenesis; to target these steps by designing new drugs;

and to inhibit the infectious agent of interest with new antimicrobial agents.

Availability of the tool

The automated tool “In Silico Identification of Therapeutic Target and Validation”
(In Silico-iTTV) was written using Perl, Python and Java programming languages and the
interface was made on DOT NET framework using VB Script. The Genome sequences in
FASTA format are taken as input and genes are predicted using MED Algorithm. The
standalone package is uploaded on the University Web server “In Silico-iTTV” and

available at http://www.juit.ac.in/iTTV.html (Figure 3.4).
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Jaypee University of Information lechnology ] }
2 :
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Department of Botechnology and Boinformatics

IN SILICO IDENTIFICATION OF THERAPEUTIC TARGET AND VALIDATION

Developers: Dr. P.K.Naik, Harikishna.¥, Praveen.G, Anvind.M, Garima..)

In Silico-iTTV: An Intvoduction

The autormated toct "in Silice Identification of Therapeutic Target and Validation” (In Silice-iTTV) was writlen using Perl, Python and Java
programming languages and the interface was made on DOT NET framework using VB Script. The Genome sequences in FASTA format
are taken as input and genes are predicted using MED Algorithm. These predicted genes are then compared with unigue essential
bacterial genes which are the outcame of screening for absence of the Database of Essential Genes (DEG) against human and four
straing of symbiotic bacleria (Bacteroides thetaiotsomicton, Escherichia coll, Lactobacilius acidophilus and Lactobacillus johnsomi)
along with the E-value as a parameter. The E-value is used as a criteria in BLAST for searching essential genes. Finally the hits are
ranked on the basis of various parameters such as Functions, Promoter sequences, Shine Dalgarno sequences and Drugable Domains
as the scoring criteria.

Installation Instruction

Windows XP Operating Systerm.

Dot Net framework (available as additional component in Windows installation disk)

1. Exiract the KIT.rar
2. Pasta iTTV and Blast falders in C: drive

3. Install the madules in Setup folder that are not present in your system

Instructions for using In Silico-iTTV

The uge of this tool kit for fargef identificalion and validation i)-r-ocasﬂs can be understood wf»fhth{e"foila\}{ri_ﬁ_g"p_rmocnl, This tool executes in
3 basic steps viz. Gene pradiction, extracting Unique Essential Genas and Validation.

Step 1

1. Click on the "Gene Prediction” button and select your optian as 1" (Default).Input a genome or a clipping inte the window
prampted in FASTA format.

2. The output will be generated in a file "GeneAnnotation 1.txt" in the iTTV falder. Please remove the space in this file name and you
can renama it to “anything.txt* without blank spaces. )

3. Give the path of your genome file, Gene prediction file (output of the previeus step) and output file location.

4. Check the output folder location for gene files generated. These are the number of gene sequences present in the input genorme.

Step 2

1. The BLAST executable path has already been provided in the designated space. You can change it if it differs in your system.

2. Provide ingut of the gene flles generated as a reult of Step 1, output path, E-value cutoff {default is e-10), File count (number of
files you want to be executed at a time), The database Path has bgen provided as default in the designated space.

3. On clicking the "BLAST" button, the oulput files will be genarated in the output falder path for all the N genes you have input.

4. In order to screen these genes w.r.t bitscore, provide another output path in the field *Screened Output Path" and click the
"Screen Results” button. The input Lo this step ie. the BLAST output files have automatically heen taken. The autput as a result
of this step is the number of genes that are essential and unigue to the bacteria,
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Step 3 (Validation)

1. Input the nurmber of files you want to process at & time in the designated field.

\ 2. In ordar 1o Score the genes on basis of Function, Promoter, Shine-Dalgamo sequence and Antibacterial drug fargated domains,
’ tlick on the respective buitons pravided. Check your results,

3. Finally, in order to rank the genes on basis of all the shove parameters, Click an the "Rank” buttan. Check results and you can
use them for your further research.

Working Team

1. Br. Pradeep K Naik , Sr. Lecturer, Dept. of Bioinfarmatics, Jaypee Univarsity of information technalogy, Solan
E-mail : pradeep naik @juit.ac.in

2. Hari Krishna Yalamanchili , B.Tech Bioinformatics, Jaypee University of information technology, Sofan
E-mail : yalamanchili hk@gmail com

3. Praveen Ghatta , B Tech Bioinformatics, Jaypee University of information technalagy, Solan
E-mail : praveenghatta@gmail com

4. Garima Jajodia , B.Tech Siinformatics, Jaypee University of information technolagy, Solan
E-mail : ganmajajodia@yahoo.co.in

5. Arvind Mukundan, B.Tech Biainformatics, Jaypee University of informatipn technology, Solan

E-mal : arvind juit@gmal com

Figure 3.4: Snapshot of our Webpage uploaded on university web server
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APPENDIX

2.1 Perl Program used to download essential bacterial genes in Html files from
DEG:

use LWP::Simple;
$id=DEG;
$counter=10010001;
foreach(1..243)

{

push(@array,$counter);
$counter++;

}

Scount=0;
foreach(@array)

{

$ =$id.$ ;

open(GG,">>Seq.html");

$count++;

print $count."). Fetching ".§ ."...\n";
my $esearch_result = get("http://tubic.tju.edu.cn/deg/information.php?ac=".$ );
print GG $esearch_result."\n";

print "Fetched....\n";

close GG;

}

print "Finished...";

<stdin>;

2.2 Perl program for extracting genes from the input genome using index file.

{@conn;

$n=0;,
foreach(@ARGV)
{

$conn[$n]=§ ;

}

$=$conn[0];
$ft=$conn[1];
$1=@conn;

@spl = split(",$1);
$l=@spl;
$i=1;

$search="C:";

$bo=rindex $f,$search;

#print $bo;
$emd3=substr($f,Sbo,($1-$bo));

| $temp=substr($£,0,($bo));
$bo=rindex $temp,$search;

@sp= split(",$temp);
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3= @sp;
$emd2=substr($temp,$bo,($1-§bo));

$emd1=substr($£,0,$bo);
open{HH,$cmd1);
@content=<HH=>;

close HH;

$seq=";
chomp(@content);
foreach(@content)

{

if($_=~/">*))

{

next;

}

else
{
$seq=9%seq.§ ;
t
t
open(GOOD,$cmd2);
chomp(E@con=<GOOD>);
close GOOD;
@forwardgenes=();
@backgenes=();
$genecount=0;
foreach((@con)
{
@array=();
@array=split{" ',$ );
if($array[0]=~ /[0-9])
{
if($array[1] eq '+')
{

my $frag=substr($seq,($array[2]-1),$array[4]);
$genecountt+;

open{HAND,">" $cmd3.$genecount. . txt'");
print HAND ">gene” $genecount."\n$frag";
close HAND;

1
if($array[1] eq'-"
{

my $frag=substr($seq,($array[2]-1),$array[4]);
$frag=~ t/ ATGC/TACGY,

$genecount++;
open{HAND, "' $cmd3.$genecount.".txt');
print HAND ">gene".$genecount,"\n$frag";
close HAND;

IS
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2.3 Perl code for screening BLAST outputs:

{@conn,
$n=0;
foreach(@ARGV)

{
Sconn[$n]=3% ;
}

$f=8conn[0];
$ff=S$conn[17;
$l=@conn;

(@spl = split(",$0);
$l=@spl;
$i=1;

$search="C:";

$search2 =",

$bi=rindex $f,$search2;

$emd5 = substr ($£,5bi+1,($1-3bi));
print $cmd5;

$temp2 = substr($£,0,$bi);
print "\n";

({@str2 = split(", $temp2};
$12 = @str2;

$bi = rindex $temp2,$search2;

$emdd = substr($temp2, $bit+1, (312-$bi));
print $cmd4;

$£2 = substr($temp2,0,8bi};

@str3 = split(",$£2);

$1=@str3;

$bo = rindex $£2,$search;
$cmd3=substr($£2,5bo,(31-$bo}));

print "n";

print $cmd3;

$temp=substr($2,0,($bo));
$bo=rindex $temp,$search;

@sp= split(",$temp);

$1= @sp;
$cmd2=substr($temp,$bo,(§1-$bo));
print "n";

print $emd2;

$cmd1=substr($£2,0,$bo);
print "\n";
print $emdl;

$m=1;

$lcount=0;

$status=1,

$hp=%$cmd4-1;

$tempc=0;
for($m=%cmd4;$m<=%cmd5;$m++)
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{
open(GOOD,$cmd1.$m.".out");
chomp(@con=<GOOD>);

close GOOD;

foreach((@con)

Slcount++;
(@array=();
@array=split('',$ );
Sal=scalar(@array);

if(($leount>=22)&& ($array[0]=~/"ref.* /)
{

if($array[$al-2]>=100)

{

$status=0;

}

}

}

if($status==1)

{

(@gene=();

open(HANDLE,$cmd2.$m." txt");

(@gene=<HANDLE>;

close HANDLE;

$hp++;

open(HH,">'.$cmd3.$hp." txt"); ol
print HH "@gene"; !

close HH;

)
$status=1; lﬁ
} o

2.4 The program for scoring the genes on basis of functions

$fcount=$ARGV][0];

$status=0;
open(HARIL,">CADTITK\Protein_Function. txt');
for($i=1;$i<=$fcount;$i++)

{
open(GOOD,'CADTITK\BO\BO'.$i.".out");
chomp(@con=<GOOD>);

close GOOD;

foreach((@con)

{

$lcount++;

@array=();

@array=split("",$ );

$len=@array;

if($array[0]=~ /"Pro.*./)

{

if($array[$len-2]>=100)
{

@qu=split(" ,$con[8]);
pl'il]t HARII ">".$qu[ 1].|| ||;
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$searchitenm=$array[0];
$status=1;

!

'

#if($array[0]=~ /Query=/)

#

#¥temp=Sarray[1];

#print HARIT $temp;

#print HARII " ";

#}

'

if{ $status==1)

{
open(HANDLE,'C:\DTITK\917ﬁScoredProteins_Functions.txt');
chomp(@stor=<HANDLE>);
foreach(@stor)

{

@arr=();

@arr=split(* \$_);

if($arr[0) eq ">".$searchitem)

print HARII $arrf1)." ",
print HARII "score: ";
print HARII $arr[2];
print HARII "\n";
break;

}

}

}

$status=0;

}

2.5 (a) Program in JAVA to score sample promoters

import java.io.*;

public class Demol

{
public static void main(String arg[])throws I0Exception

{

String s= new String();

FileInputStream f = new FileInputStream("1.txt");
int i=0,j=0;

float ¢[][] = new float[100][6];

float pb[][] = new float[100][6];

char promoter_10[][]= new char [100][100];

while(true)
{
int a = f.read();
ifla==-1)
break;

char temp = (char)a;
iff(temp =="A")|[(temp =="T")||(temp == 'G'}||(temp =="C"))
{

promoter_10[i][j] = temp;
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JtHt; ;f
if(j==6) |

i+
i=0;

}

JLEETy

for(int 1=0;1<i;1++) L
{ i
for(int k=0;k<6;k++) ‘

{
if{promoter_10[1][k] =="'A")

c[O][k]++;

}
if(promoter 10[1][k] == "T")
{

cf1]kj++;

}

if(promoter LO{I][k] =='G")
{

c2][k]++;

}
if(promoter_10[1][k] =="'C") ' 3
{

[3IMkH+
} i
}

/** * % /
for(int m=0;m<4;m++)

{

for(int n=0;n<6;n++)

{
pb[m][n] = (float)(c[m][n])/i;
}

}

/****/

float te[][][1= new float [6][41(4];
for(int q=0;q<i;q++)

{

for(int r=0;r<6;r++)

{

if{promoter 10{q][r} =="A"

{

if(promoter 10[q][(r+1)] =="A")
{

te[r][0)[0]++

}

if(promoter 10[q][{r+1)] =="'T")

{
te[r][O)[1]++;

}

03
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iftpromoter_10[q]{(r+1)] =='G) »- #
‘1 L0121+ |
| Hpromoter_10(gl(1] - C) |
O3
i o
ifpromoter_10{q)[t] == 'T')
i{f(promoter_lo[q][(rﬂ)] —A)
O
i}ﬂpromotergw[q][(mn —=T)
L
i}f(promoterﬁIO[q][(rH Y =—='G)
t{c[r}[u[21++; |
i}frprorﬁoter_w[q1[(r+1)] —=C) N
{c[r}[11[3]++;

} M
if{promoter_10{q]{r] = 'G") -
4

i:ffpmmoterylo[Q] [+1)] =="A") ég:
te[r][2][0]++;
i}f(promOIerJ O[qj[(r+1}] =="T")
t{C[r] [2][1]++;
i}f(promoter_l Ofq)((r+1}] =="G")
t{<=[r][2][2]++;
i}f(promoter_l Olql[(r+1)] =="'C))
t{0[1’] (21[3]++;

}

}
if{(promoter 10[q][r] =='C")

ilf(promoter_l O[ql[(r+1)] =="A"
{

tefr][3][0]++;

i

ifipromoter_10[q][(r+1 ]=="T"

{
tefr]{3][1]++;
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if(promoter_10[q][(r+1)] = 'G')
! t{c[r][3][2]++;
iftpromoter_10[q)[(r+1)] == 'C)
fc[r][3][3]++;

}
j
j

/‘****/

System.out.println{"\n");

for(int 0=0;0<4;0t+)

{

if{lo==0)

System.out.print{"A at Pos 1 to 6 ");
iflo==1)

System.out.print("T at Pos 1 to 6 ");
1f{o==2)

System.out.print("G at Pos L to 6 ");
if{o==3)

System.out.print("C at Pos L to 6 ");
for(int p=0;p<6;p++)

{ ' ™
Systerm.out.print(pb[o]{p] +" "); 4
)
! System.out,println{"\n"); 3
} O
JEIETY g

System.out.println("n");

for(int x=0;x<5;x++)

{

System.out.printIn{"TRANSITION MATRIX FOR COLUMN " + (x+1)};
System.out.println{"w"+" A T G C"+"n")

for(int y=0;y<d;y++)

{

if(y==0)
System.out.print("A™");
if{y==1)
System.out.print{"T");
if{y==2)
System.out.print{"G");
if{y==3)
System.out.print{"C");
for(int z=0;z<4;z++)

{

System.out.print(" "+ (tc[x][y][z]/1) +" *);
}

Systemn.out.println{"\n"};

}
a System.out.println(™n'n");

i [EEERS
char I'[]Z {ITI’IAI,|T1,IAI,I‘AI,ITI’I |}’
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double d[]= new double[100]; .[
e |
i‘or(int h=0;h<6;h++) !
i{f(promoterﬁlO[g][h]=='A') Jl
kgt S ;
f{l[g]:d[gh(tc[h][ol[0]/i); !
i}f(promoteu()[g][(m- =" |
é[g]=d[g]+(tc[h][0][ 1J/i); |
5f(pr0m0ter710[g][(h+ N]=='G")
<{i[g]=d[g]+(tc[h][0][2]/i);

i}f(promoterilO[g][(th D]=="C" ’
é[g]=d[g]+(tc[h][0][3]/1');

) i
if(promoter_10[g][h]=='T') '
{

dfg]=dfg]+pb(1]fh];

if(promoter_lO[g][(h+1)]=='A') -
{ .
?[g] =d[g]+(tc[h[1][0Vi); Ej(sf ]

if{promoter_10(g]f(h+1)] ="T"
{

dlgl=d[gl+(tc[h][ 1][1]/1);

}
iflpromoter_10[g][(h+1)]=='G")
{

dlgl=d[g]+(tc[h][1][2}/i); |
!

iffpromoter 10[g][(h+1 N=CH
{

}
if{promoter_10[g]fh]=="G") ‘
{ |
d{gl=d[g}+pb{2]h]; |
if{promoter_10[g][(h+1)]=="A") ‘
{

|
dlgl=d{gh+te[hI[113Vi); f
! |

dfg|=dlg]+(te[h][2][0Vi);
}

if{promoter_10[g][(h+1)]=="T")
{

dlgl=d[g]+(tc[h][2][1}i);
!
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if{promoter_10[g][(h+1)]=="G")
;{l[g]=d[g]+(t0[h][2][2]/i);
ifipromoter_10[g][(h+1)]=='C")
é[g]zd[g]Jf(tC[h] [2][3)/1);

}
if{promoter_10[g][h]=='C")
{

d[g]=d[g] + pb[3][h];
if(promoter_10[g][(h+1)]=="A")
{

digl=dgl+(tc[h]{3][0Vi);
i}f(promOtBL10[3][(h+1)]=='T')
é[g]id[g]Jf(tC[h] 31011y
j}f(promoteu 0fgl{(h+ 1)]=='G")
é[g]:d[g]ﬂtc{h][3][2]/i);
i}f(promotetl Olg][(ht+1)}=="C")

[el=d[gi+(te[h][3)[3)/1);

S e 3,

for(int fe=0;fe<i;fe++)

{

System.out.print("Score for ");
for(int e=0;e<6;e+1)

{

System,out.print(promoter 10[fe][e]);

System.out.print(" is "+d[fe]);
System.out.println{);

double max;

double min;

double avg=0;

max=d[0];

min=d[0];

for(int aa=0;aa<i;aa++)

{
if{d[aa]< d[{aa+1)])
{

max=d[(aa+1)}];

h

if({d[aa] < df(aa+1)]))
{

if(d[(aa+1)]==0)
{

\_f;&,,.._..:._:‘ PR A
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4

min=d[aa);
h

min=d[aa];
avg=avg+d[aa);

System.out.println();

System.out.println( "#**#*+xkmy,
System.out.println{"MAXIMUM SCORE 1S : "+ max);
System.out.println("MINIMUM SCORE IS : "+ min);
System.out.println("AVERAGE SCORE IS : "+ (avg/i));
/****/‘

}

}

2.5 (b) The program for scoring the genes on basis of Promoter sequence

$fcount=3ARGV][0];

$omd = SARGVIi];
open{HARIL,">cADTITK\Promoter Scores.txt');
Yopb=

(

"TA'=>(0.0,

'2A'=>0.84615386,

IA'=>0.07692308,

'4A'=>0.46153846,

'5A'=>0.53846157,

'6A'=>0.07692308,

"1T'=>0.9230769,

2T'=>0,07692308,

3T=>0.6923077,

4T'=>0.15384616,

'ST'=>0.15384616,

'6T'=>0.9230769,

"1C=> 0.07692308,

20C'=>0.0,

3C'=>0.07692308,

'4C'=>0.07692308,

'5C'=>0.23076923,

'6C'=>0.0,

"1G'==0.0,

2G'=>0.07692308,

3G'=>0.15384616,

'4G'=>0.30769232,

'5G"=>0.07692300,

'6G'=>0.0,

)R
) Dtp=

(

"TAA'=>0.0,
2AA"=>0.0,
3AA'=>0.07692308,
MAA'=>0.23076923,
'SAA=>0.0,
'"TAT'=>0.0,
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2AT'=>0,61538464,
IAT=>0.0,
YAT'=>0.07692308,
'SAT'=>0.53846157.
"AG=>0.0,
2AG'=>0.15384616,
3AG'=>0.0,
"YAG'=>0.0,
'SAG'=0.0,
"1AC'=>0.0,
"2AC=>0.15384616,
BAC=>0.0,
"YAC=>0.15384616,
'SAC'=>0.0,
I
'1TA'=>0.7692308,
2TA'=>0.7692308,
"3TA'=>0.30769232,
YTA'=>0.7692308,
'STA'=>0.7692308,
"1TT'=>0.7692308,
2TT'=>0.0,
3TT'=>0.7692308,
YTT'=>0.0,
'5TT'=>0.7692308,
"NTG'=>0.7692308,
2TG'=>0.0,
ITG'=>0.23076923,
"YTG'=>0.7692308,
'STG'=>0.0,
"NTC=>0.0,
2TC=>0.0,
'3TC'=>0.23076923,
YTC=>0.0,
'STC'=>0.0,
HHHR
"1GA'=>0.0,
GA'=>0.0,
"3GA'=>0.7692308,
YGA'=>0.15384616,
'5GA'=>0.0,
"1GT'=>0.0,
RGT'=>0,7692308,
3GT'=>0.0,

4G T'=>0.7692308,
'5GT'=>0.7692308,
"1GG'=>0.0,
2GG'=>0.0,
3GG=>0.7692308,
'4GG'=>0.0,
5GG'=>0.0,
1GC'=>0.0,
2GC=>0.0,
3GC'=>0.0,
4GC'=>0.7692308,
'5GC'=>0,0,
HUSHEHI
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"1CA'=>0.7692308,
2CA'=>0.0,
3CA'=>0.0,
YCA'=>0.7692308,
1 '5CA=>0.0,
'"CT'=>0.0,
2CT=>0.0,
3CT'=>0.7692308,
"4CT'=>0.0,
SCT'=>0.23076923,
"1CG=>0.0,
2CG=>0.0,
3CG=>0.0, ;
'4CG=>0.0, ‘I
'SCG'=>0.0, |
1CC=>0.0, |
2CC'=>0.0, |
3CC=>0.0, |
'4CC'=>0.0, ‘
'5CC'=>0.0, :
%
for($i=1;$i<=$fcount;$i++) ‘i
|
|

{

open{ HANDLE,'CADTITK\SG\SG".$i." txt");
@arr=<HANDLE>;

close HANDLE;

$tag=S$arc[0];

Stag=~ s/\n//;

Sarr[0]=";

$gene=join(",@arr); :
$gene=~s/ //; I
open(HH,"$cmd"™); f
@con=<HH:>; ;
$con[0]=";

$m=join(",@con);

$m=-~ s/n//gi;

#print "Gene:" $gene;

#print "\nGenome:" . $m;

f<y

$index = index $m,$gene;

if($index == -1}

: {

3 $gene=- tr/ATGCatgc/TACGtacg/;

Jindex = index $m,$gene;

| )

i print $index."\n";

$tata=substr{$m,($index-14),9);

@prom,

Sprom[0]=substr($tata,0,6);

$prom[1]=substr($tata,1,6);

$prom(2]=substr($tata,2,6);

$prom[3])=substr($tata,3,6);

$prom[4]=subsir($tata,4,6);

$prom[5]=substr($tata,5,6);

{score=();

for($k=1;8k<=6;5k++)

{
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@temp=split(", $prom|$k-11);
{

for($j=0;8j<=6;3j++)

{

if$temp[$j] eq 'AD

{

$score[$k]=$score[$k]+$pb{$j.'A'};
i{$temp[($j+1)] eq 'A")
{

$score[$k]=$score[Sk]+$tp{$j. AA'};
}

if{$temp[($j+1)] eq 'T")

{

$score[Sk]=$score[$k]+$tp{$j.'AT"};
h

if($temp[($j+1)] eq 'G")

{

$score[$k]=$score[$k]+Stp{$j. AG'};
}

if{$temp[($j+1)] eq 'C')

{

$score[$k]=$score[$k]+Ftp{$j. AC"};
}

}

if($temp($j] eq 'T')

{
$score[$k]=$score[$k]+$pb{$;. T'};
if($temp[($j+1)] eq'A")

{

$score[$k]=$score[$k]+$tp{$;. TA'};
}

if($temp[(8j+1)] eq 'T")

{

$score[$k]=8score[$k]|+$tp{S$j. TT'};
}

if{$temp[($j+1)] eq 'G)

{

$score[$k]=$score[$k]+$tp{$j. TG'};
}

if(Stemp[(§j+1)] eq 'C')

{

$score[$k)=$score[Sk]+5$tp{$j." TC'};
}

i
if($temp[$j] eq 'G')

{
$score[$k]=Sscore[$k]+$pb{$i.'G'};
if($temp[($j+1)] eq 'AY

{

$score[Fk]=3score[$k|+$tp {$].'GA’};

}
if($temp[($j+1)] eq 'TY
{

$score[$k]=3score[$k]+$tp{$j.'GT"},
'

if(Stemp[($j+1)] eq 'G")

{
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\ $score[$kj=$score[$k]+$tp{$]. GG'};
i

| if($temp[($j+1)] eq 'C)
{

1 $score[Sk]=$score[$k)+$tp{$]. GC'};
H

}
if{$temp[$j] eq 'C")
{

Sscore[$k]=$score[$k]+$pb {$]./C'};
if($temp[($j+1)] eq 'A")
{

$score[$k]=$score[$k]+$tp{$i.'CA");
iif($temp[($j+1 ) eq'T f‘
$score[$k]=$score[$k]+$tp{$;.'CT'}; |
i}f($temp[($j+1)] eq'G) |
éscore[$k]:$score[$k]+$tp {$)."CG"};
l:}{f($temp[($j+1)] eq'C)

$score[$k]=$score[$k]+$tp{$j./CC'};

[ RN

R I
$max=8score[1]; ¥
if{$scoref2]>$max) a
{

$max=$score[2];

}
if{$score[3]>$max)
{

$max=%score[3];

}
if($score[4]>$max)
{ |

$max=S$score[4];

}
if($score[3]>$max)
{

$max=3score[5];
i}f($score[6]>$max)
émax=$score[6];
i}f($max>4.4)
j ;rint HARI $tag."\t"."Promoter Score: 4 ".$max."\n";

1
if(($max>=3) && ($max<=4.44))
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{

y print HART $tag "\t" "Prometer Score: 2 " $max."\n";
1

if($max<3)

{

print HARI $tag."\("."Promoter Score: 1 ".$max."\n";

}

$score[1]=0;

$score[2]=0;

$score[3]=0; !

$score[4]=0; :

$score[51=0;

$score[6]=0;

$max=0;

}

2.6 The program for scoring the genes on basis of Shine Dalgarno sequence

$fcount=$ ARGV[0];
$cmd=$ARGV[1];
%pb=

(

TA=>0.0,

PA=>(),

"3A=>0,

'4A'=>0,

5A'=>0,

'6A'=>0,

"NT=>0.25,

2T'=>0,

'3T'=>0.25, K
YT'=>0.5,

'ST'=>0,

'6T'=>0,

"1C'=>0.75,

2C=>1,

"3C'=>(0.75,

'4C'=>(.5,

'5C=>1,

'6C'=>1,

"1G'=>0.0,

2G'=>0,

3G'=>0,

4G'=>0,

'5G=>0),

'6G'=>0.0,

)

%tp=

(

"TAA'=>0.0,

2AA'=>0.0,

BAA'=>(,

, '4AA'=>0,

! 'SAA=>0.0,

"1AT'=>0.0,

DAT'=>(, :
AT=>0.0, *'
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4AT >0,
'SAT>0,
¥ "TAG'=>0.0,
] DAG=>0,
3AG'=>0,0,
BAG'=>0.0,
SAG'=>0.0,
TAC=>0.,
2AC=>0,
BAC=>00,
AC=>0,
SAC'=>0.0,
Mt
1TA'=>0,
2TA'=>0,
ITA'=>0,
YTA'=>0,
'5TA'=>0,
'1TT=>0,
2TT'=>0.0,
3TT'=>0,
YTT=>0.0,
'STT'=>(,
NTG=>0,
2TG=>0.0,
3TG'=>0,
4TG'=>0,
5TG'=>0.0,
ITC'=>0.25,
2TC=>0.0,
3TC'=>0.25,
YTC=>0.5,
'STC'=>0,0,
Y
1GA'=>0.0,
2GA=>0.0,
3GA'=>0,
'4GA=>0,
5GA'=>0.0,
'1GT'=>0.0,
2GT'=>0,
3GT'=>0.0,
4GT'=>0,
5GT=>0,
'1GG=>0.0,
2GG=>0.0,
IGG'=>0,
'4GG'=>0.0,
'5GG'=0.0,
'1GC=>0.0,
2GC=>0.0,
3GC'=>0.0,
'4GC'=>0,
SGC'=>0.0,
ik
'"CA=>0,
2CA'=>0.0,
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3CA=>0.,0),
YCA=>(),
SCA'=>0.0,
"NCT=>0.0,
2CT=>(),25,
3CT'=>0.5,
'4CT'=>0.0,
'SCT'=>0.23076923,
1CG=>0.0,
2CG'=>0.0
'3CG'=>0.0,

'4CG"=>0.0,

'5CG'=>0.0,

"1CC=>0.75,

2CC=>0.75,

"3CC=>0.25,

'4CC'=>0.5,

'5CC=>1,

)i
open(HARL'">c\DTITK\SHINESCORE.txt");
for($i=1;$i<=$fcount;$i++)

{
open(HANDLE,'C:\DTITK\SG\SG". $i.".txt");
@arr=<HANDLE=>;

close HANDLE;

$tag=%arr{0];

$tag=- s/\n//;

$arr[0]=";

$gene=join(",@arr);

$gene=~ s/ //;

open(HH,"$cmd");

@con=<HH>;

$conf0]=";

$m=join{",(@con);

$m=~ s/\n//gi;

$index = index $m,$gene;

if(8index ==-1)

{

$gene=~ t/ATGCatgc/TACGtacg/;
$index = index $m,$gene;

}

3shine=substr{$m,($index+4},11);
@shinel;
3shine1[0]=substr($shine,0,6);
$shinel1[1]=substr($shine,1,6);
$shine1[2]=substr($shine,2,6);
$shinel[3]=substr($shine,3,6);
$shinel[4]=substr($shine,4,6);
$shine1[5]=substr{$shine,5,6);
for($k=1;3k<=6;%k++)

{

@temp=split(",$shine1[$k-1]);

y

{
for($j=0,%j<=6;3j++)

{
if(Stemp[$j] eq 'A")
{
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$score[$k]:$score[$k]+$pb 18j.°A"Y;
if{$temp[($+1)] eq ‘A"
1

$score[$k]=Sscore[$k]+$tp{$]. AA" ;
i}ft$temp[($j+1)] eq'T)
éscore[$k]=$score[$k]+$tp{$j.'AT'};
i}f($temp[($j+1)] eq'G))
éscore[$k] =$score[$k]+$tp {$j’AG'};

}
if{$temp[($j+1)] eq 'C))
{

$score[$k]=Fscore[$k]+$ip {$;'ACY;
) !
\ |
if($temp[$j] eq ‘T
{

$score[$k]=$score[$k]+$pb 1$j.'T'};
1f{$temp(($j+1)] eq 'A")
{

$score[$k]=$score[$k]+$tp! $j. TA"};
1

if{$temp[($j+1)] eq 'T"

{

$Score[$k]=$sc0re[$k]+$tp {§.'TT');

}
if{$temp(($j+1)] eq 'G")
{

$score[$k]=$score[$k]+$tp {$j.' TG,
}

if($temp[($j+1)] eq 'C')

{

$score[$k]=$score[$k]+$tp 1$5.'TC;
}

}
if{$temp[$j] eq 'G)
{

$score[$k]=$score[$k]+$pb {$j.'G"};
if($temp[($j+1)] eq'A")
{

$score[$k]=$score[$k]+$tp{$j.'GA'} ;
H

if{$temp[($j+1)] eq 'T")

{

$score[$kj=$score[$k}+$tp{$j.'GT"};

}

if{$temp[($j+1)] eq 'G"

{
$score[$k]-$score[$k]+$tp{$j.'GG'};
}

if{$temp[($j+1)) eq 'C'")

{

$score[$k]=$sc0re[$k]+$tp{$j GC'}
}
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t
if($temp[$)] eq 'C')
{

=
Lo T

3score[$k]=$score[$k]+$pb{$).'C"};
if(Stemp[($j+1)] eq 'A")
{

$score[$k]=$scorc[$k]+5tp{$j.'CA"};
}

if{$temp[(8j+1)] eq 'T")

{ .

$score[$k|=$score[$k]+Stp{$j.'CT"};
}

if{$temp|($j+1)] eq 'G")

{

3score[$k]=3score[$k]+5(p{$j.'CG'};
}

if{Stemp[($j+1)] eq 'C")

{

$score[$k]=$score[$k]+$tp{$;.'CC'};

R L R R
$max=3score[1];

if($score[2]>3max)

{

$max=$score[2];

} i
if($score{3]>$max) i
{

$max=$score[3];
if($score[4]>$max)
$max=3score[4];

}
if(3score[5]>$max)
{

$max=3score[5];

}
if($score[6]>$max)
1

$ma:§=$score[6];

3f($max>4.4)

Igrint HARI $tag."\t"."Shine dalagarno Score: 4 " $max."n";
i}f(($max>:3) &é& ($max<=4.44))

}Erint HARI $tag."t"."Shine dalagarmo Score: 2 ".$max."\n";
i}f($max<3)

{
print HART $tag."\t"."Shine dalagarno score: 1 " $max."n";
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‘ }
$score[1]=0;
|- $score[2]=0;
% Sscore[3]=0;
\ $score[4]=0;
1 $score[5]=0;
S$score[6]=0;
$max=0;

}

2.7 Program in Python to retrieve the target sequences, PROSITE motif signatures,
for the calculation involving the total number of occurrences of these motifs
present in each of the input sequences and finally the RANK assignment to each
of these protein sequences,

import re

import string

import Bio

from Bio import Fasta

#from pros_pattall123 import assign
parser = Fasta.RecordParser()

#Retrieval of target sequences......
seqs ={]
for i in range(135):
k=]
_ thl = "%d.txt" %i
| fh = open(fhl)
iterator = Fasta.Iterator{ fh, parser }
while |: f
record = iterator.next()
if not record:
break
k.append(record.sequence)
seqs.append(k)
fh.close()
#End of retrieval ......

#Opening of prositedom. txt file ...
th2 = open(“prositedom. txt")
listl =1
for i in th2.readlines():
if(i=="wn"):
break
else:
list! -append(i.strip())
th2.close()
#End of domain Retrieval.. .

#Training data from the target dataset ., ..
listvalues =[] ‘
for a in list1:
t flag=0
counter = (
pattern = re.compile(a)
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for i in range(len(seqs)):
for j in range(len(seqs[i])):
result = re.search( pattern,seqs[i][j] )
if(result):
flag += 1
listvalues.append(flag)

m=0
#For getting the sequences from the input file "X.txt' and storing in a list.....
prott =[]
prots =[]
parser = Fasta.RecordParser()
#inputseq = raw_input("Enter the File Name: ")
infile = open("CADTITK \prot.txt")
iterator = Fasta.Iterator(infile,parser)
while 1:
record = iterator.next()
if not record:
break
prots.append(record.sequence)
prott.append(record.title)
#End of retrieval of the protein sequences.....

#Opening of prositedom, txt containing all the the motif definitions.....
th= open(“prositedom. txt")
listl =[]
for i in fh.readlines():
if( i ="\n"):
break
else:
list1 append(i.strip())
fh.close()
#End of domain Retrieval...,

#Forming a Dictionary...containing 'motifs as keys' n ‘its corresponding values'
ab = {}
for 1 in range(len(list1)):
ab[list1[i]] = listvalues(i]
#Dictionary formed.....

#Calculation of Score....,
score_list =[]
foriin range(len(prots)):
score =0
for a in ab.keys():
pattern = re.compile(a)
result = re.search(pattern,prots[i])
if(result):
score = score + ab[a]
score_list.append(score)
#Scores calculated.....
#Sorting the values in the list
pos =[]
foriin range(len(score_list)):
pos.append(i)
foriin range(len(score_list)):
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for j in range(len{score_list)-1):
if( score list[j] < score list[j+1]):
templ = score list[j]
score list[j] = score list[j+1]
score list[j+1] =templ
temp2 = pos(j]
pos(j] = pos[j*+1]
pos[j+1] = temp?2
#Scores sorted.....

def comparer( a,b )
ifla==b):
return (
else:
return 1

#Writing the titles,scores and corresponding ranks to a file....
th = open("rank.txt","w+t")
k=1
n=-1
j=10 #for scorelist....
R1 =0 #for rank....
R2=1
for 1 in pos:
thowrite(">")
th.write(prott[i])

fh.write(" Score: ")
a = score_list[j]

b ="%d" %a
th.write( b )

if{ j < len(score list)-1):
R1 = comparer(score_list[j], score list[j+1])
k4 = "%d\n" %R2
fh.write(" Rank: ™)
fh.write(k4)
R2 +=R1

j=j+l

fn =n+1
Z="%d" %R2
fhowrite( " Rank: ")
thowrite(z)
th.close()
#File written....

print "\nCheck your results at rank.txt\n"
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