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Abstract

The explosion in the volume of genome data has resulted in an increase of the gap
between characterized and uncharacterized genome data. The experimenta
characterization of the freshly sequenced genome data through wet lab techniques is
impractical and impossible with respect to the time and cost constraints. It is admissible
to solve this problem by using a computational approach. The entire process of
annotating the genome sequence data can be considered as a software pipeline of
processes. The throughput of such annotation systems can be substantially increased by
automating the entire process of annotation. A data acquisition pipelineis an integral part
of such automated annotation systems, which integrates severa analysis and prediction
tools, and harvests data from variety of computational techniques and data sources.
Severa attempts have been made in developing such automated annotation pipelines; not
many of the pipelines that are developed are mature enough to handle inconsistencies that
might lead to absurd classification of sequenced genome data. This thesis work is an
attempt to integrate various biologica data analysis and prediction tools into a single
automated data acquisition pipeline, which aso identifies ambiguous biological regions
that might lead to wrong inferences and subsequently wrong functional classification.
The data acquisition pipeline integrates selected EMBOSS analysis programs, various
biological databases like NCBI nrdb, PROSITE, and PRINTS, and a new variant of

BLAST homologue search tool.
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CHAPTER 1

1. Introduction

Potato is one of the most widely grown crops in the world and a major agricultural
product of Atlantic Canada. The various genes, proteins, protein structure, protein
functionality, and disease associations of the potato crop are not completely known. The
Canadian Potato Genome Project (CPGP) [54, 55] is an initiative to understand the
functional traits of various genes in potato, and is partially funded by Genome Canada
[56]. The study and analysis of the complete set of an organism’s genes is commonly
referred to as genome analysis. The process of genome analysis involves determining the
gene structure and function, and is sometimes limited to the protein structure and
function. The CPGP involves potato genome analysis, and further explores improved
varieties of potato that offer immunity for destructive diseases such as late blight and
common scab, and enhanced potato tuber properties that will alow enduring storage and
post cooking characteristics. The project also evauates the functional traits of various

potato genes in different environmental conditions and developmental stages.

1.1 Motivation
Most of the genetic matter is similar for al known organisms [20]; hence, having
knowledge about the genes or proteins that are aready characterized will help in

predicting the function and structure of uncharacterized gene or protein sequences. This



fact can be exploited to annotate an uncharacterized protein sequence through
comparative genomics. The usefulness of genome data is directly proportional to the
quality of annotations. These informative annotations can be performed manually or can
be automated; the former is impossible for the genome projects due to the massive

amounts of accumulated data. Moreover the genome datais growing at arapid rate.

High-throughput annotation systems require the entire process of annotation to be
automated. As computational annotation process does not require human intervention to
parse and collect biological data, we can achieve good reliability, which again is
dependent on the underlying prediction and analysis methods. The drawbacks associated
with computerization are less sensitivity and specificity [7], and dependency on the

underlying gene prediction methods [30] and the data that is used for prediction.

Several automated annotation tools have been developed: GeneQuiz [3, 47], Genotator
[19], GAIA [34], PEDANT [14], PRECIS [26, 31], GeneMachine [29], ASAP [25], and
DAS [13]. All of these automated annotation systems inherently make use of a data
collection component. Most of the existing automated annotation tools have four
important subcomponents. a homologue search component [4, 20, 41, 51], a sequence
analysis component [4, 20, 41], a knowledge transfer component [22], and a browsing
and visuaization component [41]. The first two subcomponents of the system inherently
form the data collection component, and assist annotations; the knowledge transfer

component includes a set of rules that annotate the uncharacterized protein sequences,



and makes use of the data collection component. The browsing and visualization

component facilitates future analysis of the prediction results.

Experimental validation of annotation results that are obtained from the GeneQuiz are
discussed in [21]. It has been found that for 893 input gene sequences, the GeneQuiz [21]
annotations resulted in 563 ‘clear’ identifications (those gene sequences with their
function and structure clearly identified) and 23 ‘tentative’ identifications. The results are
encouraging with amost 67% of annotations being acceptable, and this provides a

positive feedback for devel oping automated annotation systems.

The CPGP uses a Genome Atlantic [56] platform for sequencing the potato genome. The
EST (Expressed Sequence Tag) sequences from the potato gene are sequenced and
assembled to form contigs. Extracting biologically significant information for
uncharacterized potato EST sequences is a time consuming process, and is possible only
through computer aided analysis. Some of these analysis programs are computationally
intensive, and using them is time consuming if their results are parsed manualy.
Additionally manual parsing can incorporate erroneous annotations. The analysis and
prediction programs provide results in formats that are specific to the application. Making
the data independent of its actual format will ease the process of annotation, which
requires various analysis and prediction tools to communicate. Integrating these programs
into an automated software pipeline undoubtedly increases the accuracy and reliability of
the analysis and prediction results, and in addition gives more speed over the annotation

process.



1.2 Thesis Objective

In this thesis work we develop an automated software pipeline, which integrates a variety
of computational techniques and biological data sources and extracts biological data for
high throughput bioinformatics. This thesis work is an attempt to gather all the necessary
biological information that will be used for the purpose of functional classification of
freshly sequenced potato genes. This thesis work is devoted to the development of the
system that performs data acquisition for further biological characterization of potato
gene sequences. Automation is performed for routine tasks which are otherwise manually
performed by biologists. The system integrates analysis and prediction programs into an
automated pipeline, and subsequently parses through their results and collects

biologically significant information in areliable fashion.

1.3 Thesis Overview

The *Automated Data Acquisition Pipeline for potato genome annotation’ (ADAP)
integrates various existing sequence analysis tools to find biologically significant sites:
signal sites, transmembrane segments, protein motifs, protein domains, and protein
fingerprints, in protein sequences that are translated from the potato EST sequences. The
aforementioned regions in potato gene data contain protein secondary structure, super
secondary structure and protein family information. The entire analysis is automated, and
in addition the ADAP performs initial annotation. In this thesis we also propose a new
variant of BLAST, the Parameter Regulated Iterative BLAST (PRI-BLAST), which more
effectively retrieves homologues for query protein sequences. An attempt was made to

follow sound object oriented programming techniques in the field of bioinformatics. This



thesis work uses object oriented perl, and makes use of some design patterns [15] for

local optimization.

The next chapter briefly discusses the background material. It reviews a few essential
biological concepts, BLAST and BLAST features, and motif search based protein
sequence analysis. Chapter 3 deals with the design of the ADAP and the potato database.
A brief discussion of the protein motif/fingerprint searching tools that are embedded into
the ADAP and a functional description of the PRI-BLAST is also included. The
penultimate chapter presents the computational results that are obtained from the ADAP.
Finally Chapter 5 concludes the thesis with a summary of contributions and gives

recommendations for future work.



CHAPTER 2

2. Background

Cells of al the living organisms are classified into the eukaryotes or the prokaryotes [4,
23, 32, 37]. The mgority of the living organisms are eukaryotic; algae, fungi, protists,
plants, and animals come in the category of the eukaryotes [65]. The cells of living
organisms contain two types of nucleic acids: deoxyribonucleic acid (DNA) [4, 26, 32,
37], and ribonucleic acid (RNA) [4, 26, 32, 37]. DNA is double stranded (chained) and is
made up of four nucleotides: adenine (A), guanine (G), cytosine (C), and thymine (T)
[32, 37]. One strand of DNA is the reverse complement of another. Long poly-nucleotide
sequences are generally called chromosomes [32, 37], and may contain a gene or gene
clusters that have information about how to make the proteins. RNA is built according to
the pattern of DNA. Proteins and nucleic acids are the essential components and the
building blocks for the existing living organisms [4, 23, 26, 32, 37]. Proteins provide the

basic functionality and catalyze several bio-chemical reactions[32, 37].

Protein sequence is a chain of amino acids [32, 37]. The proteins are derived from DNA
patterns in two steps transcription and translation [4, 26, 32, 37]. In transcription [32, 37],
DNA is converted into RNA, where one strand of the DNA is actively used as a template
for the transcription. A promoter [32, 37], which is a nucleotide sequence, helps in

recognizing a gene or gene cluster in the chromosome. In most of the eukaryotes, a small



portion of chromosome or genome DNA corresponds to RNA; the corresponding
portions of the gene that form the RNA are exons [32, 37]. The cDNA (complementary
DNA) [4, 32, 37], is a DNA sequence that is formed from all the exons; this process is
called reverse transcription [4]. The gene sequence regions that are leftover in the process
of transcription are referred to as introns [32, 37]. The function of a protein is directly
dependent on its structure, which is generally dependent on the order in which amino

acids in the sequence occur.

Trangdlation [32, 37] is a process where triplets of RNA match to amino acids, and these
amino acids build a protein sequence. In the process of trangdlation, triplets of RNA
synthesize amino acids. These nucleotide triplets are generaly referred to as codons [ 32,
37], and the genetic code gives the association of codons and the corresponding amino
acids for which they code. An open reading frame (ORF) [4] is a way of grouping the
nucleotide bases to form continuous codons. As we have three nucleotide bases for each
codon, we have three possible reading frames for a nucleotide sequence. Additionaly, the
sequenced genome DNA does not contain the information of the strand to which it

belongs. Hence, a DNA sequence contains 6 ORFs.

Generaly sequencing of the entire gene by maintaining good quality all throughout the
gene sequence is not possible. Hence, portions of the gene are sequenced, and the geneis
assembled from them [4]. Another technique to capture the gene is by confining the RNA

and reverse transcribing the RNA to cDNA. An EST (Expressed Sequence Tag) [4, 32,



37] is a cDNA clone. An EST contains the strand information and is small in size,

generaly around 400 nucleotide bases.

Most genome sequencing projects eventually deal with genome analysis. An enormous
amount of genome data is being produced across the globe in an attempt to sequence
genomes of interest. A list of some important genome sequencing centers across the
globe is in [48, 49, 50]. Most of the sequenced genome data contained in genome
sequencing centers is not yet characterized in terms of its functionality and other

important biological/bio-chemical traits.

2.1 Biological Databases and Annotations
The rate of growth of genome data is rapidly accelerating through genome sequencing
projects, and as a result a large amount of uncharacterized genome data has been

accumul ated.

Popular genome databases are GenBank [5], EMBL [38], and DDBJ [39]. Genomic
databases are classified into two categories. primary databases and secondary databases
[4]. Primary databases [4, 14] directly accept the data from severa sequencing projects
around the world and make it available for other researchers via the Internet. Figure 2.1
shows the growth statistics of GenBank, with the X-axis containing the year and the Y -
axis representing the number of base pairs/sequences, shading for the base pairs and solid

line for the sequences. Secondary databases [4, 14] are value added databases that collect



the data from primary databases and some other secondary databases, and in addition
have biologically significant information. Generally secondary databases are curated
databases. Secondary databases are small in size when compared to primary databases,

and can be navigated more easily.

Figure 2.1: Growth in GenBank Biological Data. Source [46]

Primary databases are very large in size; for example, GenBank [46] as of 2003 had
36,553,368,485 base pairs and 30,968,418 sequences (as of 2002 GenBank had
28,507,990,166 base pairs and 22,318,883 sequences), EMBL [43] as of May, 2004 had

70,106,951,044 base pairs and 41,841,035 sequences (as of September 25, 2003 it had



42,942,418,321 base pairs and 28,892,059 sequences), and SWISS-PROT [52] as of July
11, 2004 had 57,294,607 amino acids and 155,596 sequences (as of September 19, 2003

it had 49,425,784 amino acids and 134,343 sequence entries).

Table 1: Comparison of Genomic Data for different years

Genomic Statistics 1 Y ear Statistics 2 Year | Ref.
Database b.p./aa Sequences b.p./aa Sequences
GenBank | 36,553,368,485 | 30,968,418 | 2003 | 28,507,990,166 | 22,318,883 | 2002 | [46]

EMBL 70,106,951,044 | 41,841,035 | 2004 | 42,942,418,321 | 28,892,059 | 2003 | [43]
SWISS-
PROT 57,294,607 155,596 | 2004 49,425,784 134,343 | 2003 | [52]

Genbank and EMBL are primary databases, whereas SWISS-PROT is a secondary
database. Biologists across the world working on genome sequencing projects directly
submit the gene sequence data to the primary database. The primary databases contain
annotated collection of nucleotide and protein sequences. The secondary databases are
curated databases and contain biologically explored sequences, for example a secondary
database can contain specialized information such as protein family, protein domain,
protein structures, transcriptional factor binding sites or other biologically significant
information. Not all information can be found in a single secondary database; for
example, PDB (Protein Data Bank) contains protein structure information, and PRINTS

database contains protein fingerprint information.

The datais stored either in aflat file or in arelationa database. To ease parsing through

the biologically significant information in the aforementioned databases, for each

database there is a unique representation of file formats or record formats. Usually each

10



sequence in the database has some associated annotations. Annotations are informative
comments corresponding to the biological sequence. Annotations encompass descriptions
about genera family, functionality, structure, cellular localization, taxonomy, and

biological and chemical participation with other proteins and other gene products.

Annotations can be categorized into two types [28]: low-level annotations and high-level
annotations. The low-level annotations are well structured and contain information about
origin and source of sequence, references, and feature information. The high-level
annotations are less structured and contain more detailed information about structure and
functionality of the sequence. High-level annotations are usually found in secondary
databases, and hence they are also caled value added databases. Annotations can be
derived through the process of comparative genomics from aready existing gene

sequence data that is characterized.

2.2 Comparative Genomicsand BLAST

In the previous section we have learned that gene sequences are growing rapidly and
overwhelmingly. The process of associating annotations to the sequenced gene (or gene
product) sequences will help to characterize them bio-chemically. Experimentally
determining the function and structure for huge amounts of gene sequences is a time-
consuming process, and is not practical. Moreover, the experiments are diversified with
respect to their application, meaning an experiment that determines a particular protein
feature is different from the one that determines another protein feature. Performing such

experiments to biologically validate these huge amounts of data is not practical and is

11



effectively impossible. Fortunately, related protein sequences that are the gene products
of different organisms are substantially conserved, and this conservation is uniform
through evolution [4, 27, 40]. Hence, the function of an uncharacterized gene (or protein)

can be possibly predicted by understanding the function of existing characterized genes.

The gene or gene product that is used for evauating the functional traits of the
uncharacterized gene or gene product is generaly referred to as a homologue. A
homologue is an evolutionarily related gene, from which the functiona information can
be transferred to the uncharacterized gene. Two genes are either homologous or not
homologous;, a partial homologue does not have meaning, as homologues are
evolutionarily related sequences. This technique of understanding the uncharacterized
gene or gene products bio-chemically through a process of hypothesizing functionality

from their homologues is part of comparative genomics.

Homologues are further classified into orthologs and paralogs [4, 20]. Orthologs are
homol ogues from different species, meaning they occur because of speciation or, in other
words, divergence from some common evolutionary ancestor. On the other hand,
paralogs are due to gene duplication, which means the genes belong to same organism.
Orthologs generaly show the same functionality whereas the paralogs differ in
functionality or possess improved functionality. We can possibly identify homologues
through sequence similarity in genes or gene products. At times, because of complicated

patterns, homologue may be obscured [20].

12



Comparative genomics works because evolution happens. To understand how evolution
happens we need to understand mutations, genetic drift, and natural selection [23].
Mutations are changes that are made to an organism’s DNA. There are various factors
that cause these mutations: chemicals in the cell, environmental conditions, DNA
duplication process, etc. A change in a gene's nucleotide sequence may or may not cause
achange in the corresponding protein sequence; the change can be a mis-sense or a same-
sense mutation respectively. Proceeding through these evolutionary changes, the species
diverge and keep evolving thereafter, producing homologous genes. Identifying
homologues is generally done by finding the sequence similarity, commonly by using the
Basic Local Alignment Search Tool (BLAST) [1, 23]. An explanation of BLAST, various

phasesin BLAST, and features of BLAST are dealt with in the next subsections.

2.2.1 Basic Local Alignment Search Tool

BLAST isan acronym for Basic Local Alignment Search Tool. Alignment in this context
means pairing of letters from different sequences in the order of their occurrence;
sometimes aletter from one sequence can be paired to a gap in another sequence. BLAST
is atool that finds statistically significant [1, 23] homologues for a queried protein or
DNA sequence, though we will consider only protein sequences in our discussions.
Identifying the significant sequence similarities requires aligning the sequences in an
optimal way. This is computationally intensive, and the time taken increases with the
lengths of the sequences. The sequences can be aligned globally or locally, meaning an
end-to-end alignment or alignment of the optimal substrings respectively. FASTA [36] is

an example of a global alignment tool, whereas BLAST focuses on local alignment.

13



However, only segments or subsequences of a protein sequence are conserved, and it is
very rare that an entire protein sequence is conserved through evolution [20]. Global
alignments are time consuming [4, 37], as they demand more computational resources for

aligning the entirety of the sequences. On the other hand, local alignment based tools that

ignore gaps can be fast.
P Sequence B -
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Figure 2.2: Local Alignments and Gapped Local Alignments
Figure 2.2 is a pictorial representation of local alignments, where sequences A and B are
randomly generated DNA sequences. A diagonal line represents a significantly scored
local aignment, with a gap separating the local alignments. An alignment of two protein
sequences generally results in more than one matching of important substrings, called
high scoring pairs (HSPs), and these are identified by scores resulting from similarity
between substrings. A scoring matrix [1, 23, 32] is used to score an alignment, and is a
succinct representation of evolution. The scoring matrix is a 20 x 20 matrix; a cell that
corresponds to row i and column j, where i and j are amino acids, represents a score (S;)
which is the statistical probability of the amino acid in the i-th row being replaced by the

amino acid in the j-th column. The score is mathematically given [1, 23] by

14



log[gij /(pipy)]
Si=

/
In the above equation g; represents the target frequency, which is the observed frequency
for amino acid in row i being replaced by amino acid in column j; p; and p; represent the
individual occurrence of amino acids in row i and column j respectively, and / is the
scaling factor. A scoring matrix for use in BLAST can be either a BLOSUM (BLOcks
SUbstitution Matrix) [23, 32] or a PAM (Percent Accepted Mutations) [23, 32] matrix.
Generally a BLOSUM matrix is superior to PAM [23, 32]. The next subsection deds

with the various stages of BLAST in evauating the significant HSPs.

2.2.2 Seeding, Extension and Evaluation in BLAST

BLAST uses three phases to refine and identify HSPs. The three phases of BLAST are
seeding, extension, and evaluation. The sequence for which BLAST is performed is a
guery sequence, and the sequence aligned to the query is caled the subject. When two
sequences are aligned BLAST initially searches for word hits, which are matching words
in the query and subject; for example, for the query MAEAH with word length three,
BLAST searches for the words MAE, AEA, and EAH in the subject. Some significant
word hits may not have all the amino acids identical. Therefore, a search is performed for
all the words from the query and other significant words that score a threshold T when
compared to aword from the query using the scoring matrix. These words are referred to
as neighborhood word hits. Employing a greater T may eliminate some biologically

significant neighborhood words, which will increase the speed. This process of

15



identifying the neighborhood words accomplishes the first phase of BLAST, called

seeding.

Local regions of similarity in an alignment generally contain the neighborhood word hits
that are accumulated along the diagonals forming long stretches of diagonally adjacent
seeds. This means a seed can be extended to accommodate these diagonally adjacent
seeds; the two-hit algorithm [1, 23] takes care of this. A two-hit algorithm extends the
alignment of seeds by clustering diagonally adjacent seeds that are within a threshold
distance. The distance is the number of amino acids separating the adjacent seeds. This
extension is stopped when adding a seed into the alignment results in an intolerable
decrease in the score of the alignment. The threshold decrease score restricts the
extension phase, as it limits the extension of the local alignment through a region that is

largely concentrated with mismatches. This phase of BLAST is called extension.

The next phase of BLAST is the evaluation phase, which evaluates the local aignments
that are created from the extension phase. A statisticaly significant local alignment will
be a HSP (High Scoring Pair). A threshold score is used to filter out the poorly aligned
and statistically insignificant local alignments. Consistent HSPs, meaning those that do
not overlap and run through an entire alignment, are identified through their coordinates
of orientation in the search space. Once the consistent HSPs are identified, a threshold

filtering is performed for these groups of HSPs.
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The three phases of BLAST make it a comprehensive, fast, and sensitive tool for
sequence similarity search that incorporates multi-level refinement and rigorous statistics.
Even after this exhaustive refinement and statistical treatment, BLAST does not
guarantee a foolproof search; sometimes the homologue can be obscured or a fase

positive homologue isidentified.

2.2.3 BLAST Features

BLAST has various programs that are grouped as ‘blastall executable’ [23]. They are
BLASTN, BLASTP, TBLASTX, BLASTX, and TBLASTN. Even though some of these
programs perform protein search, we are interested in BLASTP that solely does protein-
to-protein searching. BLASTP is considered to be in a discovering category of BLAST
programs, where homologues generated are further used to understand the bio-chemical
behavior of the query sequence. BLASTP operates on severa input parameters that
specifically regulate the sensitivity and speed of the searches. BLASTP searches that are
inclined towards sensitivity explore neighborhood words with a greater mismatch, try to
extend these hits over longer amino acid sequences to reach adjacent seeds, and
accommodate HSPs with lower scores. For obvious reasons more computational power is
required to perform sensitive searches to accommodate additional seeds, their extensions,
and the resultant HSPs, which are otherwise neglected in faster and less sensitive

searches.

There are many parameters that control the BLASTP search; we will explain a few that
are of our interest. The seeding phase of BLAST needs the identification of neighborhood

words, where athreshold T can restrict the neighborhood words. A more sensitive search
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may require T to assume lower values. On the other hand, a higher value of T eliminates
low scoring neighborhood words and enhances the speed of the search. The expectation
value (E-value) is a measure of how frequently the HSP is expected to occur in the
BLAST database. The BLAST database [23] for BLASTP contains protein sequences,
and homologues are extracted from BLAST database by performing the BLAST
similarity search. A lower E-value is required for less sensitive searches, and the E-value

can be increased for more sensitive searches.

The BLOSUM matrix (M) has a major influence on the score generated by the alignment.
A sensitive BLOSUM matrix identifies remote homologues as it is scored to represent a
distant homologue. For more sensitive searches BLOSUMA45 is used, and for less
sensitive searches BLOSUMS8O is preferred. All the parameters that influence the score of
an alignment are directly affected by the choice of matrix. The length of a gap between
the adjacent neighborhood words (G), which is a number of amino acid residues, has a
significant influence on the sensitivity. Less sensitive searches can disqualify the

extension of distantly located diagonal seeds.

Other parameters of interest for BLASTP are: the word size for seeding (W), the
maximum number of hitsin the BLAST report (L), and the extension drop off vaue (X).
Shorter word sizes are needed for more sensitive searches; generally a standard word
size, which is three residues, is used for BLASTP. The extension drop-off score controls
when an extension of a seed is to be stopped; alower value alows BLASTP to consider

regions of high similarity only, while a higher values of X is tolerant of mismatches. The
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number of hits that are reported by BLASTP can be controlled using L; all the additional
hits are truncated and not reported. This parameter must be used effectively to ignore the

false positive homol ogues produced from the BLASTP search.

2.2.4 Protein Searchesversus DNA Searches

Homologues can be identified by performing a similarity search through a database of
biological sequences. A search can be performed on DNA sequences or protein
sequences and homologues extracted. The DNA sequences are made up of four
nucleotides, compared to 20 amino acids for proteins. Moreover some DNA triplets code
into the same amino acid. Hence, it is always a good idea to perform the protein database
searches [32]. In addition to the above advantages, we will expend, for protein database

search, one-third of the time that is spent for a DNA database search.

2.3 Motif Search based Protein Sequence Analysis (MPSA)

One goa of the genome analysis is to understand the structure and the function of the
protein sequences coded for by genes. When the protein is formed based on DNA
through trandation, it folds into a complicated three-dimensional structure [20, 37]. The
three-dimensional structure of the protein sequence largely determines how the protein
will interact with the other proteins or other bio-chemica products. Remarkably most
protein sequences are conserved in the process of evolution [20, 27, 32, 33, 40]. Hence,
we can possibly predict the structure and function of the query protein sequence by

comparing it to protein sequences whose structure and functionality is already known.
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Figure 2.3 gives a relationship of sequence similarity to structural similarity, and
illustrates that 3D structures are in general more conserved than the sequence similarities
[16]. The X-axis contains the sequence identity and the Y -axis contains root mean square
deviation (RMSD). The RMSD is a measure of deviation in structure (spatial co-
ordinates) of the corresponding protein sequences. For sequence similarity less than 30%
the structural similarity is vague, and otherwise the structure is usually conserved [20].
The conserved regions in the proteins are usually those which are bio-chemically active
or the segments that are buried inside the protein core [11] such as transmembrane

segments.

When a protein is formed it initially folds into its secondary structure [20, 32], and
subsequently some secondary structures fold and form a more complicated structure. This
scenario of protein folding can be assumed as a hierarchica model with the secondary
structure in the leaf (or lowest) level. This thesis is limited to the extraction of the
secondary structure information, and functional information of the protein sequence
based on sequence similarity, and does not deal with any 3D structure comparison based
on sequence similarity. There are some protein structural databases, like PDB [6], which
give structural information and corresponding functiona information; this concept is out

of the scope of thisthesis.
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Figure 2.3: Protein Sequence/Structure Similarity Relationships (Source: [16])

2.3.1 Secondary Structure Prediction

All the regular occurring secondary structure elements are known [20], and this gives an
additional flexibility for predicting the secondary structure of the protein sequence with
greater accuracy. There are ab initio methods of predicting the structure of a protein
sequence, but these are very limited in their applicability [20]. There are other methods

which are types of comparative modeling [20], and these do not take all constraints into
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account when modeling the structure of a protein sequence. A better proven approach is

threading [20].

There are four regularly occurring secondary structures in protein sequences:. helix, shest,
coil, and turn. There are various methods, like Chou-Fasman [20] and GOR [20] for
predicting the secondary structure of a protein sequence. These structure prediction
algorithms assume structure of protein is an isolated effect that is dependant on the order
of the amino acids, and does not consider the surrounding bio-chemica conditions. There
are only a few commonly occurring regular protein 3D structures, and moreover the
protein sequences are being generated at a rapid rate. As protein sequences with known
3D structures are less in number when compared to know protein sequences, the
structural databases like PDB may not represent all of the protein 3D structures. In July
2003 there were 1,795,144 known protein sequences [64], and dtatistics of PDB show
24,000 known protein 3D structures in 2003. This means structural databases like PDB
may not represent al the 3D structures. Some regions of protein sequences have specific
features like transmembrane proteins [20], signa proteins [20], and DNA binding
proteins [20]. Transmembrane proteins and signal proteins are generaly helica
structured. It is easy to predict transmembrane proteins with greater accuracy [20].
Prediction of the isolated secondary structure of a protein sequence followed by the
prediction of a more complicated structure from secondary structure information is more

viable than deducing protein 3D from PDB.
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2.3.2 Protein Family Prediction

Many genome anaysis projects focus on protein function information [20]. By
understanding the function of a protein sequence it is possible to determine its disease
associations, bio-chemical activity and many other biologica traits. Protein function
prediction in comparative genomics is through homologues. This thesis is limited to the
data acquisition component, and does not deal with the ‘knowledge domain’ which does

the actual transfer of functionality to a hypothetical protein from its homol ogues.

Understanding the mutation patterns by the analysis of homologues helps in finding
evolutionary relationships, and acknowledges the conservation of the function and
structure [20]. Conservation of structure and function is reflected in the conservation of
regions in the protein sequences [20]. These highly conserved regions in various protein
sequences are called protein motifs. The protein fingerprints are islands of protein
substrings (or motifs) that occur in various protein sequences, and are more informative
and useful for function transfer. Generally, these highly conserved motifs and fingerprints

signify protein domains and protein families to which the query protein belongs.

There are secondary databases for protein sequences that have a collection of various
protein sequences with highly conserved protein motif and fingerprint information. Some
of such secondary databases are SWISS-PROT, PRINTS [20], PROSITE [20], and
PINTS [20]. By comparing a query hypothetical protein to existing sequences in the

aforementioned databases, it is possible to extract highly conserved protein motifs and
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fingerprints. Inherently all such anaysis tools perform a multiple sequence alignment

[20] to extract the conserved regions. Generally these tools are computationally intensive.

2.4 Existing Automated Annotation Systems and their Drawbacks

Some of the existing automated annotation systems are GeneQuiz [3, 47], Genotator [19],
GAIA [34], PEDANT [10], PRECIS [26, 31], GeneMachine [29], ASAP [25], and DAS
[13]. GeneQuiz [3] presents a model of an automated annotation system with periodical
refreshing. GeneQuiz is useful for the large-scae analysis of protein sequences.
GeneQuiz is broadly classified into two main parts the database storage, update and
search part, and the visualization and browsing part. GeneQuiz has four main components
the GQupdate, the GQsearch, the GQreason, and the GQbrowse. GQupdate updates the
non redundant local databases on a regular basis by checking for the new entries in
external databases. GQsearch performs the basic anaysis on the query sequence.
GQreason assigns the general functions and the specific functions to query protein
sequence. GQbrowse displays the results of analysis asthe HTML links and the graphical
views that can be used for further analysis. The GQupdate and GQsearch together form
the data acquisition component for the GeneQuiz. The data is collected from external
databases and from some analysis tools. GeneQuiz modules are driven by the perl
programs, and a relational database is used for data storage. The front-end programs in
the GeneQuiz that are used for the visualization are the WWW-browsers (like Netscape
or Mosaic) [47]. GeneQuiz performs various analysis tools at the back-end, and updates

the local copy of the various specialized databases on timely basis.
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Genotator [19] is a workbench for the automated sequence annotation and annotation
browsing. Unlike the GeneQuiz, Genotator is used for analysis of DNA sequences.
Genotator currently runs five different gene-finding programs and three homologue
search programs. These al together form the data acquisition component in the
Genotator. Genotator is written in perl, and perl/Tk is used to program the widgets.
Genotator uses GRAIL, Genefinder, GENSCAN, Genie, xpound, and a few other
analysis programs at the back-end. PRECIS [26] is a pipeline for the automated protein
sequence annotations. The data collection component in PRECIS interacts with PRINTS

database to collect the data. PRECIS is developed using perl and awk.

Though there are many automated annotation systems, most of the annotation systems do
not collect the information that might help in determining situations, which lead to wrong
association of protein functionality. Moreover, always a speculation persists while
assigning function based on the sequence similarity [7]. There is a possibility that the
data used for analysis itself might be inaccurate; for example, false positive homologues.
These inaccuracies in the data can result in wrongly inferring the function and the
structure of a query protein sequence. The annotations inferred from the inaccurate data
can be associated with false positive predictions, false negative predictions, over-
predictions, and under-predictions [21]. Some examples of fasified results due to the
false positive predictions, inaccurate transfer and error in the source data are givenin [3].
Each prediction tool has its own data format; this poses a problem while integrating the
various analysis tools through the pipeline. Although this problem is managed in previous

automated systems, an additional effort is needed to keep the annotation process
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independent of the data format. Circular annotations discussed in [21] are another
potential drawback. In [12] it is mentioned that annotations produced from the genome
annotation process might not be reliable. This is because there are only standard tools for
the purpose of protein family and structure prediction, and in addition they have a

missing systematic evaluation module for predictions that are made.

The rigorous research in bioinformatics is providing better and more useful tools for
anaysis of the biologica sequences. An annotation pipeline must be able to
accommodate these tools with minimal redesign of the system. As mentioned in the
previous paragraph the data collection component must also gather the information that
helps in determining an ambiguous association of the protein functionality to a query
protein sequence. A data collection component of an automated annotation pipeline that
considers the aforementioned facts will be a better computational tool of practica
applicability. A motivation for developing the pipeline with the software reusable
components will ease the future extensions, and will provide a greater flexibility to

manage the system.

2.5 Concluding Remarks

Genomic datais growing at arapid rate due to several genome sequencing projects across
the globe. This sequenced genome data is bio-chemically uncharacterized. Comparative
genomics offers a solution for the characterization of the large amounts of sequenced

genome data. Using comparative genomics, bio-chemical traits of an uncharacterized
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sequence can be deduced from its homologues. The putative homologues can be
identified by the use of the BLAST search tool. The quality of annotations that are
associated with a gene or a gene product is dependent on the gene’s or the gene product’s
sequence similarity with homologues. The annotation pipelines, in addition to finding
biologically significant data, must collect the data that might lead to the inconsistent
classification of a gene sequence. An emphasis should be made on developing the
pipeline using sound object oriented principles, which will also ease any future

amendments made to pipeline.
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CHAPTER 3

3. Automated Data Acquisition Pipeline (ADAP)

Adding biologically significant information to large numbers of uncharacterized potato
genes or gene products is not feasible using wet lab techniques. Computational
characterization of these genes or gene products requires various computer tools that
predict biologically significant information. Some of these analysis programs are
computationally intensive, and manual anaysis of ther results is time consuming.
Moreover many programs use different data formats, which is a challenge for this work.
Integrating these programs through an automated software pipeline promises to increase

the throughput, and extract the information more reliably.

In this chapter we present the Automated Data Acquisition Pipeline (ADAP), an
automated software pipeline for extracting biologically significant information for EST
sequence(s). The main advantage of this system is high throughput bioinformatics, where
biologically significant information is collected in a faster and reliable fashion in
comparison with manual parsing. The input for the ADAP is afile with EST sequence(s)
that are represented in FASTA format, which is one of the standard formats for
representing biological sequences. Essentially, ADAP integrates several anaysis and
prediction tools and a few databases into a single software pipeline and extracts
biological information by parsing through the reports that are generated from the tools.

We have used three databases, ‘nrdb’ a non redundant database of protein sequences is
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used for homologue search, and PRINTS and PROSITE are used for protein fingerprint
and motif searches respectively. ADAP discovers homologues with the help of PRI-
BLAST, which is a new variant of the BLASTP search tool. In PRI-BLAST, we
essentialy use BLASTP for various iterations, however, the value of selected parameters
is altered over the iterations. ADAP makes use of six analysis/prediction tools for protein
sequence analysis (MPSA), which searches and extracts motifs. These tools extract
information corresponding to the protein secondary and super-secondary structure, and
protein function and family. We use abstract factory software design pattern for
performing mPSA in the ADAP. ADAP is usually performed for an entire set of EST
sequences at once. This enhances the throughput and hence saves time. Additionaly,

ADAP performsinitial annotations, using a decorator design pattern.

3.1 Overview of ADAP

This section presents the overview of the ADAP. There are three main phases in the
ADAP. In the first phase, the hypothetical proteins (HPs) are extracted and homol ogues
are generated for the qualified HPs. In the second phase, a set of sequence based protein
structure prediction programs are performed over the HPs and their homologues. In the
third phase, the database search based protein family prediction programs are performed

over the HPs and their homol ogues.

An overview of the ADAP is shown in Figure 3.1. The system accepts a file containing

the FASTA formatted EST sequence(s). ADAP is performed for every EST sequence. In

Figure 3.1, the data flow arrows represent the information that is carried over from one
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phase to another. After extracting each EST sequence, the system will generate HPs for
the EST sequence(s). Once the HPs are generated for an EST sequence, homologue
discovery is triggered. The homologue discovery is performed using the Parameter
Regulated Iterative-BLAST (PRI-BLAST). After the discovery of homologues, the

various motif searching programs are performed for the HP and its homol ogues.

Data
Flow
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Phase 1: Hypothetical

. : <-+-» Database
protein extraction and
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homologue generation
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A 4 ’
l Homologues & HPs
DBI
N
Phase 2: Sequence based N
protein structure seeepeeeeees PERL-DBI Potato ADAP
prediction e database
v »". ~

Phase 3: Database sear ch
based protein family
prediction

Figure 3.1 ADAP Overview

The ADAP is developed using perl language. The design and development of the ADAP
is based on the object oriented principles, and makes use of a few software design
patterns. The prediction tools are chosen from the EMBOSS toolkit. These tools are used
for protein structure prediction, protein family prediction, and for ORF generation.

BLASTP, one of the BLAST variants, is used in the Parameter Regulated Iterative
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BLAST (PRI-BLAST). A MySQL relational database is used for storing and retrieving
the data. BioPerl is used for invoking the standalone BLASTP and accessing the
EMBOSS programs. Other APIs that the ADAP uses are the Perl-DBI and the Gtk-Perl.
This thesis work uses a few software design patterns, which are rarely used in software
development for bioinformatics applications. An abstract factory and a decorator design
pattern are used in mPSA. All the three phases of the ADAP interact with the MySQL
database to store and retrieve biological data. The system makes use of the Perl::DBI API
to facilitate database interactions with the MySQL database. The following sections in
this chapter contain detailed descriptions of the various phases of the ADAP and their

design details.

3.2 Phase 1: Hypothetical Protein Extraction and Homologue Discovery

In this phase, al the hypothetical proteins (HPs) for the input EST sequence are
extracted. For each EST sequence, the ADAP is run sequentially. The system makes use
of the *getorf’, an EMBOSS program to extract the HPs. Prior to performing the ‘ getorf’,
the EST sequence is entered into the ‘NSequence’ table in the potato MySQL database
along with its characteristics like the length, the EST sequence id, and the description.
This is done through the Perl::DBI, which is a database interface for the perl code that
facilitates the interaction with various databases. Perl::DBI can be included in any of the
perl package or class just by issuing a use DBI statement. The following statements are
issued to create a handle and perform the SQL operations over the potato MySQL

database:

ny $dbh = DBI - >connect (“dbi: nysqgl: potato”, “user”, “password”);

my $stnth = $dbh->prepare(“SQ statenment;”);
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$st nt h- >execut e();
$st nt h->fini sh();

$dbh- >di sconnect ();

The *getorf’ extracts HPs assuming the input sequence to be a DNA sequence, and hence
trangates the HPs in the both the forward and reverse strands. As any EST sequence has
the information of the strand, only trandations in the forward strand are considered.
There are various codon tables that can be used to trandate an EST into HPs. ADAP
makes use of the standard genetic code or codon table. Once HPs are extracted from the
EST, homologues are generated for all the HPs that are having length greater than or
equal to 30. The logica view of the first phase of the ADAP is given in Figure 3.2; the
first phase consists of 10 perl classes. The standard UML notation is followed where
class is expressed in terms of name, attributes, and operators. The relationship between
the various classes is through arrows, which indicate a unidirectional association between
the classes.

A centralized data object ‘DataObject’, encapsulates the data that is required to perform
the first phase of the ADAP. The ‘DataObject’ is passed on from one object to another;
this reduces the number of attributes required for the object interaction. The ‘getorf’
generates a file with the translated HPs; a ‘ ParseGetORF object parses through this file
and extracts the HPs from forward strand. The ‘ParseGetORF stores the parsed HP
information in a ‘ Sequence’ object. Although BioPerl offers its own Sequence object to
store the EST or Protein sequence, the ADAP creates its own lightweight ‘ Sequence
objects while parsing through the ‘getorf’ results. The data contained by the ‘ Sequence

object is updated into the ‘HPSequence’ table in the potato MySQL database. When
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finished with the update, the homologue discovery step is triggered. An object of
‘RunStandAloneBlast’ is created and accessed from the ‘updateDB’ class method of the
‘ParseGetORF class. The homologues are discovered by the use of the PRI-BLAST,
which iteratively performs BLASTP to generate homologues. ADAP performs initial
BLASTP of the PRI-BLAST in batch mode for al the hypothetical proteins that are

generated for aparticular EST sequence.
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Figure 3.2 Class Diagram of Phase 1 of ADAP
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While performing PRI-BLAST, the ADAP stores the information of the hypothetical
protein sequence and the corresponding BLASTP resultant file in ‘ StoreBlastResult’
object. PRI-BLAST uses this information in future iterations if the homologues are not
fruitful. An array of ‘Match Objects store the information of a parsed BLASTP report.
Inherently a ‘Match Object’ contains a ‘MyHitObj’ object and array of ‘MyHspObj’
objects that correspond to the ‘MyHitObj’ object. The ‘MyHitObj’ and ‘MyHspObj’
temporarily store matching protein sequence information such as. the homologue string,
E-value, fraction identical value, fraction conserved value, accesson number,
information regarding number of gaps, and some other information. After the completion
of PRI-BLAST, this information is transferred into the Potato MySQL database from the

‘MatchObj’. A detailed explanation of the PRI-BLAST is given in the next section.

The first phase of the ADAP implementation requires the configuration of the BLAST
server. This requires addressing a few issues such as the BLAST executables and the
BLAST database that will be used for homologue searching. The BLAST database is
specialy formatted to improve speed. Any FASTA formatted file containing biological
sequences can be converted into a BLAST database just by executing ‘formatdb’ [23]
with the file as input. The BLAST executables and BLAST databases are available at the
NCBI [68], and can be obtain through anonymous FTP. Configuration of the BLAST
server further needs some environmental variables to be specified. The BLASTDB and
BLASTMAT environmental variables specify the choice of BLAST database [23] and

BLAST matrix [23] respectively.



3.3 Parameter Regulated Iterative BLAST (PRI-BLAST) Component

While performing gene annotations, the translation of a nucleotide sequence can result in
more than one hypothetical protein. All protein sequences do not evolve at the same rate.
The rate of mutation, insertion, and deletion varies from one protein sequence to another.
Performing BLASTP with a static set of parameters can create an inflexible situation; as a
result not al translated proteins may have good homologues. A static set of parametersin
this context refers to using the same evolutionary model. A better approach to perform
BLASTP is by manipulating the parameters according to the query sequence. Hence, by
using different sets of parameters for different protein sequences, there is a possibility for
identifying better homologues. In comparative genomics, the quality homologues,
otherwise called putative homologues, are always important. Variations in BLAST, like
PSI-BLAST [2], iterate and perform BLASTP to identify homologues. The PSI-BLAST
modifies the query. There is no variant of BLAST that iteratively performs BLAST by
changing the parameters. In this section we present a new variant of BLAST that
performs homology search by iteratively performing BLASTP over various sets of

BLASTP parameters,

Categorizing the query sequence and using the BLASTP parameters that are consistent
with the query sequence may help in generation of better homologues. We classify the
guery sequence into three different types. a celebrity query, an obscure query, and an
average query. The classification is purely based on the number of homologues retrieved,
which initidly is determined by performing BLASTP with standard parameters. A

celebrity query is famous among protein sequences,; this means the query is rich in
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homologues. An obscure gquery sequence is a novel protein sequence that may not yield
any homologue or may have a few homologues. An average query sequence is the one
with relatively more homologues with respect to an obscure query, but homologues do

not occur in plethora.

Computational effort must be expended to find the classification of the query sequence.
Once the query sequence is classified, the BLASTP parameters can be modified to suit
the query sequence. The functionality of PRI-BLAST can be explained in the following
steps:

1. BLASTP is performed for the hypothetical protein with standard or default
parameters.

2. If no homologues are generated from standard BLASTP, the query sequence can
either be an average query or an obscure query. Adjustments are made to the
BLASTP parameters and BLASTP is performed again.

3. If homologues are found, the query can be a celebrity query or an average query.
A quality check is performed and PRI-BLAST is halted if the query is a celebrity
guery. If query is not a celebrity, again a quality check will determine if any
further refinement is needed.

4. The results from step 2 or step 3 (if query is not a celebrity query and the quality
check is not satisfied) are taken and a simple analysis is performed over them. A
rule module decides if any refinement is possible and tries to change the BLASTP

parameters accordingly.
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5. If the rule module decides for a possible refinement, BLASTP is again performed

for the query, and PRI-BLAST returnsto step 4.

6. On the other hand, if rule module does not suggest any possibility for refinement,

the PRI-BLAST is halted.

A diagram of PRI-BLAST is shown in the Figure 3.3. A detailed explanation of the rule

module is given later in this section.

Blast output file

BLASTP > Parse BLASTP
Changes BLAST
arameters Sequence ID
Rule
Halt Module \
__________ PRI-BLA .
| Proceed to L// Analysis
| Protein Sequence Module
| Analyss |

Figure 3.3: PRI-BLAST (Parameter Regulated Iterative BLAST)

3.3.1 AnalysisModule

HitTable &
HspTable

The analysis module is designed to provide a clear picture of the nature of homologues

that are obtained from the parsed BLASTP report. The analysis module contains the

evaluation data, which is extracted by analyzing the quality and the quantity of BLASTP

homologues. A set of simple and complicated SQL statements forms the core of the

analysis module. The complicated statement involves performing a join over multiple

tables of the MySQL database.
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In Chapter 5, we demonstrate that the shorter HP sequences must be neglected in the
homologue detection phase. The E-value (expectation value) has proved to be a good
filter to throw away the false positive homologues. Resemblance of the hit to the query
can be measured by computing the ‘fraction identical’ or ‘fraction conserved’ values.
These values are quantitative measures of what fraction of the homologue is identical or
conserved with the query HP. The analysis module considers the E-value and the
‘fraction identical’ (fi) to be good metrics to measure the quality of the homologues. This
assumption is further supported by the analysis from Chapter 5. We understand from the
analysis that false positive homologues are mostly associated with greater E-values. As
discussed in Chapter 2, protein structure is generally conserved if a homologue bears
more than 30% sequence identity with the query HP; this phenomenon is more
affirmative if the fraction identical is greater than 50%. We know that protein
functionality is dependent on its structure. A homologue is said to be a fruitful
homologue if it has a lower E-value and bears a greater similarity with query protein

sequence.

An anaysis performed over the extracted homologues acknowledges how the
homologues are distributed over the various E-values and fi vaues. For al the
homologues generated from the BLASTP, six significant values are computed: the total
homologues (Ty), the total homologues with E-value less than 1 (Te), the total
homologues with E-value less than 250 (Te), the total homologues with fi greater than
0.5 (Ts1), the total homologues with fi greater than 0.35 (Tt), and the total homologues

with fi less than 0.35 (T3). The percentage for each of the aforementioned attributes is
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denoted by P, Peo, Pr1, Pr2, and Pi3 respectively. Additionally an analysis is performed to
understand the combined effect of the E-value thresholds and the fi over the homologues
that are generated. The various combinations of the E-value thresholds (E-value<1, E-
value < 250) and the fi (fi <= 0.35, fi > 0.35, fi > 0.5) are denoted by Teif1, Terr2, Teifas

Teor1, Teoro, aNd Teota.

The main purpose of the analysis module is to provide a backbone for the decision
making in the rule module. It will assist the rule module in changing the BLASTP
parameters according to the quality and the quantity of reported homologues. Depending

on SQL for analysis gives additional speed to the analysis module.

3.3.2RuleModule

The rule module is the core of the PRI-BLAST. The rule module analyzes the results of
the analysis module, selects the appropriate rule, updates the BLASTP parameters if
necessary, and halts the PRI-BLAST. The PRI-BLAST halts when the rule module is
satisfied with the quality of homologues retrieved or after the ultimate step, which is the
fourth iteration. Before understanding the rule module we will see the various BLASTP
parameters of interest that are regulated through the iterations of the PRI-BLAST. The
following are the parameters for the rule module of the PRI-BLAST: the E-value (E), the
BLAST matrix (M), the Neighborhood score (T), the Number of amino acids between the
adjacent seeds (G), the number for limiting the hits that are reported by BLASTP(B), the
word size (W), the extension drop off (X), and the complexity filter. An overview of these

parametersis given in Chapter 2.
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BLASTP with the default parameters (E-value = 100, T = 10, M = BLOSUM®62, W = 3, X
=7) is performed with the query HP sequence as the input. If the BLASTP reports no
matching homologues for query, the rule module again performs the BLASTP with
changed parameters. A BLASTP parsing program aways returns the number of
homologues discovered. With the default BLASTP parameters it is normal to identify
homologues for a celebrity query sequence. If the BLASTP with the default parameters
yields no homologues, the query is not a celebrity query. In the light of this event, the
rule module of the PRI-BLAST performs a more sensitive search. There is no point in
reducing the threshold score drastically, as it can create skepticism in the generated
homologues that may be false positives. The rule module reduces the threshold score
valueto 7 from 10. The E-value isincreased dlightly to 250 from 100. The default scoring
matrix is BLOSUM®62, and is computed by assuming an evolutionary model that has gene
sequences with 62% identity. This BLASTP matrix parameter must be adjusted to
accommodate more distant homologues. The BLOSUM®62 scoring matrix is changed to
BLOSUM45, this change influences the scoring schemes, and a mismatch may not be
penalized as stringently as in the case of the BLOSUM®62. The other parameters are the

same except a soft masking complexity filter is used.

On the other hand, if the BLASTP with the default parameters results in some
homologues, a quality check is performed over the homologues. The analysis module is
invoked to understand the quality of the homologues. A celebrity query, generaly, will

have more homologues. We give a minimum threshold of 16 homologues for a query to
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be a celebrity query. For obvious reasons the celebrity query will have greater number of
homologues that have substantial regions of the homologue (or subject) conserved with
the query. A search is made to identify homologues with 80% (this value is chosen based
on experimental evaluation of afew BLASTP reports) of sequence identity. A query that
contains homol ogues that satisfy these rules (number of homologues greater than or equal
to 16 and at least one homologue with 80% fraction conserved to query) automatically
classifies into a celebrity query, and PRI-BLAST is hated. The rules are indicated as C1

and C2 in Figure 3.4. Not satisfying the rules classifies the query as an average query.

Once the condition C1 is not satisfied, the analysis module computes the attributes Tes,
Tr, Tr, and Tr3. Greater values for Ty and Ty, indicate a stronger relation between the
query and homologues, and the PRI-BLAST is halted. A weaker relationship is
understandable if the query is an obscure query. A check is performed if the homologues
are more than 10 in number. If less than 10 homologues are obtained from the standard
BLASTP or if T3 is high, PRI-BLAST performs a BLASTP with changed threshold
neighborhood score, and E-value, and BLOSUMA45 aignment scoring matrix. Reducing
the threshold and using the BLOSUMA45 scoring matrix enhances the chance to identify
better homologues. This process will be help to gather more homologues. This is
essential, because in comparative genomics homologues are used to transfer the

functionality to the query protein sequence.

In any further iterations the BLOSUMG62 scoring matrix is replaced by BLOSUMA45, T is

decreased by 2 reaching a minimum of 5, and the E-value threshold is increased to 1000.
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Lower values of T will result in false positive homologues. The total number of
homologues is restricted to 70, and the rest will be truncated from the BLASTP report.
Finally, as a last resort the extension threshold is increased to 12 and the word size
decreased to 2; after thisiteration, irrespective of the number of homologues received and

their quality, the PRI-BLAST is halted.

3.4 Motif Sear ching Component

The other two phases of the ADAP consist of the motif based protein sequence analysis
(mPSA), which is limited to protein structure and protein function in this thesis work.
The two phases are sequence based mPSA and database search based mPSA. The system
makes use of four sequence based mPSA tools and two database search based mPSA
tools. This part of the system is developed as an open architecture giving an additional
flexibility to add more components or prediction tools. An abstract factory software

design pattern is used to implement the entire mPSA.

The sequence based mMPSA contains a set of prediction tools that predict motifs that are
present in the query sequence. These tools are highly statistical in nature, and predict the
secondary structure and super secondary structure of a protein sequence. The database
search based mPSA tools search through the databases that contain protein sequences
with highly conserved protein motifs and protein fingerprints. They perform a multiple
sequence alignment. The query sequence is aligned with the sequences from the database

to extract the conserved regions, and this process is computationally intensive.
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Figure 3.4: Control flow for Parameter Regulated Iterative BLAST (PRI-BLAST)
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The ADAP uses six various prediction and parse objects in the two phases that are
associated with the mPSA. The prediction objects are perl classes that in turn execute
EMBOSS programs, which are written in C. The interfacing for C programs in perl
classes is possible through BioPerl. The ‘Pscan’ and ‘Patmat’ prediction objects require
PRINTS and PROSITE databases respectively. The parsing objects are perl classes that
contain algorithms specially developed for parsing through the corresponding resultant
prediction files and collect biologically significant data. Each prediction object has its
own parsing object. The parsing objects make use of perl regular expressions. Combining
al these prediction and parse objects into a software pipeline is a chalenging task.
Moreover, automatically running the entire mPSA pipeline for various homologues that
are discovered for a hypothetical protein through PRI-BLAST is still difficult. It is worth
to note that PRI-BLAST itself iterates and discovers homologues, which makes the
interfacing of PRI-BLAST output and mPSA tricky issue. In ADAP the mPSA, with the
help of protein ID, retrieves all the corresponding homologues of a hypothetical protein
from MySQL database. For each homologue the mPSA is then performed. Still more
complexity occurs if we run the ADAP for more than one EST sequence; ADAP is

capable of handling such tasks.

3.4.1 Software Design Patterns

An abstract factory design pattern is used to implement the mPSA. Software design
patterns are standard solutions for commonly occurring problems that keep repeating in
various software development projects. The object interactions are customized and help

in solving some critical design issues. Designed by experts, design patterns are flexible to



accommodate any changes that can be made to the subsystem. The abstract factory

provides an interface for creating related products for various families, and an additional

advantage is that the concrete product need not be specified. Another idea behind using

the abstract factory is giving flexibility for the user to add and remove prediction and

parsing object from the mPSA. This scenario of abstract factory comes into role when the

system has a composite class, which contains same members but is created differently

depending on the application that creates them. Although other creational design patterns

like factory method can be used, we prefer abstract factory as it gives an additional

flexibility in easily extending the system for more additional prediction and parse objects

with minimal changes to the system.
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Figure 3.5: Abstract Factory Design Pattern for mPSA
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There are two families of mPSA in ADAP sequence based mPSA and database search
based mPSA. An abstract factory design pattern is a creational design pattern, where the
client (‘ PerformPSA’ object) does not need to know how the products are created, and is
very neatly designed to create products from various mPSA families (sequence based and
database search based mPSA families). Figure 3.5 is a class diagram of the abstract
factory that implements mPSA. The products that are created through various familiesin
ADAP are the prediction objects and the parsing objects. The mPSA families create parse
and prediction objects, which are SBPredictionObject, DBPredictionObject,
SBParseObject, and DBParseObject. The mPSA in ADAP creates all the sequence based
mPSA prediction and parse objects through SBPredictionObject and SBParseObject.
Similarly, for database search based mPSA, we have DBPredictionObject and

DBParseObject.

3.4.2 Object Creation

The ADAP creates numerous mPSA objects for a single EST sequence, including mPSA
objects for HPs of the EST and their corresponding homologues. The situation becomes
worse when severa EST sequences are fed as input. A design feature of the mPSA
component is to not create the sequence based and database search based mPSA objects
every time we need them. Instead, a perl object which is a hash will initialize the
EMBOSS objects that are used for mPSA prediction, and will store it in the hash as the
object data. The same EMBOSS object, stored in the hash as object data, is used for all
HPs and homologues that are generated from other EST sequences. Figure 3.6 is sample

code from ‘Pscan.pm’, a perl class that performs the ‘pscan’ database search based
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mMPSA. All the other perl classes in the ADAP that are part of mPSA and perform

prediction create the EMBOSS object in the same fashion.

sub new {

}

# The first paraneter from @ or @\RG is taken which is |Invocant
ny $invocant = shift;

ref ($i nvocant) || $invocant;

ny $cl ass

ny $psVars ={ }, # Private variable which is a hash
$psVars->{IN} = shift; # input query sequence
$psVar s- >{ PSOBJ} =0;

bl ess($psVars, $class); # creating the object

return $psVars;

sub set EMBOhj {

# This programwi |l performthe pscan program from EMBOSS
ny $psChj = shift;

ny $factory = new Bio::Factory::EMBOSS;# Create an EMBCSS

application object

}

# Creating an actual EMBOSS program object, this will be done once
# and the EMBOSS object will be stored as object data for future use
ny $ps = $factory->progran(’' pscan');

$psChj - >{ PSOBJ} = $ps; #Storing $ps as object data in the hash

sub perform {

shift;

ny $pshj
ny $outfile = "psresult.pscan”;

ny $input = "asis::".$psOhj ->{IN};
my $ps = $psbj - >{ PSOBI};
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# Run the actual EMBOSS Application
ny $resul t = $ps->run({' - sequence' =>$i nput,
outfile =>%outfile});

}

sub set Sequence{
ny $invocant = shift;
ny $str = shift;
chonp $str;

$i nvocant->{IN} = $str;

Figure 3.6: Sample Object Creation of Pscan

The actua EMBOSS object is created only once by using the ‘setEMBObj()’ class
method. This method is present in all the other mPSA prediction objects. For every new
protein sequence a ‘ setSequence()’ class method is used to change the current query over
which the mPSA is performed, and the class method ‘perform()’ executes the mPSA

prediction tool.

3.4.3 Sequence based mPSA (SPSA)

The sequence based mMPSA methods mainly concentrate on gathering the biological
information that pertains to the secondary structure and the super secondary structure of a
protein sequence. Most of the methods are highly statistical. These methods predict the
structure of a protein sequence based on its nearness to the known or observed protein
structures. The following are the sequence based mMPSA tools that are used in the ADAP:

sigcleave, tmap, garnier, and helixturnhelix. Sigcleave, tmap, and garnier predict the
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secondary structure of a protein sequence, whereas the helixturnhelix predicts the super
secondary structure. Using the aforementioned tools the ADAP will be able to extract the

active and the buried protein segments, and the general secondary structure information.
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Figure 3.7 Sequence Based mPSA Prediction and Parse Objects

For example, the signal sites are the active sites which transport the mature protein to its
destination, the transmembrane segments are buried portions of proteins, and ‘garnier’
gives the general secondary structure information for the protein sequence. We will

briefly describe the functionality of each sequence based mPSA tool.
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Sigcleave [66]

Sigcleave predicts the helica sites where the signal sequence is fused to the matured
protein sequence. The signal sequence guides the matured peptide to its corresponding
cell location. The sigcleave returns the signal sites in a query protein sequence and their

corresponding thresholds.

Tmap [66]
Generdly the hydrophobic regions of the protein sequence are helical in structure and
tend to reside in the membrane. The ‘tmap’ predicts these transmembrane proteins

(TMP). In general transmembrane proteins are predicted with high accuracy.

Garnier [66]

The general secondary structure of a protein sequence is predicted using the ‘garnier’.
The ‘garnier’ is one of the very popular methods for secondary structure prediction. This
is mainly because of its simplicity to implement as software. The garnier assumes that an
amino acid can belong to one of the four secondary structure states: helix, strand, coil,
and turn. By performing some statistics, ‘garnier’ predicts the most prominent state
corresponding to an amino acid at each position in a protein sequence. Garnier is
successor of the GOR [20] methods, and predicts the genera secondary structure of
protein sequence more accurately. We can expect around 70% of accuracy while

predicting the secondary structure of a protein sequence.

Helixturnhelix [66]
The helixturnhelix predicts DNA binding sites in a protein sequence; these are the sites

which resist the process of transation. The DNA binding proteins mainly help in genome
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maintenance. They facilitate the replication of the DNA, the transcription, and the
storage of the gene. The helixturnhelix is one of the most commonly occurring DNA
binding proteins, and the ADAP will concentrate on locating this DNA binding proteinin

aquery protein sequence.

3.4.4 Database Search Based mPSA

The database search based mPSA methods retrieve the conserved protein motifs and the
fingerprints for a protein sequence. They retrieve conserved regions of a protein by
searching the PRINTS and PROSITE databases. The ‘pscan’ and ‘patmatmotifs
EMBOSS programs facilitate the database searches in the PSCAN and the PROSITE
respectively. This information will help to understand the functionality of the protein
sequences; it can be used to transfer generic functionality and specific functionality
information from the homologues to the hypothetical protein, but thisis out of the scope
of this thesis. Figures 3.8 gives the UML representation for the database search based
prediction and parse objects. A prerequisite for the database search based mPSA is the
secondary database itself. By performing ‘printsextract’ and ‘prosextract’, EMBOSS
programs over the PRINTS and the PROSITE database respectively, we compute other

relevant information that will be used in the ‘pscan’ and the ‘ patmatmotifs'.

Pscan [62]
The ‘pscan’ searches the PRINTS database and retrieves the matching fingerprint
information. Basically the ‘pscan’ classifies the matches into four categories. fingerprints

that match perfectly and have all of the motifs in the same order, fingerprints that contain
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al of the motifs but the order of the motifs is not preserved, matches where only a few

motifs are identified, and miscellaneous matches. Additionally a threshold and score is

provided for individual elements (motifs) of the fingerprint.

Patmatmotifs[63]

The ‘patmatmotifs searches the PROSITE database and extracts the protein motif

information and the protein function information. The mPSA of ADAP does not retrieve

the text results associated with the * patmatmotifs output file.
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Figure 3.8 Database Search Based mPSA Prediction and Parse Objects
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3.4.5 Initial Annotation for ADAP

This module of the ADAP performs the initial annotations for the extracted fingerprint
information, which are generated from the ‘pscan’ database search. The initial annotation
is a simple frequency analysis. A number is associated with every fingerprint that is
extracted for the HP and its homologues. The number represents the frequency of the
occurrence of fingerprint within the ‘pscan’ results of the HP and the homologues. The
threshold frequency is selected as one half of the most frequently occurring fingerprint.
All fingerprints with the frequencies greater than the threshold frequency are tentatively
assigned as initial annotations for the corresponding HP. A decorator design pattern is

used to perform the initial annotations.

3.4.6 Decorator Design Pattern

The decorator design pattern derives its functionality from the base class and adds more
functionality, which is in addition to the existing functionality in the base class. The
decorator class is a flexible alternative for extending the functionality. In the case of
initial annotations, the decorator class will perform some additional tasks over the
computations that are performed by the base class. The ‘Initial Annotation’ object inherits
the functionality from the ‘PscanParse’ and in addition performs frequency anaysis as
explained in the previous subsection. The inheritance is through the object composition,
which means a new object of the ‘PscanParse’ is created in the ‘ Initial Annotation’ object
and then decorated with the additional computation using the frequency anaysis. Figure

3.9 givesa UML representation of the decorator design pattern.
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Instead of using a single class, we decorate the ‘PscanParse’ object with an
‘InitialAnnotation’ object, which computes ‘PscanParse’ object methods before
computing frequency of fingerprints. The system design can be easily extended if thereis
a need for redefining the initial annotation process because of a better annotation
procedure, instead of using a simple frequency analysis. The process will require
decorating the ‘PscanParse’ object with another aternative functionality. Thus we have
additional flexibility to extend the design to accommodate various aternatives of

annotation.

PscanParse
EZINFILE
EZPSEQID
EZ@FINGERPRINTS
EJ@ELEMENTS

Fnew()
®parsepscan()
=updateDB ()

InitialAnnotation

E¥pscanobj
EPSEQID
E@PSCAN
EE@PSCANFREQ
EE@PSCANSIG

FTnew()
=performInAnnPscan()
Lexist()

=LupdateFreq()

Figure 3.9: Decorator Design Pattern for Initial Annotation

3.4.7 Directory Operations
ADAP contains seven anaysis and prediction tools that are integrated into the pipeline.
This means a lot of data is generated while the ADAP performs the computations. The

ADAP performs another task that stores the intermediate data generated by intermediary



analysis and prediction tools. ADAP performs necessary directory operations and saves
the resultant files that are produced from the ‘tmap’ mPSA object, the PRI-BLAST, and
the ‘getorf’, thus storing the tmap graphical results, BLASTP result, and ORFs. Figure
3.10 is sample code that stores the tmap graphical output file in the corresponding
directory. A graphica file ‘tmap.ps is always created when a tmap transmembrane
prediction tool is performed over a protein sequence. The ADAP collects the graphical
file and stores it in a separate location (./ TMAPGRAPHS/) only if the count of

transmembrane segments in the protein sequenceis at least one.

# this is a sub function which shifts the current .PS graphic file
# into the ./ TMAPGRAPHS/ directory

# only if the count is greater than or equal to one

sub directoryops {

ny $invocant = shift;

my $hypid = shift;

$i nvocant - >{ COUNT} ;

ny $count

if ( $count == 0)

{
unli nk("t map. ps");
}
el se
{
ny $image = $hypid.". ps";
renanme("tmap. ps","./ TMAPGRAPHS/ $i mage") ;
}

Figure 3.10 Directory Operationsin ADAP

55



Likewise after extracting the ORFs using ‘getorf’, the ADAP stores the “.orf’ file in the

ORF directory. In the case of PRI-BLAST, the BLASTP report is saved.

3.5 Database Design

The database design must capture all of the transitional data that is produced from the
following essential functionality of the ADAP:

1. EST sequence and translated HPs for the EST sequence.

2. The quality information corresponding to the HPs.

3. Homologues corresponding to each of the HPs.

4. Quality information regarding each homologue.

5. Information regarding the cleavage sites and transmembrane segments.

6. Secondary structure at each location of the amino acid using Garnier.

7. Héelixturnhelix motif location, if found.

8. Protein motif and fingerprint information.

The ‘potatoc’ MySQL database contains 10 tables. The ‘NSequence table, a MySQL
database table, saves al the corresponding nucleotide information. The ‘HPSequence’
table contains the nucleotide ID, the region of nucleotide that is responsible for the
translated protein, and in addition all the protein information. The ‘HitTable' and the
‘HspTable’ are homologue informative tables, and contain homologue information.
These tables are basically updated by the PRI-BLAST. The results from each of the six
MPSA tools are stored in a separate table. The information regarding the signal sites, the

transmembranes, the secondary structure, the super secondary structure, the protein

56



motifs, and the protein fingerprints are stored in ‘Sigcleave’, ‘Tmap’, ‘Garnier’,
‘Helixturnhelix’, ‘Patmatmotifs’, and ‘Pscan’ respectively. These database tables contain
biologically significant information that can be used for protein annotation. Figure 3.11 is

an entity relationship (ER) model [24] for the logical potato database.

_ Hypothetical
Nucleotide |¢—— Trandate Protein
1
1
1 HspTable Ns Blast
Ng / C M2
Sigcleave
g 1 HitTable
n7| 0 M4
Patmatmotif
Trmap S 1 e matmoti
Pscan

Helixturnhelix Garnier

Figure 3.11: E-R diagram for Potato Database
In the above E-R diagram the relationship sets‘S', ‘T’, ‘B’, ‘SS', ‘F’, and ‘M’ stand for
signals, transmembranes, DNA binding sites, secondary structure, family (protein
fingerprint), and motif (protein motif). However, in ADAP prototyping we have used
only entity sets from Figure 3.11. The schema for the database is defined in APPENDIX

E. In the above E-R diagram n; (wherei isfrom 1 to 8) represents multiplicity.
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3.6 Concluding Remarks

This chapter covers the design details of the ADAP. The ADAP has three main phases:
the HP generation and homol ogue discovery, the sequence based mPSA, and the database
search based mPSA. As protein sequences evolve at different rates, we suggest PRI-
BLAST to be a better aternative to the BLASTP, which operates on a static set of
parameters. A functiona description of the PRI-BLAST, a new variant of the BLASTP,
is included in this chapter. The PRI-BLAST iterates and performs BLASTP. The rule
module of the PRI-BLAST decides which set of parameters to use for the iterations. The
ADAP applies sound software design principles and uses software design patterns. In the
ADAP we use an abstract factory design pattern to implement the mPSA, and a decorator
design pattern is used to accommodate the initial annotation in the ADAP. The database

design details for the potato MySQL database are presented.
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CHAPTER 4

4. Computational Results

This analysis of the ADAP is divided into two parts. annotation (Drosophila data and
Potato data), and timing. In the annotation part we present the computationa results
derived from the Drosophila data and the Potato data. Drosophila data and Potato data are
the files that contain the Drosophila and the Potato EST sequences respectively. The
timing section deals with a brief discussion of the time taken by the ADAP and some

improvements that are made to the ADAP.

4.1 Annotation

Here we will discuss the computational results that are generated using the ADAP for the
Drosophila and the Potato EST sequence data. We also demonstrate that the ADAP can

ignore protein sequences of length less than 35.

4.1.1 Drosophila data

This subsection presents the computational results that are obtained from the ADAP with
input of afile containing 12 FASTA formatted Drosophila EST sequences obtained from
the Berkeley Drosophila Genome Project [59]. After the trandlation of the ORFs that are
obtained from 12 EST sequences, we received 178 hypothetical proteins. The Drosophila

EST sequences were selected arbitrarily. As the input data is an EST sequence, which
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contains the strand information, we expect to receive 36 HPs (12 x 3). There are more
than 36 translated HPs due to the presence of the stop codons. Only HPs with the lengths
greater than 10 amino acids were allowed to trigger the PRI-BLAST. The purpose of this
constraint over the length of the HP is to identify the usefulness of the homologues that
are discovered for shorter HPs. The total number of homologues discovered for the
translated HPs is 27,573. The ‘nrdb’, which is a non-redundant database of protein
sequences, is used as the BLAST database. The ‘nrdb’ is a comprehensive collection of
the various databases that include GenBank CDS translations, PDB, SWISS-PROT, PIR,
and PRF. The total number of sequence positions in the BLAST database is 592,604,613,

and the total number of sequencesis 1,795,144.

We will discuss a few interesting observations made from the ADAP computational
results that are obtained for 12 Drosophila EST sequences. An analysis was performed
for the homologues that are discovered through the PRI-BLAST. The number of
homologues with respect to the various ranges of lengths of query protein sequences is
computed. Figure 4.1 is a graphical representation of this anaysis. For Figures 4.1
through 4.6, except Figure 4.3, we also have a polynomial curve that represents the best
fit for the respective experimental values that are obtained. For more than one curvein a
single graph we use different colors to represent different experiments. It is evident that
more homologues are generated for shorter sequences. This does not mean that every
homologue that is discovered is a quaified homologue. For longer query protein
sequences PRI-BLAST generates less homologues. The qualified homologue in this

context is a homologue that can be used for transferring function to a query sequence. So
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a better strategy is to determine the useful homologues by filtering and eliminating the
unproductive homologues using some rules. Our elimination process is based on the E-
value of a homologue and its capability of representing a protein fingerprint. There can
be better ways for identifying qualified homologues but we use the aforementioned

attributes for asimple analysis of annotations that are received from the PRI-BLAST.

Homologues for Various Ranges of Lengths of Hyp. Proteins
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Figure 4.1: Homologues Generated

In Figure 4.2 and Figure 4.3 we have captured the density of homologues with the
various thresholds for the E-value (E < 1 and E < 100). Figure 4.4 depicts the percentage
of homologues for the aforementioned E-values. For the hypothetical proteins with

lengths greater than 55, substantial homol ogues have E<100.
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No. of Homologues (E<1) for Corresponding Range of Lengths of Hyp. Proteins
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Figure 4.2: Homologues Generated with E<1
Comparision for No. of Homologues for E<1 Vs E<100 for Corresponding
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Figure 4.3: Homol ogues Generated with E<1 Vs. E<100
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For the hypothetical proteins with lengths greater than 85, almost 100% of homologues
have E<100. Hence we feel the E<100 can be one effective filtering element for

identifying quality homol ogues.

Homologues with E<1 and E<100 for Various Ranges of Lengths of Hyp.Proteins
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Figure 4.4: Percentage of Homologues Generated with E<1 Vs. E<100
Another interesting analysis is to find the density of protein fingerprints in homologues,
and to observe how it varies with the length of the hypothetical protein. The protein
fingerprint information contains the protein family information. This is a useful analysis
as al the homologues that do not have any fingerprint information are of no use for
transferring function to a query sequence. Figure 4.5 shows the number of homologues
with protein fingerprint information, and number of homologues with the E-value less

than 100 that also contain protein fingerprint information.
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The homologues that are generated from shorter query sequences have substantialy less
fingerprint information associated with them. There are almost no homologues for shorter
guery sequences that contain fingerprint information and have smaller E-values. This
effectively means that there are no useful homologues for shorter query sequences. A
gradual increase in the number of homologues with protein fingerprints can be noticed
with the increase in length of the query protein sequence. Moreover, longer query
sequences contain a substantial number of homologues with both protein fingerprint
information and E < 100. Thisimplies that these homologues can be used for transferring
function from homologues to the query. Figure 4.6 gives the percentage of homologues
(Q) having both E < 100 and fingerprint information. These homologues effectively
represent the useful homologues. The formulato compute Q is:

[Homologues with E<100 and contain fingerprint]
* 100 %

[Homologues with fingerprints]

This implies that the homologue discovery phase for shorter protein sequences usualy
determines false positive homologues using PRI-BLAST. Hence, we can discard and not
further process shorter protein sequences. Substantial computational power can be saved
by not performing the homologue discovery and the mPSA for these shorter HP
sequences. This knowledge helped us to further modify the ADAP. The ADAP was
modified to accept the translated HPs of length greater than or equal to 30 for homologue
detection and mPSA. In the ADAP, the user can specify the minimum limit on the length

of HPsthat are translated.
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4.1.2 Potato data

In this subsection we will discuss the computational results that are obtained from the
ADAP for the CPGP Potato EST sequence data. A file containing 18 FASTA formatted
Potato EST sequences is used as the input for the ADAP. The sequences in the file are
selected arbitrarily from the CPGP EST sequence data. The BLAST database is the same
as in the previous subsection of this chapter. There are 262 HPs generated for 18 Potato
EST sequences. The length of the HP was constrained to 35. All the shorter HPs are
filtered out and only those HPs with the lengths greater than 35 are considered for the
homologue discovery and the mPSA. In total we have received 3472 homologues for the
63 qualified HPs. Interestingly, we found out that there was only one homologue among
3472 that has greater than 80% of its sequence identical to its HP. There are around 210
homologues which have greater than or equal to 50% of sequence similarity with their
HPs. There are more homologues with decent *fraction conserved’ values. The ‘fraction
conserved’ values in the BLASTP considers the matching amino acids and aso the bio-
chemically matching amino acids. The latter is generally neglected in the ‘fraction
identical’ values of the BLASTP.

Table 2: Homologues with Fraction Identical and Fraction Conserved for Various
Fraction (Sequence Similarity) Vaues

Fraction (Sequence | Number of Homologues with | Number of homologues with
Similarity) Fraction Identical Fraction Conserved

100% 0 1
>= 80% 1 11

>= 50% 210 1297

>= 40% 888 3019

>= 35% 1541 3345

Less than 35% 1931 127
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From Table 2, we see that ‘fraction conserved' is a better measure than the ‘fraction
identical’. We also see that the BLAST database does not contain many sequences from
organisms that are evolutionarily close to Potato. This may be because Potato is less

explored than other genomes like Human.

Generally the longest HP sequence is considered to be the region from the gene. From the
computational results, we have noticed a few exceptions. In a few cases the second
longest HP produces more homologues. For example, ‘HP9.EST731082', a HP of EST
sequence with accession number EST731082 and 77 amino acids, had only 3
homologues; while ‘HP13.EST731082’, another HP of the same EST and 72 amino acids
had 27 homologues. Table 3 contains additional such results. This evidence is not
sufficient to state that the longest HP does not necessarily correspond to the gene. The
reason for this anomaly may be the parameters that are set by the PRI-BLAST for the

second longest HP while performing the homologue discovery step.

Table 3: Anomalies Related to Longest HP Corresponding to the Gene

EST Sequence | HPfor the EST Length of the HP | No. of Homologues

EST731082 HP9. EST731082 77 3

HP13. EST731082 72 27
EST731080 HP5. EST731080 195 51

HP6. EST731080 192 238
EST731068 HP23. EST731068 224 145

HP1. EST731068 61 145
EST731054 HP7. EST731054 142 93

HP8. EST731054 74 567
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Another analysis over the computationa results is performed to understand the
association between the homologues with greater values of ‘fraction identical’ and
‘fraction conserved’ and the HPs. The observations signify that the longest HP, among all
of the HPs corresponding to an EST, contains the homologues with the greater ‘fraction
identical/conserved’ values. An observation was also made to understand the homologue
distribution for various E-values. There are a very few homologues with smaller E-

values. From Table 4, we can understand that only some homologues have smaller E-

value.
Table 4: Homologue Distribution for Various E-values
E-value<l | E-value<0.1 | E-value<0.001 | E-value<0.00001
No. of homologues 425 165 89 74

From the aforementioned observations of the computational results corresponding to the
Potato data, we suggest a change in the PRI-BLAST. None of the HPs is a celebrity
guery. We suggest a change in the rule module of the PRI-BLAST; ‘fraction conserved’
values must be considered instead of the ‘fraction identical’. With this change we are able

to classify 3 HPs out of the 63 qualified HPs as celebrity query sequences.

4.1.3 High Scoring Pairs
In the homologue discovery, there is a possibility that more than one high scoring pair
can be identified for the same match (hit or subject). An analysis is performed of the

number of second HSPs. The ADAP is executed with the HP length constraint (the

68



minimum length of the HP limited to 30) over 19 Drosophila EST sequences. In total 279
HP sequences are generated for 19 EST sequences. There were 1,976 homologues that
were generated for the qualified HP sequences in 279 HPs. It is observed that only 31
homologues of the 1,976 HSPs are the second HSPs. Figure 4.7 gives the SQL statement

that was used for the searching of the second HSPsin the HspTable.

mysqgl > sel ect count(*) from HspTabl e where HspNo=' HSP2' ;

Fomm e e o - +
| count(*) |
N +
I 31 |
Fomm e e o - +

1 rowin set (0.13 sec)

Figure 4.7 Second HSPs Generated

mysqgl > select count(*) from HspTabl e where HspNo='"HSP2' and
Eval ue<i,;

Fomm e e o - +
| count(*) |
N +
I 1]
Fomm e e o - +

1 rowin set (0.00 sec)

mysqgl > select count(*) from HspTabl e where HspNo='"HSP2' and
Eval ue<0. 1;

Fomm e e o - +
| count(*) |
N +
I 0 |
R +

1 rowin set (0.01 sec)

Figure 4.8 Second HSPs Generated for E<1 and E<0.1

The results in Figure 4.7 imply that the second HSPs are in general rare. Further analysis

of the quality of the second HSPs was performed and the second HSPs with the E-value
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less than 1 and less than 0.1 are computed. Figure 4.8 provides the information on second

HSPs that can be categorized as quality homologues. It is evident from Figure 4.8 that the

second HSPs generadly cannot be considered for the transfer of function through

comparative genomics. Hence, we tentatively recommend extracting only the first HSP

for use in homologue discovery.

For the Potato data, we received more second HSPs. Out of the 3,472 homologues that

are discovered, 262 are second HSPs. This corresponds to 7.54% of the total number of

homologues, which is a significant portion. A quality check is performed over the

discovered second HSPs. There are 15 second HSPs with E-value less than 1, and just 5

for E-values less than 0.1. We did not find any second HSP with E-value less than 0.01.

The second HSP is usually but not always associated with the longest HP.

Tae5: HPs with Second HSPs

Hypothetical Protein Length Total No. of No. of second HSP
Homol ogues

HP5.EST 731080 197 51 1
HP23.EST731068 224 145 4
HP10.EST731049 141 433 16
HP16.EST731042 199 509 119
HP23.EST731041 256 259 7
HP2.EST731080 44 67 1
HP22.EST731076 59 18 1
HP1.EST731068 61 145 3
HP8.EST731054 74 567 76

From Table 5, we observe that most of the second HSPs are from the longest HP of an

EST. The italicized entries in the Table 5 correspond to the HPs that are not the longest

HP of an EST.
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4.1.4 Example (OPSD_HUMAN DNA Sequence)

This subsection deds with a series of validation tests for the computationa results
collected from the ADAP. To perform a series of validation tests for the ADAP,
OPSD_HUMAN DNA sequence is taken as input. We chose OPSD_HUMAN because it
is already characterized in terms of protein family, fingerprint, protein motifs, and
transmembrane proteins. The results of OPSD HUMAN DNA sequence's
characterization can be found in EMBOSS. The DNA sequence for the OPSD_HUMAN
can be found in [60]. A search for transmembrane proteins was performed for the
hypothetical protein HP14.0PSD_HUMAN. The HP14.0PSD_HUMAN ORF codes for
the actua gene (protein), and hence we chose this ORF for our validation purpose. To
distinguish between the homologues and actual HP in the HitTable and the HspTable of
the potato database, the ADAP follows a convention where the actual HP is aways
represented with a HSP number ‘25'. This is purely a convention and does not have any
biological significance. In Figure 4.9, HspNo= ‘25 specifies the HP, which is the
HP14.0PSD_HUMAN. It also contains the resultant transmembrane proteins that are

extracted for the HP14.0PSD_HUMAN by using the ADAP.

nysqgl > select * from Trmap where HPSequencel D= 'HP14. OPSD HUMAN and

----------------- N T N N N N e .
| HPSequencel D | HitNane | HspNo | TransMenbrane | Start | End |
. . S - e S - +omm - +
| HP14.OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | ESFVI YMFVWHFTI PM | | FFCYGQLVFT | 201 | 229 |
| HP14.OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | FGENHAI MGVAFTW/NALACAAPPLAGAS | 148 | 176 |
| HP14. OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | 11 MVI AFLI CWPYASVAFYI | 255 | 275

| HP14. OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | LEGFFATLGGEl ALWBLWLAI ERYVWWC | 112 | 140

| HP14.OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | NFGPI FMTI PAFFAKSAAI YN | 282 | 302 |
| HP14.OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | NYI LLNLAVADLFM/LGGFTSTLYT | 73| 97 |
| HP14. OPSD_HUMAN | HP14. OPSD_HUMAN | 25 | YMFLLI VLGFPI NFLTLYVTVQHKKLR | 43 | 69

. . S - e S - +o-m - +

7 rows in set (0.02 sec)

Figure 4.9 Transmembrane Segments for OPSD_HUMAN DNA Sequence from ADAP
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Figure 4.10 contains the output file of ‘tmap’ [61], the transmembrane protein extracting
program which also uses OPSD_HUMAN DNA sequence as input. It is evident that

ADAP parses and gathers the same transmembrane segments asin [61].

HHHHBHHH AR HH B HH B HH B HH R H SR TR TR
# Program tmap

# Rundate: Tue Apr 06 14:34:31 2004

# Report _format: seqtable

# Report file: tnap.res

HUHHBHHH B HHBHHH B HH B HH R SR SRR

#:::::::::::::::::::::::::::::::::::::::
# Sequence: Consensus from 1 to: 348
# H tCount: 7
#:::::::::::::::::::::::::::::::::::::::
Start End TransMem Sequence
43 69 1 YMFLLI VLGFPI NFLTLYVTVQHKKLR
73 97 2 NYI LLNLAVADLFMWLGGFTSTLYT
112 140 3 LEGFFATLGGElI ALWSLVWLAI ERYVWVC
148 176 4 FGENHAI MGVAFTWIALACAAPPLAGAS
201 229 5 ESFVI YMFWHFTI PM | | FFCYGQLVFT
255 275 6 |1 MI AFLI CWPYASVAFYI
282 302 7 NFGPI FMTI PAFFAKSAAI YN
- - - - - - - - oo oo __._-_--_____

Figure 4.10 Transmembrane Segmentsin OPSD_HUMAN DNA Sequence from [61]
Figure 4.11(a) contains the fingerprint information that is extracted using the ADAP for
the coding HP of the OPSD_HUMAN DNA sequence. Figure 4.11(b) is the file which
contains the result of the ‘pscan’ protein fingerprint program from [62]. From Figure
4.11(a) and Figure 4.11(b) we acknowledge that ADAP parses and extracts more
fingerprints than actually indicated in [62]. The reason for this divergence is explained in

the next subsection.

nysqgl > select FingerPrint, Cass, AccNo, Signature from Pscan where
HPSequencel D=" HP14. OPSD HUMAN and HspNo='25";

S [ [ o m o e e e e e e e e e e e e e e e e e e e eeaao oo +
| FingerPrint | Cass | AccNo | Signature |
S [ [ o m o e e e e e e e e e e e e e e e e e e eeaaoo o +
| GPCRRHODOPSN | CLASS 1 | PR00237 | Rhodopsin-like GPCR superfam |y signature

| RHODOPSI N | CLASS 2 | PRO0579 | Rhodopsin signature |
S [ [ o m o e e e e e e e e e e e e e e e e e e e eeeaoo o +

2 rows in set (0.01 sec)

Figure 4.11(a) Fingerprint Information for OPSD_HUMAN DNA Sequence from ADAP
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CLASS 1
Fingerprints with all elements in order

Fi nger pri nt GPCRRHODOPSN El enents 7
Accessi on number PR00237
Rhodopsi n-1i ke GPCR superfam |y signature
El ement 1 Threshol d 54% Score 64%
Start position 39 Length 25
El ement 2 Threshol d 49% Score 75%
Start position 72 Length 22
El ement 3 Threshol d 48% Score 56%
Start position 117 Length 23
El ement 4 Threshol d 50% Score 69%
Start position 152 Length 22
El ement 5 Threshold 51% Score 74%
Start position 204 Length 24
El ement 6 Threshold 42% Score 75%
Start position 250 Length 25
El ement 7 Threshold 46% Score 67%
Start position 288 Length 27

CLASS 2

Al elenments match but not all in the correct order
CLASS 3

Not all elements match but those that do are in order
CLASS 4

Remai ni ng partial natches
Figure 4.11(b) Fingerprint Information for OPSD_HUMAN DNA from [62]

Figure 4.12(a) and Figure 4.12(b) are the results of protein motifs that are extracted for
the OPSD_HUMAN DNA sequence by using the ADAP and the ‘patmatmotifs’ [63]

respectively. The results are in accordance.

nysqgl > select Mdtif, MtifString Start, Length from Patmatnotifs where
HPSequencel D = ' HP14. OPSD_HUMAN and HspNo='25';

o e e e e aa o e e e e e e aaa oo E +
| Motif | Start | Length |
o e e e o e e e e aeaa oo E +
| G PROTEIN RECEP_F1 1 | | ALWBLWLAI ERYVWWVCKPMS | 17 |
| OPSIN | | PAFFAKSAAI YNPVI YI MINK | 17 |
o e e e e o m e e e aaaa oo E +

2 rows in set (0.00 sec)
Figure 4.12(a): Protein Motifs Extracted for OPSD_HUMAN DNA from ADAP
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HUHHBHHH AR HH B HH B HH RS H RS SR SR TR
# Program patmatnotifs

# Rundate: Tue Apr 06 14:30:23 2004

# Report _format: dbnotif

# Report _file: opsd_human. patnmatnotifs
HUHHBHHHBHHH B HH B HH RS H R SR SRR

# Sequence: OPSD_HUVAN from 1 to: 348

# HitCount: 2

# Full: Yes

# Prune: Yes

# Data_file: ../prosextract-keep/ PROSI TE/ prosite.lines

Length = 17

Start = position 123 of sequence
End = position 139 of sequence
Motif = G _PROTEI N RECEP_F1_1
TLGGEI ALWSLWLAI ERYVWWCKPNVS

I I
123 139

Length = 17

Start = position 290 of sequence
End = position 306 of sequence
Motif = OPSIN

Pl FMTI PAFFAKSAAI YNPVI YI MVNK

I |
290 306

Figure 4.12(b): Protein Motifs Extracted for OPSD_HUMAN DNA from [63].
This case study indicates that the ADAP is an operational system. By operational we

mean that ADAP can parse and extract the correct information.

4.1.5 ‘Pscan’ Comparison

In this section we identify a situation that needs some specia attention from the
bioinformatics community. A protein sequence whose family classification is aready
known (using some previous version of the PRINTS database) is considered and ‘ pscan’
is performed again over the same protein sequence with a newer version of the PRINTS
database. In the latter case we can find a better protein family classification for the same
protein sequence. Figure 4.13 gives us detailed information of the comparison. More

fingerprints are explored by using the current version of the PRINTS database. This gives
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an indication that the secondary databases, which contain biologically significant

information, are updated with more useful information. It is desirable to have an

automatic tracking system that updates the local copies of secondary databases.

PREVI QUS RESULT
Source: [62]

CLASS 1
Fingerprints with all elenents in order
Fi ngerprint GPCRRHODOPSN El ements 7
Accessi on number PR00237
Rhodopsi n-1i ke GPCR superfam |y
signature
El ement 1 Threshol d 54% Score 64%
Start position 39 Length 25

El ement 2 Threshol d 49% Score 75%
Start position 72 Length 22
El ement 3 Threshol d 48% Score 56%
Start position 117 Length 23
El ement 4 Threshol d 50% Score 69%
Start position 152 Length 22
El ement 5 Threshold 51% Score 74%
Start position 204 Length 24
El ement 6 Threshol d 42% Score 75%
Start position 250 Length 25
El ement 7 Threshol d 46% Score 67%
Start position 288 Length 27
CLASS 2
Al elenments match but not all in the
correct order
CLASS 3
Not all elenents match but those that do

are in order

CLASS 4

Rermai ni ng partial natches

RESULT FROM ADAP
CLASS 1
Fingerprints with all elenents in order
Fi nger pri nt GPCRRHODOPSN El enents 7
Accessi on number PR00237
Rhodopsi n-1i ke GPCR superfam |y

signature
El ement 1 Threshol d 54% Score 64%
Start position 39 Length 25
El ement 2 Threshol d 49% Score 75%
Start position 72 Length 22
El ement 3 Threshol d 48% Score 56%
Start position 117 Length 23
El ement 4 Threshol d 50% Score 69%
Start position 152 Length 22
El ement 5 Threshold 51% Score 74%
Start position 204 Length 24
El ement 6 Threshol d 42% Score 75%
Start position 250 Length 25
El ement 7 Threshol d 46% Score 67%
Start position 288 Length 27
CLASS 2
Al'l elenents nmatch but not all in the

correct order

Fi ngerprint RHODOPSI N El enents 6
Accessi on nunber PR00579
Rhodopsi n signature

El ement 1 Threshol d 80% Score 96%
Start position 3 Length 19
El ement 2 Threshold 76% Score 100%
Start position 22 Length 17
El ement 3 Threshol d 53% Score 92%
Start position 85 Length 17
El ement 4 Threshold 71% Score 100%
Start position 191 Length 17
El ement 5 Threshol d 56% Score 99%
Start position 271 Length 19
El ement 6 Threshol d 81% Score 93%
Start position 319 Length 14
CLASS 3
Not all elenents match but those that do

are in order

El ement 6 Threshold 37% Score 37%
Start position 318 Length 15

CLASS 4

Remai ni ng partial natches

Figure 4.13 Comparison of ‘ pscan’
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4.2 Execution Timing

For the Drosophila data, we have observed that most of the homologues that are
generated are of little use in comparative genomics. The total number of homologues
generated for 12 ESTs are dlightly greater than 27,000, which contains many false
positive homologues. From the discussion in the previous section of this chapter, we can
prune all the homologues with shorter lengths (usually HPs with the lengths less than 30
amino acids). There are 18,905 homol ogues with length shorter than 30 amino acids. This
accounts for nearly 69% of the total homologues that are generated. Additionally, not
performing the PRI-BLA ST and mPSA for shorter protein sequences can save more time.
By applying the analysis from the previous section of this chapter in terms of E-value and
protein fingerprints, we can empirically state that homologues from the HPs with length
less than 55 are not productive. There are nearly 23,000 homologues that have length less

than 55 amino acids, and account for 84% of the total number of homologues.

In another test, the ADAP pipeline was performed over 12 drosophila EST sequences and
time was noted. Initially the HPs with lengths greater than or equal to 25 amino acids
were considered, which included 76 hypothetical proteins. It took almost 518 minutes
(~8.63 hours) to perform the ADAP. For the same input but with length restricted to 10
amino acids, the ADAP took approximately 20 hours to complete the execution. In an
another computation 13 drosophila EST sequences were considered and the ADAP was
performed over the chorus cluster (chorus.cs.unb.ca) which islocated in the University of
New Brunswick, Fredericton campus, and it took 200 minutes (~3.32 hours) of total time;

the length constraint for the HPs was greater than or equal to 25 amino acids. With a
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boost in the computational power, the ADAP was able to perform almost 3.5 times faster

when compared to the single CPU machine.

From the analysis in the previous section and aforementioned ADAP execution timings,
we propose that while translating and performing the homologue discovery in the first
phase of ADAP only those translated HPs with lengths greater than 30-35 should be
considered and rest can be ignored. This optimization can save amost 75% of the

computational power, which can save a substantial amount of time.

The ADAP was then executed for a set of 13 drosophila EST sequences. The constraints
(Iength of the HP) discussed in the previous section in this chapter are enforced over the
HP selection in the ADAP. HPs with the length less then 35 were not considered for the
hypothetical protein generation phase, and were filtered out before the homologue
discovery step of the ADAP. The ADAP took approximately 148 minutes (~2.5 hours).
This proves that considerable speed can be achieved by applying the constraints and
using the cluster. By using the chorus cluster we observed an improvement in the speed,

variably from 5 to 7 times, when compared with a machine using a single CPU.

4.3 Concluding Remarks

The Chapter 4 presented some interesting computationa results. We conclude that all
shorter protein sequences (HPs) can be ignored while performing the homologue

discovery. This observation will save substantial time and computational resources. We
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suggest limiting the minimum length of HP that is forward to the homologue discovery
step to 30-35 amino acids. We aso observed that the secondary databases like PRINTS
are updated, and a tracking system can make the ADAP more robust and up to date.
Another important observation is in regard to the second HSPs. The second HSPs are
very rare and the mgority of the second HSPs cannot be used for the purpose of the
comparative genomics. We aso presented an example of the OPSD_HUMAN DNA
sequence, whose biological analyses obtained from various sources match exactly with

the ADAP results.
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CHAPTER 5

5. Conclusion

In this thesis we have presented an automated data acquisition pipeline, abbreviated to
ADAP, which collects useful biological data that is used for potato gene annotation. In
this chapter, we will summarize the important contributions of this thesis work, and
recommend some future work that can be done to make the ADAP a more robust tool in

assisting protein annotation.

5.1 Summary of Contributions

The ADAP is a very helpful tool for performing the automated collection of biologically
significant data. The data that is collected from the ADAP will be very useful for the
purpose of protein classification and annotation through comparative genomics. The PRI-
BLAST, which is a new variant of the BLAST search tool, is a valuable contribution of
this thesis work. In the homologue discovery tests that were performed over ‘nrdb’ for
limited samples of Drosophila and Potato genes, the PRI-BLAST has proven to be an
effective invention that can find better homologues for HPs. There are a few situations
where we were able to discover homologues using the PRI-BLAST, which otherwise are
obscured by using a standard BLASTP. The ADAP integrates eight analysis and
prediction tools into a single software pipeline. In motif search based protein sequence

anaysis, the ADAP predicts protein segments that might lead to false positive

79



classification of the protein; these segments include transmembrane proteins. In the other
prediction tools, ADAP extracts biologically significant information pertaining to the
secondary and super secondary structure of the protein sequence, the protein fingerprint
information, and the protein motif information. The protein fingerprint and protein motif
information are very useful attributes, and can be used to classify the protein sequence
into a protein family and protein domains, which inherently signify the generic and the
more specific protein functionality respectively. The ADAP aso computes initial
annotation. Although initial annotation is just a simple frequency analysis, it can help in

assigning a generic protein family to a query HP.

Another useful contribution of the ADAP is the object oriented model for bioinformatics
applications. The use of the software design patterns in bioinformatics is not a common
practice. In ADAP we have used the abstract factory and decorator design patterns. We
assume that the ADAP will serve as a modest example for the usage of software design
patterns in bioinformatics applications. The software design pattern provides flexibility to
add or remove prediction/parse objects into or from the mPSA. We believe that this
feature makes it possible for the ADAP to be used as a data collection component in other
organism’s genome analysis processes. This can be achieved by choosing appropriate

prediction/parse objects specific to the organism.

Though we have severa advantages of using the ADAP, we aso have a few

disadvantages associated as well. At times the data produced by the ADAP might not be

sufficient enough to assist the transfer of functionality from homologues. ADAP makes
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use of afew standard prediction tools. As a later step, after collecting data from ADAP,
biologiststry to predict the function through comparative genomics. There is a possibility
for false annotations to be transferred. The secondary structure prediction gives only 70%
of accuracy, and hence we cannot completely rely on the results of just one standard

prediction tool.

Another possible disadvantage is the false positive homologues that are generated from
the PRI-BLAST. PRI-BLAST iterates on various sets of parameters, and we are skeptical
about afew parameters that can lead to false homologues. In the last step of PRI-BLAST,
where Wis 2, X is 12, and T is 5, there is a greater possibility for discovering false
positive homologues. This step was incorporated into PRI-BLAST to generate some
homologues for the purpose of the comparative genomics. The credibility of homologues

must be determined by further data analysis.

5.2 Future Recommendations

The functionality of the ADAP can be extended to accommodate many optimistic aspects
of the gene annotation process. Once the homologue generation phase is completed, a
computation can be performed over the discovered homologues to determine if the
homologue is an orthologue or a paralogue. This should be done because usually
paralogues are not to be used in comparative genomics. Eventually after this step al the

paralogues will be filtered out and only orthologues are passed over to mPSA. Moreover,
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by filtering out the paralogues some computational power can be saved. An additiona
module can be added to prioritize the homologue which is an orthologue at this stage.
The homologue is prioritized by prioritizing the genome database where the homologue
is retrieved from, or any other constraint can be chosen. This module can compute the
percentage reliability of the homologue, which is very useful for the comparative
genomics as this reliability value can be used to understand how much we can depend on
the functional transfer. This percentage reliability can be some score which represents a
weighted sum of the homologue's database, protein family, E-vaue, fraction identical,

and neighborhood threshold score values.

We believe that the ADAP can be made more robust by including an additiona module
that will perform a check to determine if the sequence segment of a discovered
homologue that qualifies for a protein fingerprint is also predicted as a potential
transmembrane protein. The transmembrane proteins in general stay inside the core of a
protein. A rigorous analysis will be needed to understand such situations and decide how

the transfer of functionality isto be done.

In Chapter 4, we realized that keeping track of the secondary databases, and updating the
local copies of the same, is essential. It is also needed to keep track of the primary
database and update its local copy, as in Chapter 2 we can see how rapidly the primary
databases grow. This may provide a better and up-to-date database, and subsequently

there can be scope for better functional classification for potato protein sequences.
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Consensus prediction of biologically significant regions of a protein sequence, by using
various analysis and prediction tools instead of using a single tool, is another aspect that
will increase the reliability over the results that are obtained. The system uses ‘garnier’ as
its only secondary structure prediction tool, though it uses other tools for the
transmembrane prediction and the signal site prediction. We suggest that it is aways a
better idea to perform the secondary structure prediction using more than one prediction
tool, and to take a consensus secondary structure prediction. As one of the future works
we highly recommend the integration of general secondary structure prediction tools into
mMPSA for a consensus prediction of protein secondary structure. Other protein segments
that are of some biological significance can be predicted similarly using the various

prediction tools to give more confidence in the prediction results.

Comparative genomics platforms can make use of the ADAP to learn protein
functionality, unfortunately with the ADAP they directly correlate the protein and
homologue sequence similarity to their functional similarity, and assign the functionality
to a query protein based on the sequence similarity. We suggest that it is a better
approach to have another independent module which performs an additional step. Initially
the module correlates the sequence similarity of query protein and homologue to their
protein structure similarity, and then assigns the functionality based on the structura
similarity. This can be done by comparing the query protein sequence with the existing
protein sequences whose structures are aready known. PDB is one such protein structural
database. Assigning the protein functionality by using these two techniques (one

technique directly correlates the sequence with the structure similarity, and another
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technique uses already explored protein structural information for functional transfer)

will give confidence in the predictions, or might highlight contradictory predictions.

Another feature that can be improved in the ADAP is a ‘Database Component’. The
database component can be modified to accommodate more than one BLAST database.
Currently the ADAP handles only one BLAST database, which is ‘nrdb’. By having this
additional flexibility we can compare potato protein sequences to the various other
genome specific databases that are more closely related to the potato. For example, an
additional database like a Tomato database or a Wheat database could be included to

perform more specific BLASTP searches.
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APPENDIX A
Sample DNA Seguence formats

Source: http://www.genomatix.de/online help/help/sequence formats.html

4

>AB000263 | acc=AB000263| descr =Honmo sapi ens nRNA for prepro cortistatin like
peptide, conplete cds.|len=368

ACAAGATGCCATTGT CCCCCGECCTCCTGCTGCTGCTGCTCTCCGEEECCACGECCACCGCTGCCCTGLC
CCTGGAGGGT GBCCCCACCGBCCGAGACAGCGAGCATAT GCAGGAAGCGGCAGGAATAAGGAAAAGCAGC
CTCCTGACTTTCCTCGCTTGGTGGT TTGAGT GGACCT CCCAGGCCAGT GCCGGGCCCCT CATAGGAGAGG
AAGCT CGBGAGGT GBGCCAGGCGECAGGAAGGCGECACCCCCCCAGCAAT CCGCGCGECCGEGACAGAATGCC
CTGCAGGAACTTCTTCTGGAAGACCT TCTCCTCCTGCAAATAAAACCT CACCCAT GAATGCTCACGCAAG
TTTAATTACAGACCTGAA

http://www.genomatix.de/online help/help/sequence formats.html
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APPENDIX B
Sample ADAP output

R I S O O O O R S O O O

B.1 BLASTP Report from ADAP

BLASTP 2. 2.8 [Jan-05-2004]

Ref erence: Altschul, Stephen F., Thonas L. Madden, Al ejandro A Schaffer,

Ji nghui Zhang, Zheng Zhang, Webb MIler, and David J. Lipman (1997),

"Gapped BLAST and PSI-BLAST: a new generation of protein database search

prograns”, Nucleic Acids Res. 25:3389-3402

Query= CKO0043. 5pri ne
(182 letters)

Dat abase: All non-redundant GenBank CDS

transl ati ons+PDB+Swi ssProt +Pl R+PRF excl udi ng envi ronnental sanpl es

1, 795, 144 sequences; 592,604,613 total letters

Sear ChiNg. . ..o done

Sequences producing significant alignments:

gb| AAD46849. 2| LD03471p [Drosophila mel anogaster]

ref | NP_651977. 1] CG6773-PA [ Drosophil a mel anogaster] >gi| 7300991. .
ref| XP_312881. 1] ENSANGP00000014751 [ Anophel es ganbi ae] >gi | 2129. ..

gb| AAH54585. 1| Unknown (protein for M3C. 63980) [Danio rerio]
gb| AAH4A3755. 1| Sec13l 1-prov protein [ Xenopus | aevi s]

ref | NP_988967. 1| hypot hetical protein M3C76017 [ Xenopus tropical..
ref | NP_077168. 2] SEC13 rel ated gene; SEC13 related gene (S. cere...

gb| AAH02128. 1| Sec13l 1 protein [Mis nuscul us]

ref | XP_216257.1] similar to SECL3 rel ated gene [Rattus norvegi cus]
ref | NP_109598. 2| SECl13-like 1 isoforma; SECl13-related protein [..

dbj | BAB26480. 1| unnaned protein product [Ms nuscul us]

ref | NP_899195. 1] SEC13-like 1 isoformb; SECl13-related protein [..

sp| P55735| SC13_HUMAN SEC13-rel ated protein

enb| CAE68218. 1| Hypot heti cal protein CBGL3889 [Caenorhabditis br...
dbj | BAB83081. 1| Secl3p [Oryza sativa] >gi|42409112| dbj | BAD10362. ...
dbj | BAC82934. 1| putative Secl3p [Oryza sativa (japonica cultivar..
gb| AAM65095. 1| putative protein transport protein SEC13 [ Arabido..
ref | NP_180566. 1| transducin famly protein / WD-40 repeat fanmily...
ref | NP_500086. 1| protein transport protein SEC13 rel ated, Nuclea..
ref | NP_500087. 1] protein transport protein SECL13 rel ated, Nuclea...
ref | NP_909967. 1| putative coat protein conplex Il (COPIl) conpon..
ref | NP_186783. 1| protein transport protein SEC13 famly protein ...
gb| AAM65185. 1| transport protein SECL3, putative [Arabidopsis th..
ref | NP_596692. 1| protein transport protein secl3 honol og, WD dom ..
gb| EAK83367. 1| hypothetical protein UWMD2245.1 [Ustilago naydis 521]
sp| P53024| SC13_PI CPA Protein transport protein SEC13 >gi|9757431. ..

329
285
209
184
180
179
178
178
178
178
177
176
175
149
148
146
146
146
145
145
145
141
141
141
141
137

(bits) Val ue

5e- 90
le-76
7e-54
4e- 46
6e- 45
le-44
le-44
le-44
le-44
2e-44
5e- 44
6e- 44
2e-43
8e- 36
2e-35
7e- 35
le-34
le-34
le-34
le-34
2e- 34
2e-33
2e-33
2e-33
3e-33
3e-32
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pir|| T10477 secl3 protein - yeast (Pichia pastoris)

gb| EALO1155. 1| hypot hetical protein CaOl9.316 [Candi da al bicans ...
ref | NP_983601. 1| ACR199Cp [ Erenot heci um gossypii] >gi | 44981675| g. .
gb| EAA60478. 1| hypot hetical protein ANA317.2 [Aspergillus nidula...
ref | NP_013309. 1| cytoplasmic protein involved in release of tran..
ref | XP_389447. 1] hypothetical protein FG9271.1 [G bberella zeae...

ref | XP_323382. 1] hypothetical protein [Neurospora crassa]l >gi| 28.
gb| AAHO6167. 1] Unknown (protein for | MAGE: 3959959) [Honp sapi ens]

gb| EAA48983. 1| hypot hetical protein M300641.4 [ Magnaporthe grise..
ref | NP_701658. 1| hypot hetical protein [Pl asnodi um fal ci parum 3D7. ..

gb| EAA15542. 1| hypothetical protein [Pl asnodi umyoelii yoelii]

gb| AAGG1255. 1| sinmilar to Homo sapiens (Human). Secl3-1ike prote..
ref | XP_314068. 1| ENSANGP00000015675 [ Anophel es ganbi ae] >gi| 2129..
ref | NP_610343. 1] CG8722- PA [ Drosophil a mel anogaster] >gi| 2458646. .
ref | NP_082388. 1| secl3-like protein [Mis nuscul us] >gi| 12847384|...

ref | XP_225856.2| sinmlar to Dal-6 [Rattus norvegi cus]

gb| AAH27244. 1] 2610007A16Ri k protein [Mis nuscul us] >gi|26353946. .
sp| Q6EE3| SEH1_HUMAN Nucl eoporin SEH1 (SEC13-1ike protein) >gi|2..
gb| AAH12430. 1| Sec13-like protein [Honmo sapi ens] >gi|20385056]| gb. .
ref | NP_112493. 1| secl3-1like protein; nucleoporin Sehl [Honp sapi ..

gb| AAQQ7847.1| secl3-like protein [Danio rerio]

ref | NP_956217. 1] secl3-like protein [Danio rerio] >gi|29881578|g..

dbj | BAB71317. 1| unnaned protein product [Honpo sapiens]

ref | NP_011415. 1| Nucl ear pore protein, honol ogous to secl3; Sehl..
ermb| CAE60058. 1| Hypot hetical protein CBG3573 [Caenorhabditis br...
ref | NP_499740. 1| nucl ear Pore conplex Protein NPP-18, secl3-like...
ref | NP_985510. 1| AFLO38Cp [ Erenot heci um gossypii] >gi|44984432|¢q...

gb| EAA20921. 1| hypothetical protein [Pl asnodi umyoelii yoelii]

ref | NP_593751. 1| putative nucl ear pore protein [Schizosaccharony...
gb| EAK96959. 1| hypot hetical protein CaOl9.9732 [Candi da al bi cans. ..

gb| AAMB3967. 1| protein stansport protein [Giffithsia japonica]
gb| AAP92653. 1| Dal-6 [Rattus norvegi cus]

enmb| CAB55579. 1| apoptotic protease activating factor 1 [Hono sap..
ref | NP_983493. 1| ACR091W [ Erenot heci um gossypii] >gi| 44981532| g. .
ref | NP_010553. 1] Protein required for cell viability; Ydr267cp [...

dbj | BAA24843. 2| KI AA0413 [ Honp sapi ens]

enmb| CAB55582. 1| apoptotic protease activating factor 1 [Hono sap..
enb| CAB55584. 1| apoptotic protease activating factor 1 [Honmo sap...
enmb| CAB56462. 1| apoptotic protease activating factor-1 [Hono sap..
ref | NP_863658. 1| apoptotic protease activating factor isoformd;...
enb| CAB55580. 1| apoptotic protease activating factor 1 [Hono sap...
ref | NP_001151. 1| apoptotic protease activating factor isoformb;...
enb| CAB55586. 1| apoptotic protease activating factor 1 [Honmo sap...
enmb| CAB55581. 1| apoptotic protease activating factor 1 [Hono sap..
ref | NP_863651. 1| apoptotic protease activating factor isoformc;..
ref | NP_037361. 1| apoptotic protease activating factor isoforma;...
enb| CAB55583. 1| apoptotic protease activating factor 1 [Hono sap...
emb| CAB55585. 1| apoptotic protease activating factor 1 [Hono sap..
ref | NP_925767. 1] WD-repeat protein [d oeobacter violaceus PCC 74..
ref | NP_487209. 1] WD repeat protein with Ser/ Thr protein protein ...
ref| ZP_00159770. 1] CO&319: FOG W40 repeat [Anabaena variabili..
ref | NP_033814. 1| apoptotic protease activating factor 1; forebra..
sp| ©88879| APAF_MOUSE Apoptotic protease activating factor 1 (Apa..

enmb| CAB55587. 1| protease activating factor-1 [Honmo sapi ens]

gb| EAK85515. 1| hypot hetical protein UWD4658.1 [Ustilago maydi s 521]
ref| ZP_00161052. 1| CO&319: FOG W40 repeat [Anabaena variabili..
ref | NP_076469. 1| apoptotic protease activating factor 1 [Rattus ..
gb| AAL36935. 1| apoptotic protease activating factor-1 [Rattus no...

dbj | BAB22008. 1| unnamed protein product [Mis nuscul us]

ref | NP_079572. 2] W0 protein G aol [Mis nuscul us] >gi| 13278606] ..
ref | NP_923852. 1] WD-repeat protein [d oeobacter violaceus PCC 74..
ref | NP_925601. 1| WD-repeat protein [G oeobacter violaceus PCC 74...

ref | XP_215837.1] WXO0 protein C aol [Rattus norvegi cus]
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ref | NP_004795. 1] W40 protein C aol [Hono sapi ens] >gi| 12229745 ... 54

sp| O22466| M5l 1_LYCES WD-40 repeat protein MSI1 >gi| 7444288|pir]|]|... 54
ref| ZP_00074238. 1] CO&319: FOG W40 repeat [Trichodesnmiumeryt... 53
ref | NP_586672. 1| WD- REPEAT PROTEI N [ Encephal i tozoon cuniculi] >g... 53
ref | NP_588384. 1| notchless-Ilike; WD repeat protein [Schizosaccha... 53
ref| ZP_00203492. 1| CO&x319: FOG W40 repeat [Anabaena variabili... 53
ref| ZP_00110163. 1| COG2319: FOG W40 repeat [Nostoc punctiforne] 53
ref | NP_927297. 1] WD-repeat protein [G oeobacter violaceus PCC 74... 52
ref | NP_488874.1] WD-repeat protein [Nostoc sp. PCC 7120] >gi| 255... 52
ref | NP_924911. 1] WD-repeat protein [G oeobacter violaceus PCC 74... 52
gb| AAH65658. 1| Unknown (protein for M3C. 77394) [Danio rerio] 52
ref| ZP_00158196. 2| CO&2319: FOG W40 repeat [Anabaena variabili... 51
ref | NP_956441. 1] sinmilar to W40 protein Caol [Danio rerio] >gi... 51
pir|| S19487 hypot hetical protein YCRO72c - yeast (Saccharomyces ... 51
ref | NP_985120. 1| AER263Cp [ Erenot heci um gossypii] >gi|44983908|g... 51
ref | NP_486840. 1] WD-repeat protein [Nostoc sp. PCC 7120] >gi| 201... 51
ref| ZP_00106428. 1| CO&319: FOG W40 repeat [Nostoc punctiforne] 51
ref | NP_484328. 1] WD-40 repeat protein [Nostoc sp. PCC 7120] >gi]... 51
ref | NP_009997.2| Protein required for cell viability; Ycr072cp [... 51
ref | NP_484708. 1] WD-40 repeat protein [Nostoc sp. PCC 7120] >gi]... 51
dbj | BAB29591. 1| unnaned protein product [Ms nuscul us] >gi| 12855... 50
ref | XP_324974. 1] hypothetical protein [Neurospora crassa]l >gi|28... 50
ref| ZP_00110089. 1] CO&319: FOG W40 repeat [Nostoc punctiforne] 50
gb| AAMB7148. 1| spermassoci ated WD repeat protein [ Mis nuscul us] 50
gb| AAL33648. 1] MSI type nucl eosome/ chromatin assenbly factor C[... 50
ref | NP_586451. 1| PROTEI N TRANSPORT PROTEI N SEC13 HOMOLOG (COPII ... 50
ref | NP_610996. 1| CGL2797- PA [ Drosophil a nel anogaster] >gi| 730313... 50
ref | NP_587902. 1] tfiid subunit taf72p. [Schizosaccharonyces ponb... 50
ref | NP_651702. 1| CGr568- PA [ Drosophil a nel anogaster] >gi| 7301796. .. 50
ref| ZP_00110817. 1] CO&G319: FOG W40 repeat [Nostoc punctiforne] 50
gb| AAMB65591. 1| putative WD-40 repeat protein, MSI2 [Arabidopsis ... 50
ref | NP_179269. 1| WD-40 repeat protein (MSI2) [Arabidopsis thalia... 50
ref | NP_592852. 1| WD doni an, G beta repeat protein [Schizosacchar... 50
gb| EAK83688. 1| hypot hetical protein UWM2777.1 [Ustilago maydi s 521] 49
ref | NP_493745. 1] protein beta-transducin famly (52.4 kD) (2A772... 49
ref | NP_484522. 1] WD-40 repeat protein [Nostoc sp. PCC 7120] >gi]... 49
dbj | BAC84508. 1| putative WH40 protein G aol [Oryza sativa (japon... 49
ref | ZP_00106776. 1] COG319: FOG W40 repeat [Nostoc punctiforne] 49
gb| AAHA7819. 1| Similar to katanin p80 (W40-containing) subunit ... 43
gb| AAH66616. 1| Zgc: 77032 protein [Danio rerio] 43
gb| AAH67011. 1| Em 4 protein [ Mus nuscul us] 43
gb| EAA66849. 1| hypot hetical protein AN8505.2 [Aspergillus nidula... 43
gb| AAH66099. 1| Em 4 protein [ Mius nuscul us] 43

>gh| AAD46849. 2| LD03471p [ Drosophila nel anogaster]
Length = 386

Score = 329 bits (1155), Expect = 5e-90
Identities = 181/182 (99%, Positives = 181/182 (99%

Query: 1 VKRRKKTRLAFNQFI WRPDERI SSKMVSLLQEI DTEHEDMWHHAALDFYGLLLATCSSDG 60
VKRRKKTRLAFNQFI WRPDERI SSKMVSL LQEI DTEHEDMVHHAAL DFYGLLLATCSSDG
Sbhjct: 6 VKRRKKTRLAFNQFI WRPDERI SSKMVSLLQEI DTEHEDMWHHAALDFYGLLLATCSSDG 65

Query: 61 SVRI FHSRKNNKALAEL KGHQGPVWVAWAHPKFGNI LASCSYDRKVI WAKSTTPRDWIK 120
SVRI FHSRKNNKAL AEL KGHQGPVWQVAWAHPKFGNI LASCSYDRKVI VWKSTTPRDWTK
Sbhjct: 66 SVRI FHSRKNNKALAELKGHQGPVWIVAWAHPKFGNI LASCSYDRKVI VAKSTTPRDWIK 125

Query: 121 LYEYSNHDSSVNSVDFAPSEYGLVLACASSDGSVSVLTCNTEYGYWDAKKI PNXHTI GVN 180
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LYEYSNHDSSVNSVDFAPSEYGLVLACASSDGSVSVLTCNTEYGYWDAKKI PN HTI GVN
Sbj ct: 126 LYEYSNHDSSVNSVDFAPSEYCGLVLACASSDGSVSVLTCNTEYGYWDAKKI PNAHTI GVN 185

Query: 181 Al 182
Al
Sbjct: 186 Al 187

>ref | NP_651977. 1] CG6773- PA [ Drosophi | a nel anogast er]
gb| AAF56128. 1| CG6773- PA [ Drosophi |l a nel anogast er]
Length = 356

Score = 285 bhits (997), Expect = le-76
Identities = 156/157 (99%, Positives = 156/ 157 (99%

Query: 26 MVSLLQEI DTEHEDMVHHAALDFYGLLLATCSSDGSVRI FHSRKNNKAL AEL KGHQGPVW 85
MVSLLQEI DTEHEDMVHHAAL DFYGLLLATCSSDGSVRI FHSRKNNKAL AEL KGHQGPVW
Sbhjct: 1 MVSLLQEI DTEHEDMVHHAAL DFYGALLLATCSSDGSVRI FHSRKNNKAL AEL KGHQGPVW 60

Query: 86 QVAWAHPKFGNI LASCSYDRKVI VWKSTTPRDWIKL YEYSNHDSSVNSVDFAPSEYGLVL 145
QVAVAHPKFGNI LASCSYDRKVI VWAKSTTPRDWI KL YEYSNHDSSVNSVDFAPSEYGL VL
Sbjct: 61 QVAWAHPKFGNI LASCSYDRKVI VAKSTTPRDWI KL YEYSNHDSSVNSVDFAPSEYGLVL 120

Query: 146 ACASSDGSVSVLTCNTEYGYWDAKKI PNXHTI GVNAI 182
ACASSDGSVSVLTCNTEYGYWDAKKI PN HT1 GVNAI
Sbj ct: 121 ACASSDGSVSVLTCNTEYGYWDAKKI PNAHTI GVNAI 157

>ref| XP_312881. 1] ENSANGP00000014751 [ Anophel es ganbi ae]
gb| EAA08392. 1| ENSANGP00000014751 [ Anophel es ganbi ae str. PEST]
Length = 339

Score = 209 bits (728), Expect = 7e-54
Identities = 112/161 (69%, Positives = 129/161 (80%, Gaps = 1/161 (0%

Query: 23 SSKWSLLQEI DTEHEDWHHAALDFYGLLLATCSSDGSVRI FHSRKNNKALA- ELKGHQ 81
+ KWS+L | DT HEDM+rH A +D+YGE LATCSSD SV+I F  + + LA +LKGH
Sbjct: 14 TRKWSVLNTI DTGHEDM HCADVDYYGLRLATCSSDNSVKI FDI KNGAQTLAADLKGHG 73

Query: 82 GPVWQVAVWAHPKFGNI LASCSYDRKVI VWKSTTPRDWI KL YEYSNHDSSVNSVDFAPSEY 141
GPVWVAW HP++GN\+LASCSYDRKVI WK P DWIK YEYSNHDSSVNSV +AP+EY
Shjct: 74 CPVWVAWGHPRYGNVLASCSYDRKVI VWKEAGPGDWIKWYEYSNHDSSVNSVAWAPAEY 133

Query: 142 GLVLACASSDGSVSVLTCNTEYGWWDAKKI PNXHTI GVNAI 182
GLVLAC SSDGS+S+LT N E G WD KKIPN HTIG N +
Sbj ct: 134 CGLVLACGSSDGSI SI LTANVEAGTWDCKKI PNAHTI GCNTV 174

>enb| CAB60086. 2| beta prime COP protein [Trypanosoma brucei]
Length = 849

Score = 44.9 bits (142), Expect = 3e-04
Identities = 36/146 (24%, Positives = 64/146 (43%, Gaps = 8/ 146 (5%

Query: 37 HEDWHHAALDFYG.LLATCSSDGSVRI FHSRKNNKAL AEL KGHOGPVWVAWAHPKFGN 96
H+D + +L TCS D ++R + ++ + +GHQ V +A +PK +
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Sbjct: 97 HDDYlI RG VAHETLPI LLTCSDDMIT RQADWSRDWAL VET YEGHQHYVMS A- MNPKDPS 155

Query: 97 | LASCSYDRKVI WAKSTTPRDWI KL YEYSNHDSSVNSVDFAPSEYGLVLACASSDGSVSV 156
+A+ SD VW +P ++ H+ VN VD+ P L + D +V +
Sbj ct: 156 TFATASLDCTVKWWSLNSP- - - VSNFQLEGHEDGVNCVDYYPGGDKPYLLSGADDRTVRL 212

Query: 157 LTCNTEYGWWDAKKI PNXHTI GVNAI 182
+Y ++ + HT V A+
Sbj ct: 213 W- - - DYQTKACLQVFSHHTANVTAV 234

Dat abase: All non-redundant GenBank CDS

transl ati ons+PDB+Swi ssProt +Pl R+PRF excl udi ng envi ronnental sanpl es
Posted date: May 5, 2004 2:18 AM

Nunber of letters in database: 592,604, 613

Nurmber of sequences in database: 1,795,144

Lanbda K H

0. 230 0. 0915 0. 266
Gapped
Lanbda K H

0. 195 0. 0320 0. 100

Matri x: BLOSUMAS

Gap Penal ties: Existence: 14, Extension: 2

Number of Hits to DB: 945, 551, 386

Nurmber of Sequences: 1795144

Number of extensions: 126631780

Nurmber of successful extensions: 33386

Nurmber of sequences better than 1.0e-03: 321

Nurmber of HSP's better than 0.0 without gapping: 54
Nurmber of HSP's successfully gapped in prelimtest: 271
Nurmber of HSP's that attenpted gapping in prelimtest: 31821
Nurmber of HSP's gapped (non-prelin): 1154

Il ength of query: 182

| ength of database: 592,604, 613

ef fective HSP | ength: 151

effective length of query: 31

effective length of database: 321, 537, 869

ef fective search space: 9967673939

ef fective search space used: 9967673939

T: 10

A: 60

X1: 22 ( 7.3 bits)

X2: 53 (14.9 bits)

X3: 88 (24.8 bits)

S1: 55 (21.7 bits)

S2: 136 (43.2 bits)
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B.2 The output of ‘getorf’

R I S O O S R S S O O

In the ADAP we suppress the ORFs fromthe reverse strand. The following is an
exanpl e of an output from ADAP for the ‘getorf’ EMBOSS program

>asis_1[1 - 33]

LSLVYCRLHCG

>asis_2 [3 - 71]
LPRVLSSALRLGFHLNI PTFLFL
>asis_3 [2 - 82]

SPSCTVWVCI AARVSPKYPYFFVPVDLH
>asis_4 [49 - 144]

| SLLFCSCRPALI LQLI YDDGYSDELAVVAVC
>asis_5 [123 - 206]

TSGCRGVL THKKVKRVFVAL ENGGFEPL
>asis_6 [200 - 247]

TPLI CLVMM TM HQS

>asis_7 [237 - 272]

S| KADCYSSAKS

>asis_8 [276 - 311]
SGEESL SSGAGG
>asis_9 [342 - 401]
ASSPESSCQGGEKNRTWIWAR
>asis_10 [405 - 452]
RWATW. RPWBWARW/Q

>asis_11 [251 - 508]

LLFI SKKLI RRRKPQLRRRRLRSSRRSSPL SLLPRI KL SGRQKONL DVWWEVEVVDVATAV
VWEVGS|I GKHPTVRTFLATENFQW

>asis_12 [474 - 518]

ELFSQQRI FRWSCT

>asis_13 [549 - 590]

KTWAL WA PCFPWV

>asis_14 [512 - 685]

LHLNTWKEEDPL KDVVVM/DPM. SVVWWDKVWVL VMKKCPRGT GLVGHL NAVWL AAEVR
>asis_15 [689 - 745]

SVKVLAEEI GELKQWKLLR

>asis_16 [178 - 774]

LLKMADL NPFDL L GDDDNDDPSKLI Al HQQKVDPAKKASAPAPAAKKQPAKL PTKPPPPN
QAVREAKT EL CRGGGERGEGERGYGRGRGGGEFNREASNNENFSRNREFSGE AAPEYMEGG
RPSERRGGY GGPHAFRGGERQGGF-GNEEMPEGDRPRRT FERRSGT GRGSEI KREGAGRGNW
GTETDEVTQVIT GEVADEGE
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Appendix C

Table of Standard Genetic Code

Source: http://molbio.info.nih.gov/molbio/gcode.html

Rk b Sk R Rk I Sk S Sk O R R S S R R Rk ok O Rk O IRk I o b b

T C A G

TTT Phe(F) TCT Ser(S) TAT Tyr (Y) TGT Cys(C)
T TTC" TCC™ TAC TGC

TTA Leu(L) TCA™ TAA Ter TGA Ter

TTG™" TCG" TAGTer TGG Trp (W)

CTT Leu(L) CCT Pro(P) |CAT His(H) CGT Arg (R)
c CTC" cccr CAC" CGC"

CTA" CCA" CAAGIN(Q) CGA ™"

C1G™ cca" CAG™ CGG™

ATT lle(l) |ACT Thr(T) AAT Asn(N) AGT Ser (S)
A ATC" ACC™ AAC" AGC"

ATA" ACA™" AAA Lys (K) AGA Arg (R)

ATG Met (M) ACG ™ AAG" AGG"

GTT Va (V) GCT Ala(A) GAT Asp (D) GGT Gly (G)
G GTC™" GCC" GAC" GGC"

GTA" GCA™" GAA Glu (E) GGA "

GTG" GCG™" GAG™" GGG™
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APPENDIX D

BLOSUM®62 Substitution Matrix

Source: http://www.uky.edu/Classes/B1 O/520/B10520WWW/L ecture?/lect9b/bl osum62.d
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APPENDIX E
ADAP Potato Database

R R R bk S b Sk b I b b S b S b b S b b b S bk S R R I S b Sk S b S S b bk S b R b b b I b

All the tables in the database are listed below:

NSequence ( ‘NSequencelD’ varchar(40), ‘NucleotideSeq text, ‘Length’ int(11),
‘Accession’ varchar(15), ‘Describtion’ varchar(50))

HypProSequence ( ‘HypProSequencelD’ varchar(45), ‘NSequencelD’ varchar(40),
‘ProteinSeq’ text, ‘Length’ int(11), ‘NucStart’ int(11), ‘NucEnd int(11, ‘BEval’ float)
HitTable ( ‘Name' varchar(45), ‘HPSeqID’ varchar(40), ‘Description’ text, ‘ Accession’
varchar(30), ‘Length’ int(11), ‘RawScore’ int(11), ‘ Significance’ varchar(7))

HspTable ( ‘HypProSeqiD’ varchar(45), ‘HitName' varchar(45), ‘HspNo' varchar(7),
‘HitString’' text, ‘QueryString’ text, ‘HomologyString’ text, ‘EVaue’ float, ‘Length’
int(11), ‘Score’ int(11), ‘Fracldentical’ float, ‘ FracConserved float, ‘Gaps' int(11))
SigCleave ( ‘HPSequencel D’ varchar(40), ‘HitName' varchar(45), ‘HspNo' varchar(7),
‘SgnalMotif’ varchar(20), ‘Score’ int(11), ‘Start’ int(11), ‘MaturePep’ varchar(150))
Tmap ( ‘HPSequencelD’ varchar(40), ‘HitName varchar(45), ‘HspNo' varchar(7),
‘TransMembrane’ varchar(35), ‘ Start’ int(11), ‘End’ int(11))

Garnier ( ‘HPSequencelD’ varchar(40), ‘HitName varchar(45), ‘HspNo' varchar(7),

‘Helix’ text, ‘ Sheet’ text, ‘Turn’ text, ‘Coil’ text)
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HelixTurnHelix ( ‘HPSequencelD’ varchar(40), ‘HitName varchar(45), ‘HspNo'
varchar(7), ‘Motif’ varchar(40), ‘Score’ int(11), ‘Start’ int(11), ‘End int(11),
‘SDeviation’ float)

Patmatmotifs ( ‘HPSequencelD’ varchar(40), ‘HitName' varchar(45), ‘HspNo’ Varchar
(7), ‘Motif" varchar(20), ‘MotifString’ varchar(60), ‘Start’ int(11), ‘Length’ int(11),
‘MotifDesc’ text)

Pscan ( ‘HPSequencelD’ varchar(40), ‘HitName varchar(45), ‘HspNo' varchar(7),
‘FingerPrint’ varchar(50), ‘Class varchar(7), ‘AccNo’ varchar(25), ‘ Signature’ Varchar
(180), ‘Elements’ varchar(230))

Note: The attributesin italics above signify the primary key.
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