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ABSTRACT: 

          Single Nucleotide Polymorphisms or (SNPs) are the most abundant form of 

variation present in the human genome. These variations in individuals are considered to 

be the cause of diseases, difference in response to treatment, susceptibility to diseases or 
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may have no impact. Association studies aim at correlating an observed disease or a 

phenotype with these sequence variations. However very few of these SNPs are actually 

characterized according to the disease or phenotype they are implicated in. Currently, it is 

not possible to test and validate each and every SNP in the coding region of the human 

genome. Hence, the real challenge in association studies lies in carefully selecting 

reliable marker alleles which are most likely responsible for the observed phenotype or 

disease.  

           This thesis addresses this problem by providing for each and every nucleotide in 

the human genome with a probabilistic value of it being involved in a disease or an 

important phenotype. Our hypothesis hinges on the fact that evolutionary conserved 

nucleotides are most important for gene function and hence would cause a disease if 

altered than non conserved nucleotides. By calculating the conservation of each base in 

all human Refseq exons and correlating the results with all SNPs in the Human Gene 

Mutation Database, a database of known disease causing SNPs and Database of Single 

Nucleotide Polymorphisms, we have exhaustively confirmed that the most conserved 

bases are indeed most sensitive to variation. Other factors known to be responsible for 

causing disease like alleles were also investigated. All the factors that were found to be 

responsible for disease alleles were chosen for the design of a classifier, which 

subsequently assigned a disease probability score to each coding base, based on these 

factors. This probability score represented the potential sensitivity to variation of each 

base. This will aid researchers rank SNPs and select candidate SNPs from a cohort for 

SNP-disease association studies.  Identification of SNPs with disease-like signatures in 

SNP databases could provide researchers and clinicians with valuable information to aid 
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them in the design and interpretation of epidemiological and genetic studies especially for 

those databases devoid of such annotation.   
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Chapter 1 

INTRODUCTION 

 

          Over the past few decades, major advances in the field of molecular biology, 

coupled with advances in genomic technologies, have led to an explosive growth in the 

biological information generated by the scientific community. This deluge of genomic 

information has, in turn, led to an absolute requirement for computerized methods to 

store, organize, and index the data and specialized tools to view and analyze the data. 

With the completion of the human genome project in 2002(1) and further refinement over 

the past few years(2) we now have a complete catalog of all the human genes, their 

sequences and location within the genome. The human genome project along with some 

other projects such as HapMap (Haplotype Map Project)(3) and the ENCODE 

(ENCyclopedia Of DNA Elements) (4) project have produced abundant data regarding 

the functional elements and the amount and distribution of the genetic variation within 

the human genome.  

 

          SNPs are single nucleotide base changes, or simply put, a position in the DNA 

sequence where different sequence alternatives exist. SNPs are the single most abundant 

form of genomic variation (over 90% of all variation in the human genome) (5). These 
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variations are considered to be the cause of diseases, difference in response to treatment, 

susceptibility to diseases or be neutral i.e. may have no impact. Alone in the coding 

region of the human genome around 96k SNPs have been identified to date (dbSNP 

version 126, Feb 2007) but it is unclear as to how many of these are directly involved in 

causing a disease. This thesis aims to address this problem by giving a disease likelihood 

prediction for each and every SNP in the human genome which can be associated with 

the coding bases within the genome to determine the probability of disease likelihood for 

each base if altered. Our hypothesis for finding disease causing high impact SNPs hinges 

on the fact that highly conserved nucleotides, which are under high selection pressure, are 

very important for gene function. Such bases, if altered, would have a higher likelihood 

of causing disease than those SNPs occurring at non conserved base positions. Hence 

most SNPs causing diseases will be found in the most conserved regions of the genome. 

Along with the nucleotide conservation, we also wish to evaluate and incorporate other 

factors known or suspected to be responsible in causing diseases. This will be done 

through a series of biomedical computations using a dataset of disease causing SNPs and 

another dataset of SNPs predominantly found to be non disease causing, followed by 

interpretation of these results in context with other available information.  

 

          This chapter introduces the Human Genome Project and other projects on DNA 

sequence annotations and DNA sequence variations. It gives a brief overview of SNPs 

and current efforts in SNP analysis and SNP disease association studies. The second 

chapter discusses the need for this project and the hypothesis on which the project is 

based and briefly discusses the factors which describe a nucleotide where a SNP is 
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present, that were selected for evaluation as to their potential for impact in terms of 

causing a disease or an important phenotype.  The third chapter explains the methods and 

the implementation of the SNP analysis pipeline, the computational tools and databases 

used and how all the factors discussed in chapter two were evaluated computationally to 

successfully distinguish between the two datasets and identify likely disease-causing 

alleles correctly. It also describes how all these factors were incorporated in the design of 

the classifier which was used to predict disease-like alleles.  The fourth chapter discusses 

the results with detailed analysis of each factor used in the classifier prediction, those 

factors found to best distinguish disease like and non-disease like sequence variations 

which were then subsequently used to design the final classifier, the prediction of novel 

disease-like alleles from within a dataset of predominantly non-diseased alleles devoid of 

such annotation which could be pursued for SNP-disease annotation studies, and finally a 

prediction is made for each coding base in the human genome as to its potential for 

disease causation. 

          The fifth chapter outlines my contributions in other projects to help other lab 

members, past and present, with their computational needs. 

The sixth chapter describes the SNP analysis pipeline with its modules. It describes the 

procedure to update the SNP analysis pipeline so that it can be kept up-to-date with the 

growing databases. It also talks about future work for the project.  

 

1.1 Human Genome Project 

          One of the most significant achievements of the twentieth century has been the 

completion of the sequencing of the human genome. The early objectives of the human 
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genome project were to sequence the 3 billion nucleotides contained in the human 

haploid genome and identify all the genes present in this vast data. The first ‘rough draft’ 

of the eucromatin portion of the human chromosomes for the Human Genome Project 

was completed in 2000 and the ‘complete draft’, again of the eucromatin portion, was 

said to be complete three years later in 2003. Since then, there have been successive 

revisions to this draft which has added higher confidence in the available sequence data. 

This sequence data is made freely available over the internet from the National Institutes 

of Health (NIH) through the National Center for Biotechnology Information (NCBI) at 

ftp://ftp.ncbi.nih.gov/genomes/H_sapiens/. Although every individual has a unique copy 

of the genome, between two individuals over 99% of the genome sequence is identical. 

So this available sequence can be assumed to be the consensus sequence for humans. 

 

          Although the effort to acquire the human genome sequence appears to be near 

completion, the work of interpreting this genomic data is still in its nascent stages. One 

such effort launched by the US National Human Genome Research Institute (NHGRI) in 

September 2003 is the ENCODE project. The ENCODE project, which stands for (the 

ENCyclopedia Of DNA Elements) (4), is a public research consortium which aims to 

find all the functional elements in the human genome. These functional elements include 

protein-coding genes, non–protein-coding genes, transcriptional regulatory elements, and 

sequences that mediate chromosome structure and dynamics. In the human genome, so 

far, 39,000 genes have been computationally identified (Refseq release 18) with around 

34,000 encoding for proteins. 
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          The human genome data promises to provide new areas of discovery in medicine 

and biotechnology and to accelerate diagnosis, prognosis, treatment, response to 

treatment and drug discovery through the use of computational tools to understand and 

explain this huge amount of biological data. 

 

1.2 SNP Overview 

          SNP (‘Snips’ as they are pronounced) stand for Single Nucleotide Polymorphisms. 

Simply put, they are single nucleotide variations in the genome. For example, at a given 

loci in the human genome more than one nucleotide base alternatives may exist. Such 

alternatives are called as alleles. Formally, if the frequency of such alleles is more than 

1% in a given population then they are called SNPs, however, informally, any single 

nucleotide sequence variation at any rate has also been called a SNP . Over 90% of all the 

sequence variation recorded in the human genome is due to SNPs(6). In the human 

genome alone, over 3 million SNPs have been measured to date, making it as frequent as 

one per kilo base pair of sequence (7). It is estimated that over 99% of the human genome 

sequence is conserved across various populations. 

 

          SNPs occur in both coding (exons) as well as noncoding regions (introns, UTRs, 

inter-genic regions etc) of the human genome. Most of these SNPs lie in the noncoding 

region of the human genome, presumably due to lower selection pressure, i.e. nature has 

allowed more freedom in these bases, presumably since this variation is tolerated and 

does not interfere with the proper functioning of a cell. The frequency of these SNPs in 

the coding region is observed to be 4 fold lower than in noncoding regions (6) because 
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such sequence alterations can result in change of transcript and hence the corresponding 

protein. Hence the SNPs in these regions have a direct capability to have a significant 

impact by a change of shape, structure or a critical residue in the protein which might 

ultimately result in aberrant function of protein and result in a disease. 

 

          Genetic factors such as SNPs may not directly cause disease but confer 

susceptibility or resistance to a disease or determine the severity or progression of 

disease(8). SNPs can help determine the likelihood that someone will develop a particular 

disease. They can have a major impact on how humans respond to disease, environmental 

insults such as bacteria, viruses, toxins, chemicals, drugs and other therapies. This makes 

SNPs of great value for biomedical research and for developing pharmaceutical products 

or medical diagnostics. SNPs are also evolutionarily stable i.e. they do not change 

significantly from generation to generation, making them easier to follow in population 

studies. 

 

          Annotating SNPs within the genome and correlating them with possible phenotypic 

traits or disease likelihoods is achieved by association studies.  Most SNPs do not directly 

result in disease since most diseases are due to aberrant errors in a number of genes 

(polygenic diseases) such as Cancer, Heart diseases, diabetes etc (9, 10). Scientists 

believe SNP maps will help them identify the multiple genes associated with such 

complex diseases as cancer, diabetes, vascular disease, and some forms of mental illness. 

These associations are difficult to establish with conventional gene-hunting methods 

because a single altered gene may make only a small contribution to the disease. 
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However there are some diseases that have been linked to a single gene (monogenic 

disorders) such as Huntington’s disease, hemophilia or sickle cell anemia etc (11).  

 

1.3 Genetic Association studies and Linkage Analysis: 

          Genetic association studies aim to find correlation between frequency of certain 

polymorphisms and observable traits such as diseases. For example, one approach is to 

find those alleles in a diseased set of people which are inherited together and when 

compared to those alleles present in the normal population, differ significantly and in a 

nonrandom manner. That is, genetic association studies are performed to determine 

whether a genetic variant is associated with a disease or trait. If association is present, a 

particular allele or a set of polymorphisms that make up that allele will be seen more 

often than expected by chance in an individual carrying the trait. Hence association 

studies help find genetic markers most likely to be associated the disease or phenotypic 

trait, regardless of whether they directly cause the trait or are just linked with other 

genomic changes that may be responsible for the trait. However a potential problem with 

association studies is that each marker has to be investigated individually with multiple 

diseased and non-diseased controls for which the cost of such association experiments 

and their time can make them impractical.  

 

          During cell division, due to genetic recombination and independent reassortment of 

chromosomes, there is genetic variation from one generation to the other.  It is seen that 

alleles in close proximity of each other on the same chromosome are inherited together 

within generations because often genetic material is exchanged in large blocks, so 
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material that is closer together is often exchanged together and is therefore linked.    Such 

alleles are said to be in linkage equilibrium. Similarly those alleles which are far distant 

from each other on the same chromosome or on different chromosomes are inherited 

together in a random way due to independent reassortments and recombination of 

chromosomes during cell division.  However, sometimes a group of alleles, distant from 

each other or on separate chromosomes which are expected to be inherited together 

randomly, instead are seen to be inherited together in a population. Such alleles are said 

to be in Linkage Disequilibrium (LD)(12). High values of LD indicate that such alleles 

are inherited together at a rate that exceeds that which is expected by random change and 

are considered to be linked together. 

 

          Such alleles, which are statistically associated with each other through generations 

in a particular population are called as haplotype blocks. It is thought that these 

associations, and the identification of a few alleles of a haplotype block(13), can 

unambiguously identify all other polymorphic sites in its region. Such haplotype blocks 

along with their linkage disequilibrium values are deposited in the HapMap project. This 

is a good resource for making likely genotype - disease association studies. 

 

1.3.1 HAPMAP project 

          The International HapMap Project (3) is an organization whose goal is to develop a 

haplotype map of the human genome (the HapMap), which will describe the common 

patterns of inherited human genetic variation. The project is a collaboration among 
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researchers at academic centers, non-profit biomedical research groups and private 

companies in Canada, China, Japan, Nigeria, the United Kingdom, and the United States. 

The HapMap is expected to be a key resource for researchers to use to find genes 

affecting health, disease and responses to drugs and environmental factors. The 

information produced by the project is made freely available to researchers around the 

world. By providing data regarding haplotype blocks of genetic variation within the 

human genome, the HapMap provides an opportunity to make associations between these 

variations and the occurrence of a trait or disease with higher confidence. Also, the 

occurrence of a select few variations within a haplotype group automatically increases the 

chances of finding others within the same haplotype group with a greater degree of 

confidence. This HapMap data can be used in association studies to annotate SNPs for 

possible disease causing signatures. For example, if a given allele is in high linkage 

disequilibrium with a haplotype known to be associated with disease, there is a high 

likelihood that the allele is associated with the haplotype and responsible for the diseased 

state. Thus the existence of LD enables an allele of one polymorphic marker to be used as 

a surrogate for a specific allele of another. 

          Unfortunately, the limitations of the HapMap approach comes from the fact that 

LD is not stable over long time periods (7). Within successive generations the level of LD 

between two markers successively decreases. Worst still, for common polygenic diseases 

it may be very difficult to successfully apply linkage analysis due to existence of too 

much multi-locus etiology, i.e. no single locus contributing enough of disease causation 

in affected individuals for it to stand out in any human meiotic mapping study of practical 

scale. 
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          Hence the real challenge in disease association studies lies in carefully selecting 

reliable marker alleles which are most likely responsible for the observed phenotype or 

disease. We look to answer this problem through this thesis by providing an estimate for 

each and every nucleotide in the human genome with a probabilistic value of it being 

involved in a disease or an important phenotype. This will help researchers select 

candidate SNPs from a cohort to sequence for SNP-disease association studies. This will 

also help annotate SNPs in other public databases having disease-like signature alleles 

which are otherwise devoid of such annotation.  
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Chapter 2 

OBJECTIVES 

 

          A major challenge for genome wide disease association studies is the high cost of 

genotyping an appropriate cohort collection against a select portion of sequence space. 

Most of the public databases which have records of SNPs occurring in the human genome 

do not have annotations which suggest if they are probable candidates in causing 

diseases, responsible for a clinical phenotype or mere polymorphisms without any 

impact. For SNP-disease association studies each individual SNP has to be individually 

investigated with multiple diseased and control samples. It is not feasible to sequence all 

these SNPs for possible SNP-disease association studies due to time constraints and high 

cost of genotyping each and every SNP in a given population which may be very large. 

Hence the objectives for this project were as follows, 

  

2.1 Objectives of the SNP analysis pipeline: 

1. Study as many of the factors as possible that can partition those SNPs that are 

responsible for causing disease alleles from those that are less likely to cause 

disease by using a dataset of SNPs verified to cause diseases in humans and a 

dataset considered to be largely devoid of such disease causing SNPs. 

2. Evaluate their relative prediction value in recognizing diseased alleles.
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3. Design a system which takes into account all these factors responsible for causing 

diseased alleles with their relative weights and test their performance in 

recognizing SNPs already annotated to cause diseases. 

4. Use the system to annotate SNPs in other public databases which are devoid of 

this annotation and mark putative disease-like alleles in these datasets. 

5. Extend the prediction to each and every base within the coding region of the 

human genome to predict its likelihood of being involved in a disease by 

providing every base in the coding region with a value which would be reflective 

of its disease causing likelihood. 

6. Provide a web based user interface for ease of retrieval and visualization of results 

and a backend relational database which can be data mined for discovery. 

7. Provide an easy way to update the whole computational pipeline so that the 

system can be kept up to date along with all the necessary related databases to 

extract maximum value from this study. 

 

          Our hypothesis for finding disease causing high impact SNPs hinges on the fact 

that evolutionary conserved nucleotides have high selection pressure since they are very 

important for gene function. Such bases if altered would have a higher likelihood of 

causing disease than those SNPs occurring at non-conserved base positions. Along with 

this conservation metric, we also wish to evaluate and incorporate other factors known or 

thought to be responsible in causing diseases which are as follows. 
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2.1.1 Substitution type: 

          Polymorphisms which lead to a change of the encoding amino acid residue are 

called non-synonymous substitutions whereas those which lead to the same encoded 

amino acid in spite of the change due to SNP are called as synonymous substitutions. We 

would assume that non-synonymous substitutions, since their property of changing the 

resultant amino acid in the encoded protein, will have a higher likelihood of causing an 

aberrant protein function resulting in a disease than synonymous substitutions. 

 

2.1.2 Type of Residue Change : 

          SNPs can be evaluated on the basis of the properties of the original amino acid and 

the resultant amino acid produced due to the base change in terms of the change in size, 

shape, structure, charge, volume or hydrophobicity (14). One would expect that extreme 

changes in any of those properties, such as a positively charged residue changing to a 

negatively charged residue, a hydrophilic residue changed to a hydrophobic residue, 

would cause a higher impact on the resultant protein structure and function and may 

impair its function resulting in a disease. 

 

2.1.3    Position of the SNP base within the codon: 

          Because of the nature and redundancy of the translation of the 3 base DNA code 

(codon) into the amino acid code (15), the probability of finding an amino acid changing 

due to a single base substitution within the codon is maximum if the SNP occurs in the 

first base, followed by the second and the third base. We therefore would expect to see 
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that most of the disease causing substitutions will occur in the first base within the codon 

changing the amino acid reside, followed by the second and the third base.  

 

2.1.4 Frequency of amino acid change : 

          The frequency of a given amino acid changing to a new amino acid due to a 

variation is given by the BLOSUM and PAM matrices which are constructed from 

genome-wide alignments of an identical family of proteins as they have evolved over 

time as studied through evolving species. A positive value in these matrices indicates that 

such substitutions are more frequently observed in nature, hence are more favorable. 

Similarly, a proportional negative value would indicate that such substitutions are not 

frequent in nature and hence unfavorable substitutions. We would expect that the disease 

causing SNPs will have resulted in these unfavorable substitutions, more so than non-

disease causing ones.  

 

2.1.5 Incorporation of more factors linked to nucleotide conservation 

          We also wish to look at some additional factors which are related to the 

conservation metric but may result in better classification of SNPs into disease causing 

and non-disease causing because of nuances involved in normalization and other 

weightings.   These factors include the percentile conservation of each base with respect 

to the sum or all conservation for each base in the entire gene, relative conservation when 

compared to the average conservation within the gene etc. 
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          All these factors were closely examined and evaluated on the basis of which ones 

were able to best classify SNPs into disease causing alleles and those that should not. 

 

 

2.2 EREMORPH: Web based tool for candidate gene analysis 

All the results of SNP analysis along with disease likelihood prediction values will be 

available via a web based gene centric tool called EREMORPH. It can be used to view 

and analyze the results of SNP analysis per gene, per exon as well as give conservation 

values and disease prediction likelihood for every base within the gene. As EREMORPH 

is a web based computational tool it is easy to access and use. It can be accessed using 

the following URL (http://discovery.swmed.edu/EREMORPH/html/). 

 

          Following are the important features of EREMORPH useful for SNP analysis and 

the study of disease resulting from causative genetic changes. 

1. Input can be in the form of gene-name, accession number or Refseq ID (16). 

2. All the SNPs within the gene, as found in Human Gene Mutation Database 

(H.G.M.D) and NCBI’s public resource Database of SNPs (dbSNP), will be 

displayed along with other annotations found in those databases. 

3. SNP properties, such as original amino acid, mutated amino acid, location within 

the gene, substitution score as well as disease likelihood prediction for each SNP, 

will be presented along with the SNP data. 

4. Each nucleotide base will be annotated with a conservation value depending upon 

its conservation found in other genomes. 
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5. Each nucleotide base within the gene will also be annotated for disease likelihood 

prediction value. 

6. Conservation scores and disease prediction likelihood values, averaged per exon 

and per gene, will be presented to enable researchers prioritize their selection of 

genes and exons within those genes for sequencing or genotyping experiments. 
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Chapter 3 

 

METHODS AND 

IMPLEMENTATION 

 
 

          The SNP analysis pipeline was implemented on a Linux based machine. The 

databases and other dependent programs used in the pipeline were downloaded and 

implemented locally on the workstation to speed up the development process. PERL 

(Practical Extraction and Report Language) (17) was used as the scripting language for 

all the programs written and the front-end was written using Catalyst web-framework 

modules(18). All codes were also loaded into the laboratory version control system. The 

details of all the computational resources used and their implementation is given below 

 

3.1 Computational Tools. 

3.1.1 PERL Scripting Language: 

          PERL (Version 5.8.3) was chosen as the scripting language because of its 

popularity in Bioinformatics, its flexibility to adapt to different data types and also its 

rich library of string functions, which make accessing and parsing large genomic files 

easier. All the scripts used in the SNP Analysis pipeline were written in PERL scripting 
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language. These scripts were used to retrieve data from the database, parse the relevant 

content from the data, annotate certain features in the data as well as perform some 

statistical calculations on the data. All the scripts were written without any dependencies 

on external sources or libraries such as BioPERL(19) so that they can be modified later to 

adapt to changes in data structure or database schema. 

 

3.1.2 BLAST  

          BLAST (Basic Local Alignment Search Tool) (20) is a free resource provided by 

NCBI. A BLAST search enables a researcher to compare a query sequence with a library 

or database of sequences and identify library sequences that resemble the query sequence 

above a certain threshold. For example, following the discovery of a previously unknown 

gene in mice, a scientist typically performs a BLAST search of the human genome to see 

if humans carry a similar gene. BLAST identifies sequences in a subject genome that 

resemble the unknown gene based on similarity of sequence. The BLAST engine (version 

2.2.15) was downloaded from NCBI and implemented locally so that batch operations 

could be performed. Among the library of BLAST programs used for searching 

nucleotide sequences, MegaBLAST (21) was chosen to search for homologous sequences 

for a given query sequence because it is fastest amongst all the BLAST programs and 

works best to find very close homologous sequences. MegaBLAST uses a greedy 

algorithm for nucleotide sequence alignment and search, and concatenates many queries 

to save the time spent scanning the database. This program is optimized for aligning 

sequences that differ slightly as a result of sequencing or other similar "errors". It is up to 
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10 times faster than more common sequence similarity programs and therefore can be 

used to swiftly compare two large sets of sequences against each other. All the BLAST 

utilities including FASTACMD (22), which is used to extract a given gene sequence from 

a database of sequences, and FORMATdb (23), which is used to format databases from 

standard FASTA format to make them BLASTable, were downloaded and installed 

locally to facilitate batch queries. All the programs were used with their default options. 

 

3.1.3. CLUSTALW 

          All the multiple sequence alignments were computed using a local copy of 

CLUSTALW (version 1.82). CLUSTALW is a popular choice amongst biologists and 

works well for the aligning of closely related sequences (24). Another advantage of using 

CLUSTALW was the ease of parsing its output using PERL parsers.  

 

3.1.4. MySQL 

          For storing the SNP data from different datasets, computed results for SNP 

annotation and to facilitate data mining it was essential to store all the results in a 

relational database rather than storing them as structured flat files. All database 

applications were performed using MySQL database. MySQL is one of the most 

advanced and popular database servers available (25). MySQL is freely available and 

hence was the automatic choice for storing the sequences and databases used for SNP 

Analysis pipeline. Some of the important features of MySQL are unique data types, 

referential integrity, database connectivity using multiple procedural languages including 

PERL and provision for user defined data types.  
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3.1.5 ‘R’ – Programming language 

          The R programming language (26), sometimes described as GNU S, is a 

programming language and software environment for statistical computing and graphics. 

R is widely used for statistical software development and data analysis, and has become a 

de-facto standard among statisticians for the development of statistical software. R's 

source code is freely available under the GNU General Public License, and pre-compiled 

binary versions are provided in Linux. R uses a command line interface, though several 

graphical user interfaces are available. The Classifier design was implemented in the ‘R’ 

environment using the library (e1098) for designing the Support Vector Machine (SVM) 

classifier (26) .  

 

3.2 Databases: 

 

3.2.1 Reference Sequence Database (RefSeq): 

          Sequence data for all the nine genomes used in the project was downloaded from 

NCBI’s Reference Sequence database (Release 21)(27) and was made available locally 

for easy retrieval and annotation. The Refseq collection aims to provide a comprehensive, 

integrated, non-redundant set of sequences, including genomic DNA, transcript (RNA), 

and protein products, for major research organisms. RefSeq standards serve as the basis 

for medical, functional and diversity studies. They provide a stable reference for gene 

identification and characterization, mutation analysis, expression studies, polymorphism 

discovery, and comparative analyses. The database of transcript sequences (RNA) from 
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humans and other species was used from the Refseq data. The FASTA format of 

sequence data was downloaded and made BLASTable using the tool FORMATdb 

included in the BLAST resource. This database has both experimentally validated as well 

as computationally annotated genes. Table 3.2.1 gives the statistics of total genes present 

per genome in the Reference Sequence Database. 

 

Organism Total number of 

Reference 

Sequences 

Human    (Homo Sapiens) 39,218 

Chimpanzee     (Pan Troglodytes) 57,924 

Rhesus Monkey   (Macaca Mulata) 43,198 

Dog    (Canis Familaris) 33,644 

Cow    (Bos Taurus) 26,501 

Mouse    (Mus Musculus) 50,569 

Rat    (Rattus Norvegicus) 40,672 

Chicken    (Gallus gallus) 19,131 

Zebrafish    (Dan rerio) 35,695 

Table 3.2.1. Total reference Sequences deposited in Reference Sequence Database (Release 21). 

 

3.2.2. Human Gene Mutation Database (H.G.M.D): 

          The Human Gene Mutation Database (H.G.M.D) (28) is a database which collates 

known (published) gene lesions responsible for human inherited disease. This database, 

whilst originally established for the study of mutational mechanisms in human 

geneshttp://www.hgmd.cf.ac.uk/docs/new_back.html - refer1, has now acquired a much 

broader utility in that it embodies an up-to-date and comprehensive reference source to 
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the spectrum of inherited human gene lesions. The Human Gene Mutation Database 

comprises various types of mutation within the coding regions, splicing and regulatory 

regions of human nuclear genes causing inherited disease. Somatic mutations and 

mutations in the mitochondrial genome are thus not included. Mutations inferred from 

amino acid sequencing have also been excluded since, in the absence of direct DNA 

analysis, some ambiguity may exist as to the DNA sequence changes involved. Silent 

mutations within the coding region that do not alter the encoded amino acid are recorded 

only if they have been reported in significant association with disease. So, H.G.M.D only 

includes disease-associated polymorphisms. In excess of 250 journals are scanned for 

articles describing germ line mutations causing human genetic disease. The required data 

is extracted from the original articles and augmented with the necessary supporting data. 

Data included are mainly from the original published reports, although some data have 

been taken from 'Mutation Updates' and review articles. Unpublished mutations and 

mutations reported only in abstract form are not included. 

 

          For the sake of this project, this database served the purpose of providing SNPs 

known to have caused a disease or clinical phenotype. This dataset was essential to 

validate the hypothesis as well as evaluate classifier performance to identify H.G.M.D 

like disease causing alleles. The last free version available of the database (June 2005) 

had been previously downloaded by the lab, and was used. This database has every SNP 

deposited along with 50 bases upstream and 50 bases downstream, the original and the 

resultant amino acid due to the polymorphism and the disease which the given SNP is 
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implicated. This information was useful in assigning these SNPs to their appropriate 

locus within the human genome. 

 

3.2.3 Database of SNPs (dbSNP): 

          In collaboration with the National Human Genome Research Institute (NHGRI), 

The National Center for Biotechnology Information (NCBI) established the dbSNP 

database (29)  to serve as a central repository for both single base nucleotide substitutions 

and short deletion and insertion polymorphisms. dbSNP accepts submissions for 

variations in any species and from any part of a genome. The total number of SNPs in 

dbSNP for the  entire human genome is 11,825,732 (dbSNP build 126).  A simple query 

performed on the validated SNPs in the coding region of the human genome returns 

96,000 SNPs. For the sake of this project all the validated SNPs from dbSNP (with 

available rsIDs) were downloaded and stored locally. For the purpose of this project 

dbSNP was used as the control dataset for the SNP analysis pipeline assuming most SNPs 

in dbSNP do not cause disease or an alterable phenotype. 

 

          There are two major components to this research, one is alignment of SNPs that are 

known to be associated with disease (from H.G.M.D) and those that predominantly do 

not cause disease (dbSNP with H.G.M.D SNPs removed) and the second is a computation 

of a variety of metrics for each base to identify which factors help us to distinguish the 

disease causing H.G.M.D like mutations from the probable non disease causing ones.  

 

3.3 SNP !Genome mapping: 
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          To test our hypothesis, that nucleotide conservation level is a very good indicator 

of bases being implicated in disease or a clinical phenotype, every SNP in both the 

databases H.G.M.D and dbSNP had to be annotated to its exact location within the gene. 

This would also help us evaluate other SNP parameters such as original amino acid, 

resultant amino acid, type of SNP, location of the SNP within the gene and position of the 

SNP  nucleotide base within the codon. The local version of the H.G.M.D database did 

not have the exact location of the SNP within the gene. Also some SNPs from dbSNP 

could be sequencing errors or duplicates. So, the first step, prior to assigning a 

conservation score to every SNP in the two datasets, H.G.M.D (last available public 

version, June 2005; 21,964 SNPs) and dbSNP (build 126; 97,102 SNPs), was to align 

each SNP to its corresponding nucleotide within each gene. To annotate the SNPs from 

these databases, each SNP along with 50 bases upstream and downstream were 

BLASTed against the entire human reference sequence genome. Only the highest 

similarity alignments with 100% identity without gaps to a reference sequence were kept.  

The BLAST coordinates were used to map the exact location of the given SNP nucleotide 

within the gene. For SNPs in dbSNP a cross validation was also performed using the 

Genbank (30) XML flat file which describes the location of the SNP within its Refseq to 

ensure an accurate mapping of SNP positions to the genes. Using this procedure, a total 

of 20,094 SNPs in H.G.M.D and 76,832 SNPs in and dbSNP were annotated to their 

corresponding location within the reference sequence as shown in Table 3.3. Those which 

were missed from the original dataset were because some of them were repeated entries, 

while others did not map properly to the exact location within the gene, as indicated by 
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conflicting additional information such as the original and the resultant amino acid 

produced by the SNP which did not match the reference sequence.  

 

 

 H.G.M.D dbSNP 

Total SNPs in the database 21,964 97,102 

Total SNPs annotated to their 

correct position within the 

nucleotide 

20,094 76,832 

Total genes represented in 1,260 14,449 

Table 3.3. Total SNPs found and annotated in both the datasets. 

 

3.4.1 Nucleotide Conservation Evaluator: 

          To develop a nucleotide conservation metric for every human base we computed 

alignments for every orthologous gene in eight comparable well sequenced vertebrate 

genomes, namely, Pan Troglodytes (chimpanzee), Macaca mulata (rhesus-monkey), 

Canis familaris (dog), Bos Taurus (cow), Mus musculus (mouse), Rattus norvegicus (rat), 

Gallus gallus (chicken) and Danio rerio (zebrafish). The procedure for evaluating 

conservation at every nucleotide position for every human gene is briefly described in the 

flow chart shown in figure 3.4.1. Each block is described in detail in the following 

sections. 
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Figure 3.4.1. Flowchart for the Nucleotide Conservation Evaluator algorithm. 

 

3.4.1.1. Finding putative orthologs for a given gene: 

          For every human reference sequence from the Refseq database, its corresponding 

orthologs (if present) were identified using MegaBLAST. To avoid false positives and 

only obtain highly similar orthologous sequences for the given human sequence, the 

procedure of Reciprocal BLAST (31) was implemented. To briefly describe the 

procedure of Reciprocal BLAST, each human RefSeq was blasted in a pairwise fashion 

against the eight comparable vertebrate genomes as mentioned in the table below. Only 

the highest scoring top hit with close to 100% identity in the comparable non human 

    Reference 
    Sequence  

Find Orthologs 

Align Orthologs 

STOP 

Scored each base based on 
alignment 

MegaBLAST 

CLUSTALW 

Scoring schema 
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genome was picked and BLASTed back against the human genome. If the same human 

gene is found as a top hit for the picked non human gene, then the pair of human gene 

and the reference non human gene in the comparable genome are marked as putative 

orthologs.  This pair wise BLASTing of human against all eight comparable genomes 

was implemented and the putative orthologs were found as below in table 3.4.1.1. 

 

Organism Total number of 

Reference 

Sequences 

Putative Orthologs 

found in Human 

Phylogentic distance 

from Humans 

Human 39,218 - 0 

Pan Troglodytes 57,924 22,743 1.4 

Macaca Mulata 43,198 19,907 6.4 

Canis Familaris 33,644 15,783 33.5 

Bos Taurus 26,501 15,519 34.2 

Mus Musculus 50,569 14,665 45.3 

Rattus Norvegicus 40,672 14,168 46.1 

Gallus gallus 19,131 5,191 108.7 

Dan rerio 35,695 1,789 182.9 

Table 3.4.1.1 : Human gene orthologs found in other species using Reciprocal BLAST: along with the 
phylogenetic distances imported from the UCSC browser(32). The number of orthologs found with respect to human 
are in agreement with  their phylogenetic distance.  

 

          Thus for each human reference sequence a table was generated such that given a 

human reference sequence, it would quickly give all the corresponding orthologous genes 

in other genomes if they exist. A total of 26,840 human reference sequences found at 

least one ortholog in the other comparable genomes using this procedure. 

3.4.1.2 Aligning the human reference sequence to its orthologs: 
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          Every human reference sequence and its orthologs, if they exist, were aligned using 

the multiple sequence alignment tool, CLUSTALW. These alignments were then 

extracted to obtain the exact conservation of each and every base within the human gene. 

Depending upon their level of conservation, each base was assigned a conservation score 

which is described in the next section. A sample alignment output given by CLUSTALW 

is given in Figure 3.4.1.2. 

 

 

Figure3.4.1.2: A sample alignment output produced by CLUSTALW :  Aligning a human gene sequence to its 
orthologs. Each sequence along with its species is shown horizontally and the conservation can be seen by picking any 
one base in the human sequence and transversing vertically through the other genomes. The same base implies 
conservation. For example, the first base if the human sequence ‘T’ is conserved in three genomes, namely chimp, 
mouse and rat, whereas the third base ‘C’ is conserved in all 6 genomes given in the figure. 

 

3.4.1.3 Evaluating Nucleotide Conservation: 

          A variety of different scoring schemas were tried and evaluated to check which one 

best represented nucleotide conservation as a function of base importance. These 

included a linear scoring scheme where the score of a base was the number of genomes in 

which the given base was conserved as seen in the alignment, for example, the first base, 

‘T’, in the human sequence shown in figure 3.4.1.3 would get a value 3 as it is conserved 

in three other genomes whereas the third base in the sequence, ‘C’, would get a value of 

6. Phylogenetic distance between the genomes was also considered for scoring the 
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alignment wherein the score would be the algebraic sum of the phylogenetic distances in 

which the given base was seen conserved in the alignment. These phylogenetic scores 

were obtained for the eight genomes from UCSC (University of California at Santa 

Cruz). The UCSC browser group calculates these distances as a measure of four-fold 

degenerate site alignments observed due to neutral evolution and uses it to evaluate its 

own alignments (24, 32). The genomes along with their phylogenetic distances imported 

from UCSC are given in Table 3.4.1.2. The phylogenetic distances were also randomized 

and assigned to a different genome and the conservation scores were recalculated. 

Amongst the scoring schemas used, the conservation score which is the algebraic sum of 

all the phylogenetic distances in genomes where the given base is conserved worked best 

in maximizing the scores at positions where a given SNP was known to occur and cause a 

disease or a clinical phenotype. Hence this was used to score each and every base in the 

human genome. The score thus computed was called the “conservation score”. 

Illustration of this scoring schema is given in figure 3.4.1.3. 
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Figure 3.4.1.3. Illustration of the conservation score evaluator :  The conservation score for a given nucleotide base 
within the gene is defined as the sum of the phylogenetic distances in genomes where the given base was in alignment 
agreement. The figure shows a sample alignment with the phylogenetic distances on the right. The first block ‘TTCA’ 
is conserved in chimp, mouse and rat hence it gets the score 92.8 (=1.4+45.3+46.1). As a given base is conserved over 
larger phylogenetic distances, higher will be its conservation score. 

 

3.4.2 Annotating every SNP with a conservation score value: 

          Once the conservation metric was calculated for every base in all the human 

reference sequences which found an ortholog, various metrics derived from the 

conservation score were estimated to identify if there were any disease causing signatures 

in SNPs from H.G.M.D as opposed to those that predominantly do not, from dbSNP. The 

various conservation metrics computed were as follows. 

 

3.4.2.1 Conservation score for each SNP: 

          To validate the hypothesis that disease causing SNPs will be correlated with high 

conservation scores, the nucleotide conservation score for every base deposited as a SNP 

in H.G.M.D and dbSNP were extracted. We would expect to see that those base positions 

(and their SNPs) that cause disease will have very high conservation scores due to the 

high negative selection pressure at the SNP site. Similarly, those bases (and their SNPs) 
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that are not critical for gene function and have lesser  selection pressure such that they 

can be altered without causing any notable phenotype or disease would have a 

corresponding lower conservation value. 

 

3.4.2.2 Conservation scores for nucleotide bases around SNP base: 

          Along with the conservation score for bases annotated for a SNP in the databases, 

conservation scores were also computed for bases adjacent to the SNP base from one up 

to five bases on either side of the SNP base to see if blocks were conserved along with 

the reference SNP. This was done to evaluate if disease causing SNPs are novel in a way 

that due to their importance to gene function, such they may have a higher conservation, 

more than the conservation of the bases around it.  

 

3.4.2.3 Conservation per exon: 

          For the sake of genotyping studies, where a researcher needs to select the optimum 

exon within a gene to sequence, average conservation scores per exon were computed for 

every gene. These scores along with other statistics will be provided in EREMORPH(33), 

our on-line database and tool for gene-centric genomic variation studies. 

 

3.4.2.4 Percentile conservation for every nucleotide annotated for SNP: 

          Percentile conservation values, i.e. percentile bases, scoring higher than the given 

SNP base and percentile bases scoring more than the given base within the gene where 

the SNP occurs were computed. We expect to see at nucleotides where a SNP occurs, and 

is implicated in disease, the percentile conservation scores will be much higher compared 
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to the entire gene.  For all other bases they will have average conservation and may not 

lie in the upper percentile range of conservation. e.g. dbSNP alleles. 

 

3.4.2.5. Average conservation per gene and its relative metric: 

          For every gene in the human genome its average conservation score was computed. 

Supposedly, genes with higher selection pressures due to implications in major pathways 

would be expected to have a higher average value of conservation. We would also expect 

to see disease causing SNP nucleotide bases scoring much higher than the average 

conservation measured over all the bases within the gene. 

 

3.4.2.5. Normalized conservation scores: 

          The conservation score of a base within a gene was directly proportional to the 

total number of genomes in which the given gene was conserved. As the genes were 

conserved ranging from none to all eight genomes, to obtain the relative conservation of 

each base within the gene and be able to compare it across genes having different number 

of orthologs, there was a need to normalize the conservation score. The normalized 

conservation score for every base was defined as the conservation score of that nucleotide 

base divided by the maximum conservation score within the gene. This normalized the 

scale for conservation scores from ‘0’ to ‘1’ with a ‘0’ suggesting that the given base was 

not conserved in any of its orthologs whereas a value of ‘1’ would imply that it was 

completely conserved in all its orthologs. This is illustrated in figure 3.4.2.5 
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Figure 3.4.2.5: Conservation score explanation: Conservation scores are given in red and the corresponding 
normalized conservation score is given in blue. For the given gene maximum conservation is 417.9 which when 
divided from the conservation score gives us the normalized conservation score. It can be seen as one goes further 
down the phylogeny, the conservation score and so the normalized conservation score also increases.  

 

3.5 Evaluation of other metrics for disease likelihood measure: 

          All the metrics mentioned above were used to calculate the disease likelihood for a 

given nucleotide base from its conservation score metric. In addition, there are other 

published studies where factors apart from nucleotide conservation such as location of the 

SNP within the gene, its position within the codon, type of substitution and the change in 

the size, shape, hydrophobicity, charge or volume of the original amino acid due to the 

SNP and the favorability of the substitution are studied for disease association (14). Each 

of these were computed as follows. 

 

3.5.1. Favorability of substitution: 

          BLOSUM (BLOcks of Amino Acid SUbstitution Matrix) (34) and PAM (Point 

Accepted Mutations) (35) matrices are computed from whole genome alignments of 
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related proteins. Every possible identity and substitution is assigned a score based on the 

observed frequencies of such occurrences in the alignments of related proteins. Identities 

are assigned the most positive scores. Frequently observed substitutions also receive 

positive scores and seldom observed substitutions are given negative scores. For 

BLOSUM matrices, as the name describes, the frequencies are computed from aligning 

similar protein blocks (local alignment) whereas PAM matrices are computed from 

global alignment of those closely related proteins. For the BLOSUM matrix the number 

which follows the name is the minimum percentage identity of the proteins which were 

used for alignment. Hence, a BLOSUM62 matrix, which is the most popular matrix and 

the default matrix used for scoring by BLAST, is computed from aligning proteins which 

have a percentage identity of 62% or more. On the other hand, the number following a 

PAM matrix is the minimum divergence of the proteins used in computing the 

alignments. So a PAM50 would mean that the proteins which were used to create these 

alignments were not more than 50% diverged. There is no direct relation between the two 

matrices. 

 

          Thus BLOSUM and PAM matrices provide the favorability or preference of a 

substitution in terms of its occurrence in the genome.  A variety of different BLOSUM 

and PAM matrices (BLOSUM30, BLOSUM60, BLOSUM62, BLOSUM80, BLOSUM90 

and BLOSUM100 PAM10,PAM50,PAM100,PAM250 and PAM500) were tested for the 

substitution scores, for every SNP in both datasets, to determine if matrices designed to 

find more distant relationships or closer relationships better partition disease causing 

SNPs from non-disease causing ones. Since we have a set of very close homologs, we 
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would expect BLOSUM matrices constructed with alignment of higher identity threshold 

of proteins to work better in segregating the two datasets. Also, we would expect that the 

disease causing SNPs would be overrepresented in the non favorable substitution regions 

whereas neutral and harmless substitutions would lie predominantly in the favorable 

substitution region. 

 

 

3.5.2 Aberrant change in amino acid residue: 

          Changes in amino acid residues due to SNPs were closely studied. It could be 

hypothesized that aberrant changes in critical amino acid residues within the protein, 

resulting in significant change of the resultant protein charge, volume, mass or  

hydrophobicity would cause a change in folding in three dimensional space, impairing 

the function of the protein and thus result in an observable phenotype or disease. Hence, 

for every SNP, the change in hydrophobicity, volume, mass, charges were computed 

(36). If this is a determining factor in causing diseased alleles we would expect that 

extreme changes such as a negatively charged residue changing into a positively charged 

residue or a hydrophobic amino acid being replaced by a hydrophilic amino acid due to a 

SNP will be more frequent in disease causing alleles than in non disease causing ones.  

 

3.5.3 SNP!Codon bias 

          Other published studies have shown that there exists a codon bias in disease 

causing SNPs to favor only selected codons (37). In disease causing SNPs especially, 

certain classes of codons are over-represented, providing likely signatures that such 
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alleles could be involved in disease. We studied the applicability of this metric and to 

verify if indeed such codon classes were over-represented in diseased alleles in H.G.M.D 

with respect to dbSNP which could be used as markers to annotate diseased alleles. The 

probability of having a non-synonymous substitution causing a disease or an observable 

phenotype, due to a change in the resultant amino acid residue within the protein, is much 

more than synonymous substitutions which are very rarely implicated in causing diseases 

(7, 38).  Therefore, we expect to see a statistical difference in the frequency and impact of 

SNPs at different base positions within the codon, with H.G.M.D SNPs found mostly in 

the first and second base. 

 

3.5.4 Substitution type: 

          As mentioned above, non-synonymous substitutions have a much higher likelihood 

to cause disease causing SNPs than synonymous ones, which are very rarely implicated 

in diseases. Thus we also evaluated this parameter for all the SNPs to evaluate if one or 

the other was statistically over-represented in each of the datasets. 

           

          All the factors mentioned above were individually evaluated to see if they were 

able to identify the disease causing alleles and segregate the disease causing alleles in 

H.G.M.D from those which predominantly do not cause a disease in dbSNP.  

Two more random datasets were generated for H.G.M.D and dbSNP respectively, which 

contained the same number of SNPs per gene as identified in those datasets except that 

they were chosen at random nucleotide base positions within the gene. This was done to 

avoid gene selection bias as H.G.M.D SNPs occur in 1,260 genes whereas dbSNP SNPs 
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are found in 14,449 genes. Also, this would help us to statistically verify if the SNPs in 

dbSNP are similar to a random distribution. 

 

          As most of the H.G.M.D SNPs are found to be non-synonymous (99.7 %), we 

divided the dbSNP dataset into synonymous and non-synonymous alleles. Some SNPs, 

which were found at the same nucleotide positions within the gene in H.G.M.D as in 

dbSNP (998 SNPs), were removed from both the datasets and deposited as a separate 

dataset called ‘Common SNPs’. All the factors were also evaluated separately on these 

common SNPs to see if they are representative of diseased alleles like in H.G.M.D.  

 

 

3.6 Incorporation of all factors in classifier design: 

          After all the factors were individually evaluated,  those which showed potential for 

identifying diseased alleles were selected and used in conjunction to design a classifier. 

Those factors that work well to improve the segregation between the two datasets on 

removal from classifier design worsen classifier performance whereas those factors 

which are not reliable indicators of disease alleles, either improve or have no significant 

change in classifier prediction. Each and every factor was evaluated in this way to 

evaluate its usefulness.  

 

          Using a classifier helps to mathematically weigh the factors on the basis of their 

prediction value to segregate the diseased alleles in H.G.M.D from those present in 

dbSNP. After the classifier is trained by a subset of alleles from both the datasets, it can 
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be used to predict the remaining SNPs from each database and evaluate the prediction 

value of the classifier.  

 

          As the distribution of data was skewed because the metrics which rely on 

conservation score for HGMD are disproportionately distributed in the most conserved 

regions, the Support Vector Machines (S.V.M) classifier was selected for classifier 

design. S.V.M classifiers are known to perform well on such data without sacrificing 

classifier performance (39). The classifier was designed and implemented in the 

statistical programming language ‘R’ using the SVM module (e1070) (40). 

 

3.6.1 Training and Testing SVM classifier: 

          Since the non-synonymous alleles were over-represented in H.G.M.D, for the 

purpose of training and testing the classifier, only non-synonymous alleles from 

H.G.M.D and dbSNP were chosen. 80% of H.G.M.D (15,277 SNPs) and an equal 

number of dbSNP SNPs were randomly chosen for training the classifier with all the 

factors computed above. The remaining 20% SNPs from H.G.M.D i.e. 3,819 SNPs from 

H.G.M.D and dbSNP were used for testing the classifier. Using more data for training 

provides more learning for the classifier and helps to improve classifier prediction. 

 

          To test which factors worked well for predicting proper assignment to disease-like 

or non-disease-like categories, the ‘leave one factor out method’ was implemented. In 

this method the same sequence of training and testing is repeatedly recomputed using all 

the factors except one which is randomly left out. If the factor is important for predicting 
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diseased alleles and separating the H.G.M.D-like disease alleles from dbSNP it will 

worsen classifier performance. On the other hand, if there is a factor which is redundant 

or unimportant for prediction it will have no change on classifier prediction. This helps to 

evaluate which factors are essential for classifier design and should be kept in the final 

classifier design. Those factors unimportant for classification were left out from the final 

classifier design. 

 

 

3.7 Prediction using the SVM classifier 

          Once the final classifier was decided, the metrics according to their weights were 

used to predict the SNPs from H.G.M.D and dbSNP which are disease causing H.G.M.D-

like. Each SNP was assigned a value based on the prediction as ‘Probable disease likely’ 

or Probable non-disease likely’. It will be of special value to annotate those SNPs from 

dbSNP which having H.G.M.D-like disease causing signatures as they can be further 

investigated for association studies. 

 

3.7.1 Extension of the disease likelihood prediction 

          To obtain a disease likelihood prediction value for the entire coding region of the 

human genome irrespective of any SNP occurrence, this method was extended using the 

previously discussed metrics and their relative weights in identifying H.G.M.D-like 

disease alleles. One limitation however when these metrics are applied to the entire 

coding region of the human genome is that some information used by the classifier, such 

as the exact substitutions used to calculate the BLOSUM substitution value, to determine 
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whether the given polymorphism would lead to a conserved substitution and, finally, 

knowledge of reading frame to infer the position of the base within the codon were not 

known a priori. Although the coding frame information can be obtained from NCBI, 

5,073 of the 39,218 total Refseqs, did not have an accurate or had conflicting start and 

end sites which made frame translations unreliable. However, those metrics which are 

independent of such codon transitions, including the strongest metric nucleotide 

conservation score and other metrics which rely on conservation score were used along 

with their relative weights to assign a  probabilistic score ranging from zero to one 

hundred, depending upon the likelihood of a given base being a HGMD-like disease 

causing. This was provided for each base in the 39,218 genes in the human genome. 

Further, for those 34,145 genes where the exact coding frame information was available, 

the SVM prediction was calculated for every possible mutation at every base.  

 

          Results from the SNP analysis and their interpretation are discussed in the next 

chapter. 
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CHAPTER 4 

 

RESULTS AND DISCUSSION 

 

          The analysis of the two SNP databases using the SVM as described in the methods 

and implementation chapter has enabled us to construct a classifier for all SNPs, and to 

extend that analysis beyond the measured SNPs in the human genome. All the various 

metrics used in establishing the SVM classifier will be discussed below along with their 

power to capture diseased alleles form H.G.M.D and to differentiate between disease-like 

alleles from H.G.M.D versus predominantly non disease-like alleles from dbSNP. It also 

explains how the classifier prediction was extended to all the coding bases of the human 

genome and how these results can be viewed and analyzed using our online tool 

EREMORPH. 

 

4.1 SNP conservation score: 

          According to our hypothesis, nucleotide conservation is reflective of the 

importance of the base in gene function and therefore highly conserved bases will be 

likelihood signatures of diseased alleles. That is, over time, selection pressure has 

prevented variation in these positions because of their importance, while at the same time 

evolution’s selection pressure has also acted to allow variations in bases that are not as 



 

 

42 

critical.  Variation in these highly conserved bases is avoided across species, and 

presumably among the population of a given species.  Hence we would expect to see 

most disease causing SNPs to be highly conserved, exceeding those which arise from 

neutral or non-disease causing. 

 

          If we consider the normalized conservation scores for every SNP, and if our 

hypothesis is true, most SNPs in H.G.M.D would have the highest conservation score 

among all the bases within the gene, i.e. a value closer to 1, which is the maximum 

conservation score. We would also expect that those SNPs which occur at nucleotide 

bases not crucial for gene function would have a lesser score. 

 

 

 H.G.M.D dbSNP Random 

H.G.M.D 

Random 

dbSNP 

Common dbSNP non-

synonymous 

Total entries 20,094 75,892 20,094 75,892 998 42,061 

Total genes 1,260 14,449 1,260 14,449 441 14,195 

Average 

normalized 

conservation 

0.88 + 

0.24 

0.57 + 

0.40 

0.61 + 0.38 0.61 + 0.39 0.80 + 

00.32 

0.63 + 0.40 

Table 4.1.1. Conservation score along with gene information : Normalized conservation score for SNPs in different 
datasets with their total entries and count of genes in which they are found. For every SNP in HGMD and dbSNP a 
random nucleotide base within the same gene was selected. These two datasets were called Random HGMD and 
Random dbSNP respectively. This was done to see how statistically different are the distributions of HGMD and 
dbSNP from random distributions. 

 

According to Table 4.1.1., the majority of the SNPs found within H.G.M.D lie in the 

most conserved regions.  The normalized nucleotide conservation score mean value was 
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0.88 + 0.24, significantly larger than the normalized nucleotide conservation score found 

at SNP positions in dbSNP (0.57 + 0.40), at random base positions found within genes in 

H.G.M.D (0.61 + 0.38) or dbSNP (0.61 + 0.39).  If we consider only the non-

synonymous SNPs from dbSNP the number are higher than all of dbSNP at (0.63 + 

0.40).This confirms our hypothesis that disease causing SNPs are disproportionately 

distributed in the most conserved nucleotide positions within a gene. For SNPs in dbSNP 

occurring at same nucleotide positions as some of those in H.G.M.D, i.e., the common 

SNPs, the normalized nucleotide conservation score (0.80 + 00.32) was elevated, 

indicating their potential as disease causing SNPs.  It should be noted that since the 

dbSNP and H.G.M.D databases are not cross referenced, it is unknown if the SNPs in 

dbSNP are entirely unique or were co-deposited in both databases. 

 

          Figure 4.1.2 shows the SNP normalized value conservation spectrum for all the 

datasets. The SNP normalized conservation score values were distributed in four 

categories namely, low conservation (normalized conservation value between 0-0.3), 

moderate conservation (conservation value between 0.3-0.6), high conservation(0.6-0.9) 

and highest conservation(>0.9).  
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Figure4.1. 2 . Disease-causing nucleotides are disproportionately distributed in the most conserved bases within 
a gene : The blue bar indicates conservation scores that lie between 0-0.3 (low conservation), magenta between 0.3-0.6 
(moderate conservation), yellow between 0.6 to 0.9 (high conservation) and red between 0.9 to 1 (highest 
conservation). Note the difference in the distribution of SNPs in these categories within the diseased dataset (H.G.M.D 
and SNPs common to both H.G.M.D and dbSNP) having the highest percentage of SNPs in the most highly conserved 
bases whereas for dbSNP the distribution is most similar to that of randomly selected base positions. dbSNP SNPs at 
non-synonymous base positions most resembles the disease-causing H.G.M.D SNPs. 

 

          It is observed that for the disease causing SNPs in H.G.M.D and SNPs in dbSNP 

found at the same nucleotide base position as H.G.M.D SNP (Commons SNPs), the SNPs 

are disproportionately distributed in the most conserved base positions. The score 

distribution for dbSNP SNPs is similar to those of randomly computed base positions 

from H.G.M.D and dbSNP genes suggesting that most SNPs from dbSNP may be neutral 

and not causative of a disease or an impact. It also confirms that this distribution is not 

reflective of the gene selection bias that may exist because dbSNP SNPs are present in 

more genes that H.G.M.D SNPs (Table 4.1.1). When the dbSNP SNPs are separated into 

synonymous and non-synonymous SNPs it is observed that the non-synonymous SNPs 

have much higher normalized conservation scores than the synonymous SNPs which 
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reinstates the theory that non-synonymous SNPs have a higher likelihood to cause a 

disease than synonymous ones. 

 

4.2. Analysis of other factors dependent on conservation score: 

          Since we are unsure of the best way to express the contribution of the conservation 

score which would reflect the importance of a particular nucleotide base especially with 

respect to the sequence space around the SNP base, we use a variety of approaches in our 

computations. These are discussed in detail below. 

 

4.2.1. Nucleotide conservation around SNP: 

          We observed that for disease causing SNP nucleotide bases in H.G.M.D and 

dbSNP, as we move away from the SNP nucleotide base on either side of the SNP, the 

average conservation scores decrease and are less than the conservation score at the SNP 

nucleotide (Figure 4.2.1). The count of total bases, where the SNP nucleotide is higher 

than the average for those bases in the window surrounding it, increases with the window 

size. For H.G.M.D these numbers are much higher than dbSNP suggesting that disease-

causing alleles have stronger selection pressure relative to the surrounding sequence 

space.   
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Figure 4.2.1. Conservation scores when SNP nucleotide is compared to surrounding sequence space. 

 

4.2.2 SNP nucleotide conservation v/s Average conservation of bases 

within the same gene: 

          When the conservation score at the SNP nucleotide was compared with the average 

conservation summed over all bases of the gene, 87% of H.G.M.D SNP nucleotides had a 

higher level of conservation than the average conservation of the nucleotides within the 

gene (Figure 4.2.2). However, only 50% of the SNPs within dbSNP had a higher level of 

conservation than the average conservation of the nucleotides within the gene (Figure 

4.2.2).  Interestingly, this percentage was lower for dbSNP SNPs than for randomly 

selected nucleotides (56%). This suggests a strong correlation between nucleotide 

conservation within the gene and its propensity to cause a disease, and could also indicate 

a bias in the measurement of SNPs (that are deposited in dbSNP). This, in particular, 

would indicate that those base positions in which SNPs have been recorded in dbSNP are 

those with the least selection pressure against a variation, thus confirming that dbSNP is 
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composed of the most likely variable positions, the positions of least consequence if 

altered.  Since the majority of SNPs in H.G.M.D (99.7 %) are non-synonymous 

substitutions, we separately inspected non-synonymous SNPs in dbSNP. For these non-

synonymous SNPs in dbSNP, again only slightly more than half (57%), were in 

nucleotide positions where the average conservation score exceeded the average over all 

bases in the corresponding gene. This shows that nucleotide conservation at a SNP base 

when compared to the average nucleotide conservation for the entire gene is a good 

metric to distinguish disease caused by a high impact SNPs, those predominantly neutral 

or those having a low impact. 

 

Figure 4.2.2. Genome-wide averages of SNP distributions partitioned by whether the nucleotide conservation 
score at the SNP position is greater or less than the average conservation score for all bases in its corresponding 
gene : The blue bars indicates that the conservation at the nucleotide where SNP occurs is higher than the average 
conservation for the bases within the gene whereas the red bars indicate that the average conservation is more than the 
conservation score found at the SNP site. 87% of the SNPs in H.G.M.D have higher conservation scores than the 
average gene conservation followed by the SNPs in dbSNP found to be present at the same nucleotide position within 
the gene as some entries in H.G.M.D . The dbSNP non-synonymous SNP and gene distribution is most similar to that 
of randomly selected positions within the gene. 
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4.2.3. Percentile conservation of SNPs: 

          It was observed that for H.G.M.D SNP nucleotides, the total percentage of bases 

that scored lower than the conservation score at the SNP site were much higher than that 

for dbSNP. This is the opposite for dbSNP wherein their scores are mostly within the 

lower percentile conservation within the gene. 

          Another advantage of this metric would be that if a given base has a very high 

conservation score and a higher percentile bases below it, more confidence is achieved in 

it being important than if you have a highly conserved SNP but lower percentile bases 

scoring lower than the SNP showing that there exist many other such highly scored bases 

within the gene with similar signatures. 
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Figure 4.2.3. SNP conservation scores for H.G.M.D and dbSNP as a function of percentage bases scoring lesser 
than the SNP score. 
 

4.3 Evaluation of other metrics for disease likelihood 

prediction: 
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          Apart from conservation score, other metrics used to calculate disease likelihood, 

in other published studies (41-43), were also computed and evaluated.  These include the 

location of the SNP within the gene, its position within the codon, type of substitution 

and the change in the size, shape, hydrophobicity, charge or volume of the original amino 

acid due to the SNP and the favorability of the substitution as seen in the human genome. 

The results were as follows. 

 

4.3.1 BLOSUM and PAM substitution scores: 

          Since this analysis of SNPs is intended to be applied to all genes in the human 

genome, the BLOSUM matrix which is computed from genome wide alignments of 

different families of proteins is more applicable to this approach than using matrices 

constructed by aligning specific families of proteins such as the PHAT matrix (18) which 

is constructed from membrane proteins alone. Amongst the different BLOSUM and PAM 

matrices, the BLOSUM80 matrix worked best to segregate disease causing SNPs in 

H.G.M.D from SNPs in dbSNP (94 % of H.G.M.D SNPs were in a non-favorable region 

compared to 45% for dbSNP). That is, substitutions resulting from H.G.M.D SNPs were 

found to have more unfavorable values, consistent with the fact that they were more 

likely to cause a significant change in protein, leading to disease (Figure 4.3.1). Also, 

since a stringent criterion of Reciprocal BLAST, with alignments of proteins blocks 

having similarity of 80% and higher, was enforced which leads to identification of close 

orthologs, the BLOSUM 80 substitution matrix performed well with this approach.   
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Figure 4. Disease alleles correlate favorably for substitution as noted in BLOSUM 80 matrix values. Most alleles 
(94%) resulting from SNPs in H.G.M.D occur in the non favorable region having negative BLOSUM scores suggesting 
they are observed less frequently in nature. The SNPs which are common to both H.G.M.D and dbSNP is intermediate 
between the H.G.M.D-only and the dbSNP-only distributions.  The fraction of these SNPs with unfavorable BLOSUM 
values is 90 %.  If we consider SNPs having a score less  than 1, 94 % of the SNPs in H.G.M.D and 84% of the 
common SNPs lie in this unfavourable substitution range whereas it is 45 % for dbSNP SNPs. 

 

4.3.2 Disease likelihood due to changes in precipitated amino acid:  

          A residue change from the original amino acid due to a SNP was evaluated to 

determine if it was a distinguishing factor for H.G.M.D like disease causing SNPs and if 

it was over-represented in H.G.M.D compared to dbSNP. Four factors, namely, change in 

hydrophobicity, change in charge, change in mass and change in volume of the original 

amino acid when a SNP causes it to change to a new amino acid, were evaluated. The 

observations were as follows. 
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4.3.2.1 Change in Hydrophobicity: 

          There was not a significant difference between the distributions for SNP impact if 

the SNP caused a change in residue type i.e. Hydrophobic!Hydrophilic or vice versa as 

opposed to no change in residue i.e. Hydrophilic!Hydrophilic or Hydrophobic 

!Hydrophobic (Figure 4.3.2.1). It was expected that, since hydrophobic residues like to 

be in the inside layer of the membrane proteins as opposed to hydrophilic ones, which 

prefer to stay on the outside in the membrane, changing their relative positions would 

cause an impact. 

 

 

Figure 4.3.2.1. SNP impact in terms of change in hydrophobicity: Although significant number of SNPs caused a 
change in hydrophobicity of the residue, it was not significantly different between the two datasets and hence this was 
not a good metric for separating disease causing HGMD alleles from dbSNP alleles.  

 

          A possible reason why this analysis did not work well with identifying the majority 

of alleles from H.G.M.D and separating the two datasets could be because this study was 

aimed at the entire human genome and not limited to a subset of proteins such as 



 

 

52 

membrane proteins where the effect of such substitutions might be more pronounced. 

Hence it would not capture such attributes specific to a particular family of proteins. To 

study a specific family of proteins such as membrane proteins, matrices constructed 

specifically for that family of proteins, e.g. PHAT matrix (44) computed from alignment 

of membrane proteins alone, should be more effective (43). As this is a general study, 

matrices constructed from a collection of protein families such as the BLOSUM matrix 

would work better, as shown previously, to identify disease causing alleles and separate 

the disease causing alleles from the probable non-disease causing ones. 

 

4.3.2.2 Change in Charge: 

          It was anticipated that extreme changes in charge such as a positively charged 

residue changing into a negatively charged residue or vice versa would have a more 

pronounced effect on the protein structure and hence be over-represented in H.G.M.D 

which, again, is composed of disease causing alleles. However, according to figure 

4.3.2.2, this was a very weak factor in identifying disease like alleles from H.G.M.D and 

could not statistically differentiate the two datasets. 
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Figure 4.3.2.2. Change in original residue charge due to SNP: Extreme changes in charge were not statistically 

different when compared in the two datasets HGMD v/s dbSNP, hence this metric was not incorporated in final 

classifier design. 

 

          This was because most of the charge changes were partial charge changes, e.g. 

neutral to positive, neutral to negative and vice versa. A minor fraction of SNPs actually 

caused a radical change in the charge and hence this factor was not considered as a metric 

in designing the final classifier. 

 

4.3.2.3. Change in Mass and Volume: 

          Changes in mass and volume of the original amino acid due to the SNP again did 

not seem to be a strong discriminating factor between the two datasets as seen in Figure 

4.3.2.3 and 4.3.2.4. Hence these factors were not considered in the design of the final 

classifier. 
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Figure 4.3.2.3. Change in mass of the amino acid due to SNP: Most SNPs either caused a partial change or no 

change in precipitated residue due to the SNP. Hence this metric was not considered in the design of the final classifier. 

 

 

Figure 4.3.2.4 Change in volume of the amino acid due to SNP: Over 98% of the SNPs did not cause an extreme 
change in the residue precipitated due to the SNP. Hence this factor was omitted from the final classifier design. 

 

          Again this was because most mass and volume changes were partial changes. Very 

few changes were drastic, but they were not statistically different between the two 



 

 

55 

datasets nor were they able to characterize the majority of SNPs from the disease causing 

dataset and hence this metric was not considered for classifier design. 

 

4.3.3 Codon bias for disease alleles: 

          A polymorphism in the first base has the maximum likelihood of producing a non-

synonymous SNP, followed by the second and the third base which has the least 

likelihood of producing a diseased allele. As shown in table 5.3.3, H.G.M.D has most 

SNPs in the first base within the codon closely followed by the second base, followed by 

the third. For dbSNP, however, most SNPs occur in the third base within the codon. This 

is because a large fraction of SNPs in dbSNP (33,871 SNPs) are synonymous mutations. 

The distribution of dbSNP’s non-synonymous SNPs is similar to that of H.G.M.D, and 

hence has a direct impact on the resultant protein possibly producing a disease or a 

phenotype. 

 

Base within codon H.G.M.D dbSNP dbSNP non-synonymous 

1 47 27 45 

2 43 26 46 

3 10 47 9 

Table 4.3.3:  Distribution of SNPs within the codon. 

 

4.3.4 Synonymous v/s Non-synonymous SNPs: 

          It has been shown from previous studies (41, 45) that non-synonymous SNPs, due 

to their ability to change the resultant amino acid residue, have a high likelihood of 

causing a significant impact, that is causing a disease or an observable phenotype than 
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synonymous SNPs (7). In H.G.M.D, 99.77 % were found to be non-synonymous as 

opposed to dbSNP where only 56% of the SNPs are non-synonymous. This shows that 

there is a strong correlation between disease causing alleles and non-synonymous 

substitutions. Hence, whether the substitution due to a SNP was synonymous or non-

synonymous, was a good metric in estimating its likelihood of causing an impact. 

 

4.4 SVM Classifier analysis: 

 

4.4.1 Contribution of each factor to SNP! disease likelihood prediction 

using SVM classifier: 

          The individual factors which performed well in differentiating diseased alleles as 

represented by SNPs in H.G.M.D were used together to determine their prediction power 

to recognize disease causing alleles and separate the H.G.M.D-like disease causing alleles 

from likely non disease causing ones from dbSNP. Those factors which contribute in 

identifying disease causing alleles and have higher prediction power will deteriorate 

classifier performance. On the other hand, those factors which do not have good 

prediction power or have a negative effect on prediction (leading to false positives) will 

either have no effect or will improve classifier prediction. 
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Figure 4.4.1 Importance of factors as determined when each is left out of the analysis of H.G.M.D SNPs. The 
fraction of SNPs in H.G.M.D that are categorized as high impact or disease-causing are represented by the 
blue bars.  The likelihood that the given SNP allele will be involved in a disease is most sensitive to the conservation 
score. Due to interdependence of some factors on conservation scores, removal of one is partially compensated by the 
presence of others but when all are removed, a significant decrease in assignment of disease alleles from H.G.M.D. 
Length of the gene which, which one would anticipate as having little effect, was included, and  on removal, shows no 
change in performance of the SVM classifier. 

 

          The performance of the classifier was statistically tested using the ‘leave on factor 

out method’ as shown in Figure 4.4.1. When all factors mentioned above are included in 

the classifier design, excluding length of the gene, which was included as a control as it 

had no effect upon identifying disease alleles and separating the SNPs from both datasets, 

the SVM classifier worked best. Since there is a redundancy in factors depending on the 

conservation score, namely, conservation value of the SNP, maximum conservation 

within the gene where the SNP is found, normalized conservation value, average 

conservation value summed over all bases of the gene, percentage bases scoring less or 

equal to the SNP base and comparison of the nucleotide conservation score with the  

average conservation score within the gene, we evaluated the performance of the 

classifier by the sequential removal of these factors. While removal of any one of them 
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did not greatly affect the classifier performance significantly, confirming the existence of 

some redundancy in them, however,  if a number of them were removed simultaneously, 

e.g., three of them together, it deteriorated the classifier’s ability to identify disease 

causing alleles from H.G.M.D. Removal of all of them together significantly impacted 

classifier prediction. This demonstrates that nucleotide conservation and all factors 

dependent on it work in concert to provide the strongest classifier and these factors 

together were crucial to identify SNPs correlated with phenotype alteration. 

 

          Other factors which were added as controls to verify classifier prediction ability, 

such as length of the gene and also position of the SNP base within the gene, did not 

change classifier predictability when removed. This was because these factors which did 

not contribute in diseased allele prediction, were not weighted significantly by the SVM 

classifier and hence on removal did not affect its performance. This establishes a new 

paradigm where a new hypothetical factor may be may be quickly and accurately 

evaluated for its discriminatory value. 

 

          Using the ‘leave one factor out method’ we were also able to evaluate the relative 

weights assigned to each factor for its ability to identify diseased alleles and separate the 

SNPs from the two datasets. The nucleotide conservation score metric proved to be the 

strongest factor in classification; this was followed in order by, 

 

1. Nucleotide conservation value at SNP base. 

2. Normalized conservation value at SNP base. 
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3. Maximum conservation value for the gene. 

4. Comparison of conservation score at SNP nucleotide base with respect to the 

average conservation score for the entire gene. 

5. BLOSUM 80 substitution score. 

6. Position of the base within the codon. 

7. Percentile bases within the gene scoring lower than the given SNP nucleotide base 

8. Type of substitution, synonymous v/s non-synonymous substitution. 

9. Average conservation of the gene where the SNP was found. 

 

4.4.2 Sensitivity and Specificity of the final SVM classifier. 

          As mentioned above, the factors which worked well were incorporated in the final 

classifier design. The classifier was first trained using a subset of SNPs from both the 

datasets and then tested on the entire H.G.M.D and dbSNP datasets as discussed in the 

methods section. The final classifier achieved 83% sensitivity in identifying disease 

causing alleles from H.G.M.D and 84% sensitivity in identifying probable non disease 

causing alleles from dbSNP.  

 

          For H.G.M.D, as shown in Figure 4.4.2, 83% of the SNPs were correctly identified 

as probable disease causing while it missed 17 % from this dataset by incorrectly 

classifying them as probable non disease causing SNPs. Amongst these 17%, 13% of 

them were misclassified because the genes in which they were found had fewer orthologs 

which lead to a lower conservation score and a lower maximum conservation score for 

the gene. The remaining ones which were misclassified were because they were 
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synonymous SNPs and had high positive BLOSUM scores which suggested they were 

low impact substitutions. 

 

Figure 4.4.2. SVM classifier for predicting disease alleles. Over 83 % of the SNPs in H.G.M.D are correctly 
assigned to the H.G.M.D-like category, that being high impact or disease causing, as indicated by the red bar.  Out of 
the 17% missed (blue bar), ~13% can be attributed to the fact that they had fewer orthologs, affecting the raw 
conservation score, although they had a higher normalized conservation score. The classifier ranked 16% of the SNPs 
in dbSNP (12,393 out of 76,832) as having a H.G.M.D-like signature, and therefore may potentially cause disease.   

 

          For dbSNP, however, 16 % of the SNPs were classified as probable disease 

causing SNPs because they had a high resemblance to disease causing SNPs deposited in 

H.G.M.D. These are the SNPs that we suggest need to be examined more closely for 

possible association with disease. Also, for the SNPs found to be common between the 

two datasets, over 70% of them were correctly identified to be probable disease causing 

ones. The classifier sensitivity suffered in identifying these alleles because although these 

SNPs were found to be in the highest scoring regions within the gene (high normalized 

conservation score), most of them which were misclassified for the same reasons as the 

H.G.M.D misclassified ones, they had fewer orthologs which lead to a lower 

conservation score. 
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4.4.3. Extending the disease likelihood prediction to every base within 

the human genome. 

          From figure 4.4.3 , when the nucleotides from HGMD, dbSNP and the entire 

coding region of the human genome are evaluated for HGMD-like disease causing 

likelihood probability scores , as expected most HGMD SNP bases have a very high 

likelihood to be disease causing as opposed to dbSNP or bases in all coding genes of the 

human genome. An interesting observation is the distribution of dbSNP SNPs is most 

similar to that of bases in the coding region of the human genome, and much different 

from HGMD SNPs, which indicates most bases if altered will not cause disease or an 

observable phenotype. 

 
 
Figure 7. Disease Probabilities distribution: Accumulated distributions of HGMD and dbSNP SNPs using the 
SVM metric without codon transition probabilities facilitates the analysis of all coding bases, independent 
of  coding frame reliability or exact base change.   The vertical line marks the position of the maximum 
inflection of the HGMD accumulated distribution curve.  At this point, this SVM  would predict 13% of all 
the bases within the coding region of human genome including the untranslated regions (UTRs) to be 
HGMD-like (disease causing).  
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T          he HGMD distribution curve was used to identify a threshold corresponding to 

the inflection point with maximum slope (maxima of the derivative). This threshold was 

found to be 94%. This range of conservation which spans 6% (from 94% to 100%) is 

enriched with over half (52%) of the SNPs in HGMD while it includes only 13% of bases  

in the entire coding genome or 12,038,565 bases which could be candidates for playing a 

causative role in disease/phenotype alteration. In this case the specificity of the prediction 

was sacrificed since the exact polymorphisms were not known a priori and hence factors 

that rely on this knowledge such as BLOSUM substitutions scores, including whether it 

would be a conservative substitution cannot be evaluated. 

          For those genes where this information is available i.e. 34,145 genes, additional 

SVM classifier prediction will be made available for the protein coding regions within 

the genes, which will increase the sensitivity and the specificity of prediction and help 

avoid false positives. 

 

4.5 Interpretation of results using EREMORPH 

          All the results of SNP analysis will be displayed in a web-based gene centric tool, 

EREMORPH (discovery.swmed.edu/EREMORPH) which will provide annotations for 

every SNP within dbSNP and H.G.M.D with their location within the gene, the original 

amino acid and the resultant amino acid produced due to the SNP, the BLOSUM 

substitution score to measure the favorability of the substitution within the genome, all 

the conservation metrics and other metrics used in classifier design and for SNPs in 
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H.G.M.D and the exact disease or phenotype which the SNP is implicated in. Other 

statistics are included and discussed below. 

  

4.5.1 Per region values: 

          For every transcript, a tabular result of averaged conservation score and averaged 

disease likelihood scores per region will be provided along with the count of predicted 

high impact disease likely bases within the region. These regions include the 5’ and 3’ 

UTRs along with each individual exon which makes the transcript. 

 

 

 

4.5.2 Per base values: 

          Each base will be annotated in the transcript for the conservation score and a 

disease likelihood score. If the nucleotide base is within the protein coding region in the 

gene i.e. between the ‘START’ and the ‘STOP’ codon (if accurately known), SVM 

prediction (Disease likely / Normal likely) will also be provided for all the three 

possibilities of mutations for that base. This will help researchers narrow the selection of 

bases within the gene to those which are most likely to cause a disease or a phenotype if 

altered.  
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4.6 Conclusions: 

          A comparative genomic analysis method was developed to assist genome-wide 

identification of coding region SNPs that have a greater likelihood of being critical for 

gene function and hence having a higher probability of representing diseased alleles. This 

method was based on inter-species conservation of coding region SNPs, along with other 

factors indicative of diseased allele status.  

 

          There is an underlying signature for SNPs that result in disease, shown by the 

clustering of disease causing SNPs in the most conserved regions of the genome, 

favorability of residue substitutions as observed from BLOSUM scores, codon bias and 

other factors. This signature was exploited to identify and flag putative disease causing 

alleles from datasets like dbSNP, which are used extensively by researchers and are 

devoid of this annotation. Also, other coding bases within the human genome where the 

SNP has not yet occurred but are highly sensitive to variation, such that if a SNP was to 

be discovered in the future, which has a much higher probability for causing a disease or 

a clinical phenotype, were annotated as such. 

 

          These results are stored in a relational database schema and available through our 

online gene-centric tool, EREMORPH (discovery.swmed.edu/EREMORPH). Along with 

gene related information, including transcription factors binding sites within the gene, 

mutability information, putative microsattelites within the gene and its flanking 

sequences, it also provides detailed SNP information for SNPs from dbSNP and 

H.G.M.D along with a disease likelihood prediction for every base in the coding region 
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of the human genome. Along with per base annotations, EREMORPH can also be used to 

assist with per exon analysis for selection of an optimal sequence space in genotyping 

experiments, by providing information to the user as to the exons which are most likely to 

contain the highest density or total number of high impact base positions. 
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CHAPTER 5 

OTHER PROJECTS 

 

This chapter gives a brief description of all the other projects I did or collaborations I 

participated in as a part of my tenure in the lab.  

 

5.1 EREMORPH – A gene-centric web tool: 

          I worked initially on writing patches to POTION written by Madhuri et al, adding 

more functionality such as orthology viewer and providing the multiple sequence 

alignment of a given gene with its orthologs. I also corrected some bugs in the script as 

they were identified by lab members. Most of the work involved modifying already 

existing scripts so that they have these added functionalities. 

 

          In the summer of 2007, I re-wrote all the EREMORPH scripts (next version of 

POTION) along with an intern in the lab John Glassmayer. My contribution was first 

evaluating all the scripts which could be borrowed from POTION and re-writing those 

which would not work under the new data schema. I re-wrote the mutability module used 

to calculate mutability scores per exon and UTRs for genes. I also wrote parsers to 

download data from NCBI used to annotate every gene for various regions such as UTRs, 

exons and introns. This was a substantial improvement from the earlier version of 

POTION as it no longer relied on alignment tools like SIM4 to determine the region
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 boundaries which often were incorrect, if even by a few bases.  The validated data from 

NCBI was instead used to assign these regions. I also wrote the parser to annotate each 

and every base within the coding region of the human genome (exons and untranslated 

regions covered with Refseq transcripts) with a conservation score, a disease likelihood 

prediction score. 

 

5.2 Microsattellite Analysis project 

          I helped Dr.My-Hanh Nguyen who was a post doctorate fellow in the lab, create 

custom BLASTable databases for a variety of genomes for the analysis of microsattelite 

data emerging from laboratory experiments.  This also involved writing a script which 

would download and identify upstream and downstream regions for a specified sequence, 

such as those sequences surrounding a microsatellite. 

 

5.2.1 Creation of custom BLASTable genome: 

          For the analysis of microsattelite experimental data as well as for other projects in 

the lab where the search region was limited to a particular region within the genome such 

as UTRs, exons, upstream or downstream region of genes, I created a pipeline wherein 

these regions could be downloaded, prepared and saved as a flat file which was then 

made BLASTable.  

 

5.2.2 Nimblegen array data parser: 
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          For converting the raw data from custom arrays we had manufactured at 

Nimblegen into a format which is ready for analysis, I wrote a parser which annotates the 

various probes on the array with their corresponding signal intensity values along with 

some additional information useful for analysis such as the complementary binding 

sequence on the array, the type of repeat and the repeating motif for the sequence. 

 

          This was a significant improvement from earlier versions of the parser which did 

not annotate this additional information.  My new parser substantially improved the speed 

of the analysis, by 10 fold.   

 

5.3 SPOREdb: Database for Lung Cancer Research 

          I helped design the database schema for the SPOREdb, a database that holds and 

analyzes experimental data associated with cancer research in the UTSW SPORE center.  

This was done by first identifying the main entities, attributes and relationships between 

the various elements of the database. The new version of SPORE database will have the 

data in the third normalized form. More highly normalized tables reduce data duplication 

and opportunities for various kinds of logical inconsistencies that could lead to loss of 

integrity of the database. They greatly simplify development and maintenance of the 

database and contribute to its extensibility. I hope to work in conjunction with Mark 

Burkart, a bioinformaticist in the group, in designing the newer version along with 

modifying existing scripts so that they can be used to import data into the database as 

well as query the database. 

5.4 Motif finder 
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          I wrote a module for the Kodadek Lab to help them find motifs with a certain 

degree of degeneracy within upstream and downstream regions of genes. The program 

finds those motifs and highlights them if they are in proximity to the gene start site. 
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CHAPTER 6 

 

MAINTAINENCE AND FUTURE 

WORK 

 

6.1 Maintainence of SNP analysis pipeline: 

          The SNP analysis pipeline consists of various scripts which need to be run 

sequentially for every update to the Reference Sequence genomes such that the data 

stored in the backend database of EREMORPH is current and up-to-date. This needs to 

be done before all the scripts are re-run to calculate the various metrics and annotate 

every SNP with a prediction for each base in the human genome with a disease likelihood 

value.  All the databases used for the application i.e. Reference Sequence Database 

(Refseq) are  downloaded locally for the various genomes used in the analysis.  

 

          As shown in figure 6.1, the block diagram represents the sequence in which scripts 

must be run to update the entire SNP analysis pipeline. The entire pipeline can be run 

without running the individual scripts by running a single script, update_snp_analysis.pl 



 
   

 

71 

located in the home directory where all the data and scripts are stored. After the entire 

analysis is complete the results are moved into EREMORPH so that the changes are 

reflected in the web-tool. 

 

          Additional genomes can be easily incorporated in the future with minor revisions to 

the orthology builder and the conservation evaluator scripts. These will be described in 

the documentation. 
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Figure 6.1. Flowchart explaining all the routines of the SNP analysis pipeline. 
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6.2 Future work  

 

6.2.1 Incorporation of more datasets for SNP analysis. 

          All the analyses were validated using H.G.M.D which has SNPs implicated in 

causing disease or an observable phenotype. dbSNP was used as the control dataset since 

a dataset of SNPs which were guaranteed to be functionally neutral were not available. 

More such databases can be mined and incorporated to verify and further strengthen the 

hypothesis. These include, SNP500 (46) which is a database of SNPs highly correlated in 

certain Cancers, OMIM (47) which has polymorphisms along with their linkage 

information and diseases they are implicated in and other disease specific datasets. 

Nucleic Acid Research annual version of databases which is released in January every 

year can be scanned for databases which can be included in the pipeline for analysis. 

 

 

6.2.2 Relaxing orthology criteria or comparison of results by using 

external sources for building orthology tables or alignments. 

          Since the procedure of Reciprocal BLASTing was implemented, only close 

orthologs with very high identity thresholds were found. This criterion could be relaxed 

or alternate methods for finding putative orthologs could be tested to see if it leads to 

better performance. This includes doing a simple BLAST rather than a reciprocal BLAST 
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and having a higher threshold for identity or e-value. orthologs for select species can also 

be obtained from Homologene or COG database of orthologs.  

 

          Also, since the conservation score relies on the output provided by the alignment 

program, other alignment programs should be tested. UCSC and other sources also 

provide whole genome alignments for human sequences. These could also be tested if 

they perform better than the locally computed CLUSTALW alignments. 

 

6.2.3 Evaluating other classification techniques. 

          Support Vector Machines (SVM) classifier was used because of its ability to deal 

well with non-parametric data like the SNP data used in the analysis and for ease of 

implementation. However, the SVM does not give a disease likelihood probability for 

every base, but instead gives a prediction which is either a ‘YES’ or a ‘NO’. Regression 

models could be tried and tested to determine if they give higher sensitivity or specificity 

than the current SVM classifier. An advantage of using regression models is their 

capability to scale the factors and provide values for prediction value rather than a 

YES/NO prediction. 

 

6.2.4 Hypothesis testing using SNP!Disease genotyping experiments 

using SNP analysis data. 

          The SNP analysis evaluated the disease likelihood of each and every base in the 

human genome. 16 % of the SNPs present in dbSNP were annotated as being HGMD-

like disease causing. These could be investigated by performing association studies for 
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likely disease markers. Monogenic diseases which occur due to single gene variation 

could be the primary target for studies. These monogenic diseases along with the SNPs 

implicated are well cataloged in OMIM database. Subset of SNPs along with their gene 

and disease they are implicated in which are identified by this SNP analysis as highly 

disease likely could be selected for genotype-phenotype association studies. 

 

 

6.2.5 Incorporating other information useful for SNP studies: 

          Other information such as linkage disequilibrium values available from HapMap 

could be annotated for every base which would be of special value for researchers 

performing association studies. 

          The current version can be used for analysis of all SNPs within the coding region 

of the human genome alone, this could be extended to regulatory regions in gene vicinity 

such as promoters, enhancers or silencers. It could also be extended to splice sites at 

introns-exon boundaries because SNPs at such site are known to have high impact. 
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