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Abstract

The Cancer Genome Atlas (TCGA) data is used for analysis in this study

for prediction of causative variants in cancer. We have used Next-Generation Se-

quencing (NGS) data containing copy number variants and Genome Wide Associ-

ation Studies (GWAS) data containing single nucleotide variants in three different

types of lung related cancers (Lung adenocarcinoma, Lung squamous cell carci-

noma and Mesothelioma) using the customised pipelines. Annotation (gene based,

transcription factor binding sites, conserved elements, microRNAs and snoRNAs),

functional enrichment analysis and protein-protein interaction have been covered

in this study. Variants lying in highly conserved regions or overlapping the highly

conserved regions are identified. Our results show that three types of microRNAs

(hsa-mir-3149, hsa-mir-933 and hsa-mir-4307) were common in all three types of

Lung cancers. Genes containing zinc finger domain were identified in all three type

of lung cancers. Transcription factor binding sites (nks39, cdc5 and foxo3) were

common in all three types of cancers, suggesting their regulatory function.
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Chapter 1

Introduction

1.1 Overview

Every organism retains a genome which carries genetic information for con-

structing and maintaining living example of organism. Mostly, the genomes of

humans and other cellular organisms is made up of DNA (deoxyribonucleic acid)

except in case of few viruses which contain RNA (ribonucleic acid) [1]. In a cell

chromosomes represents genome. Chromosomes are thread like structures com-

posed of nucleic acid and protein. Two strands of DNA lie in each chromosome

that are wrapped in the form of double helix (Figure 1.1). DNA is composed of four

nucleotides Adenine, Thymine, Guanine and Cytosine. Nucleotides in one strand

are complement to other strand, as a rule, Adenine is complement to Thymine and

Guanine is complement to Cytosine, such complementary behaviour of nucleotides

results in form of base pairs [2]. Proteins play important role in all biological

processes. Chain of amino acids form primary structure of proteins. Proteins are

functionally diverse in nature due to different combinations of amino acids. [1].

Change in DNA or amino acid sequence may bring harmful effects to an organism.

Cancer is a disease, caused by changes in certain genes that control cell func-

tion, especially how cell grow and divide. These changes include mutations in DNA

(Gene coding DNA) [4]. Cancer is among leading causes of mortality throughout
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the world. The most common organs affected by cancer are lung, prostate and

colorectum, there are 1.59 million deaths due to lung cancer, 0.745 million deaths

due to liver cancer and 0.723 million deaths due to colorectum cancer [5].

Figure 1.1: General overview of human genome

1.2 Genetic variations

Genetic variation describes naturally occurring genetic differences among in-

dividuals of the same species. Variation is essential for survival of population

in environmental changes [6]. Genetic variation also plays important role in hu-

man diseases and rare Mendelian disorders [7]. Mutation results from DNA that

does not corrected by DNA repair mechanism. Mutation can contribute towards

normal or diseased phenotype. Inevitable mutations may have adverse effects on

human [8].

Two types of mutation may occur i.e. somatic and germline. Somatic muta-

tions are simultaneously occurring mutation that do not pass to next generation
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like cancer mutations while germline mutations are passed from parents to off

springs Figure (1.2).

Figure 1.2: Comparison of somatic and germline mutations [9]

Some times DNA variant is different from others due to absence or presence of

a nucleotide or small number of nucleotides at specific position that is termed as

”insertion or deletion”. Large insertions or deletions results from change in copy

number of sequences, insertion or deletion of more than 100 nucleotides is termed

as ”copy number variation” [10].

Most common type of genetic variation in humans is single nucleotide substi-

tution [8]. For example, variant G replaces with C at specific point. This is called

SNV. If frequency of two or more alternative variants in a population exceeded

from 0.01 then it is called SNP [8]. In this thesis, work on SNVs and CNVs is

carried out.
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1.2.1 Somatic mutations

Most of somatic mutations in our body do not contribute to any harmful ac-

tivity, role of somatic mutations in cancer was supported by the discovery of mu-

tagenic activity performed by carcinogenic chemicals [11].

1.2.2 Single nucleotide variants

SNVs (Single nucleotide variants) are most common form of intra-species vari-

ations. In humans number of SNVs range from 3-5 million. Common SNVs are

main focus of medical and population genetics research [12].

1.2.3 Single nucleotide polymorphisms

SNP (pronounced as ”snip”) is difference of a nucleotides at the same position

among individuals. If a population doest not carry same nucleotide more than 1%,

at a specific position, then such variation is termed as SNP. SNP may involve in

variation of amino acid sequence but it is not compulsory because it may occur in

non-coding regions of DNA [13]. While comparing two DNA sequences there is a

SNP after every 1000-2000 nucleotides. Among 3.2 billion nucleotides in human

genome there are about 1.6 million to 3.2 million SNPs [14].

1.2.4 Copy number variations

CNVs (copy number variations) play important role in genetic susceptibility to

many diseases [15]. Discovery of CNVs has dramatically changed view on struc-

tural variation of DNA and disease. It is thought that CNVs encompass more

nucleotides and arise more frequently than SNPs [16]. Deletions, insertion dupli-

cations and translocations results in CNVs (Figure 1.3). CNVs formation is faster

than any other type of mutation [18]. In humans, CNVs are important source
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of DNA polymorphism [19]. Contribution of CNVs to human genome is around

13% [16].

Figure 1.3: Description of Copy number variants [17]

1.3 Genome-wide association studies

Completion of human genome project, discovery of millions of SNPs in human

genome, LD pattern characterization by Hap Map project and availability of high-

throughput genotyping platforms at low cost, made possibility of genome-wide

association studies. GWAS assay hundreds of thousands of SNPs by using high-

throughput genotyping technologies and relate them with clinical conditions [20].

GWAS have been fruitful in studying complex diseases by identifying thousands

of common variants associated with complex diseases [22].

GWAS have proved an important tool for discovering the regions of genome

carrying genetic variant, confer risk for different types of cancers [23].
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1.4 Next- generation sequencing

Need of Sequencing technologies has increased with the passage of time, nowa-

days it is use in number of research fields like genomics, evolution, applied medicine

and forensic sciences. Old sequencing technologies like Sanger sequencing is ex-

pensive and time consuming. Several emerging technologies are promising for fast

and cost effective genome sequencing [24].

For past 30 years, Sanger sequencing has been gold standard for DNA sequenc-

ing. It has achieved major accomplishments like completion of human genome

project. Pyrosequencing was first commercially introduced in 2005 that laid foun-

dation of new era, of high-throughput genomic analysis referred to NGS (Next

Generation Sequencing) [25].

While discussing applications of NGS, there are lot of information related to

cancer genomic alterations complexity are available like small insertion or deletion,

point mutation, copy number alterations and structural variations. By compar-

ing altered to matched normal samples (tumor and normal samples), researchers

are able to distinguish between two categories of variants: germline and somatic.

Meanwhile whole transcriptome approach (RNA-Seq) can help in detection of

RNA editing, alternative splicing and gene expression profiles. Combination of

these NGS technologies provides global view and high resolution of cancer genome.

While using Bioinformatics researchers are able to understand biology of cancer

that is leading to development of personalised treatment strategies [26].

1.5 Cancer

Cancer is genomic disease and arises from set of somatic alterations [27]. In

cancer, body cells start dividing without any stop and spread into nearby tissues.

Cancer can start in any part of the body. In normal body, old-cells die and new cells
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take place of them however in cancer, disturbance in such a mechanism is observed

(figure 1.4) [28]. After cardiovascular diseases, cancer is the second leading cause

of death [29]. Now a days millions of people extend their life by early diagnosis

and treatment of cancer [30].

Figure 1.4: Difference between normal and cancer cells [31]

1.6 Cancer data collection

Publicly available resources has improved advancement in scientific discovery.

Big data and genomics brought the concept of data sharing and collaboration to

make research effective. Few on-line resources are mentioned below [65].

• ICGC: Established in 2008, it has produced terabytes of data from 12,232

donors and 50 cancer types. Somatic variant data is publicly accessible in

ICGC (icgc.org).

• CGP: Collects genomic data from 50 different types of cancers. Major focus

of CGP is discovery of frequently mutated genes in tumours and identify

pattern of mutations in cancer cells (www.sanger.ac.uk).

• TCGA: Established in 2006, examining spectrum of genomic changes in

more than 20 types of cancers. Main goal of TCGA is to improve our scientific

ability to diagnose, treat and prevent cancer (cancergenome.nih.gov).
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• CCLE Provides public access to about 1000 cell lines data includes genomic

data, analysis and visualization. It focus on large human cancer models for

genetic and pharmacologic characterization (www.broadinstitute.org/ccle).

1.7 Lung cancer

There are more than 200 forms of cancers. In TCGA data of more than 20

different types of cancers is available. Lung cancer is one of the leading cause of

deaths in the world. Each year about 1.2 million cases of lung cancer are diag-

nosed. Cigarette smoking is major cause of lung cancer [33]. Exposure to harmful

gases, air pollution, exposure to certain chemicals and lowered immunity can cause

lung cancer [21]. Types of lung cancers discussed in this study are.

1.7.1 Lung adenocarcinoma

Lung adenocarcinoma is one of the most common form of lung cancer and have

only 15% survival rate per 5 year. Lung adenocarcinoma in non-smoking patients

contain mutations within tyrosine kinase domain of Epidermal Growth Factor Re-

ceptor (EFGR) gene [33].

1.7.2 Lung squamous cell carcinoma

Lung squamous cell carcinoma is form of lung cancer that is common in world

with about 0.4 million deaths annually worldwide. No genomic alterations in Lung

squamous cell carcinoma have been comprehensively characterized. No targeted

molecular agents have been specified for treatment [34].

1.7.3 Mesothelioma

Malignant mesothelioma is asbestos-related rare cancer, forms on thin protec-

tive tissues that cover the abdomen and lungs [56]. Mesothelioma is aggressive
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cancer. After diagnosis death occurs within one year [35].

Figure 1.5: Future of cancer research [36]

1.8 Programming languages and tools

1.8.1 Perl

Perl provides excellent support for common application oriented based tasks

[63]. Perl is used by the people, who want to analyse or convert lots of data

quickly [38]. Few attributes of Perl that make it attractive [39]

• For matching and manipulating the strings, Perl provides powerful ways

through usage of regular expressions.

• Writing programs as libraries is easy by modularity in Perl.

• System calls and pipes of Perl can be used for incorporating external pro-

grams.
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• Perl is easy to code and a good prototyping language. Testing of new algo-

rithms can be easily done in Perl before use of any rigorous language.

• Perl is excellent platform for writing CGI scripts for interfacing with Web.

• Perl provides excellent support for object oriented programming develop-

ment.

1.8.2 R programming

R is a scripting language for manipulation and analysis of Statistical data.

Some of R virtues are:

• It is available for Linux, Windows and Mac operating systems.

• It incorporate the features that are available in OOP and functional pro-

gramming languages.

• It is superior to number of commercially available products, different opera-

tions available like graphics, programmability and, so on.

• R is open source therefore it is easy to take help from programmers commu-

nity.

• System saves history of previous commands, different sessions can also be

saved.

1.8.3 Annovar

Annovar is used for functionally annotating genetic variants belonging to the

diverse genomes. Annovar is used for annotating SNVs, deletions/insertions, cyto-

genetic bands inferring, functional importance scores reporting, conserved region

variant finding, identifying reported variants in 1000 Genome Project [40]. Anno-

var can be used for.

• Gene-based annotation
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• Region-based annotation

• Filter-based annotation

1.8.4 DAVID

DAVID is a online web-based bioinformatics resource (https://david.ncifcrf.gov/),

consists of analytic tools and integrated biological knowledge-base, aimed at ex-

tracting biological meaning from large gene or protein lists. DAVID can handle

any type of gene list independent of any platform or software [41] [42]. Functional

annotation suite web-based provides:

1. DAVID Gene Functional Classification Tool

2. DAVID Functional Annotation Tool

3. DAVID Gene ID Conversion Tool

4. DAVID Gene Name Viewer

5. DAVID NIAID Pathogen Genome Browser.

1.9 Problem statement

To understand the genetics of lung cancer, there is need to analyze and iden-

tify the genetic variants that are involved in causing lung cancer by making use of

already available NGS and GWAS data.

1.10 Objectives

The objectives of the current study are as follows:

• Analysis of NGS and GWAS data
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• Functional Annotation of variants (SNVs and CNVs)

• Analysis using conservation, Transcription factor binding site and micro

RNA

• Pathway analysis of genes containing significant candidates

• Post GWAS Analysis using databases.



Chapter 2

Literature review

2.1 Overview

Next-generation sequencing (NGS) technologies are creating petabytes of raw

and scattered data that is decentralized in databases, archives and sometimes

in isolated hard-disks that is not available for browsing and analysis. Curated

secondary databases may help to organize some of Big data by letting users to

navigate, search and compute better on it.

National and international collaborations, such as ICGC, GCGC, EDRN and

TCGA are generating large amounts of data, majority of data from NGS tech-

nologies. TCGA data will exceed to 100 petabytes at the end of the project [46].

According to a recent survey, files generated by TCGA are doubling every seven

months since 2010, having total count of more than 700,000 files [46]. It is desire-

able for cancer biologists to use this data for developing and testing hypothesis,

few wet-laboratory researchers have knowledge about the scores of bioinformatics

tools that are complex in nature having higher understandings. These types of

challenges are leading for development of tools and secondary databases which are

expected for Big Data use [47] [48].

According to Tsung-Jung Wu et al. 2014, genomic data is large, heterogeneous,
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varied and widely distributed. Extracting and converting this data into useful

information and comparing results is becoming hurdle for personalized genomics.

Due to complexity and size of NGS data there is need of methods to store, analyse

and curate genomics data.

One major purpose of NGS is to identify human genetic variants, which can

be used for improving understanding of human diseases [66]. Computational ap-

proaches are available for prediction of variants that are deleterious and potentially

associated with disease [50].

2.2 LUSC molecular profiling

TCGA research group performed a comprehensive molecular profiling of Lung

squamous cell carcinoma. They have studied profile of 178 LUSC and find mu-

tation in 11 genes, interestingly tumor protein p53 mutation was found nearly in

all specimens. This study has provided potential therapeutic targets, offering new

opportunities for treatment of LUSC [51].

2.3 LUAD molecular profiling

TCGA research group reported molecular profiling of 230 Lung adeno carci-

noma using mRNA, DNA methylation, copy number alterations and protein ex-

pression. They observed high rates of somatic mutations, eight genes were statisti-

cally significant mutated. EGFR mutations in female patients were more frequent,

whereas in males RNA Binding Motif Protein 10 mutations were very common.

Three benefits are achieved, first new knowledge is gained about genomic alteration

by performing these studies, second previously unappreciated altered genes are

highlighted and third personalized treatment for deadly disease is improved [52].
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2.4 Proteomic perspectives of pan-cancer

Rehan Akbani et al. 2012, compared protein data from 11 diseases and 3467

samples and integrated resultant proteomic data with transcriptomic and genomic

analyses of the same samples to identify differences, similarities, network biology

and emergent pathways within and across tumor lineages. In addition, signals

specific to tissue are computationally reduced to enhance biomarker and target

discovery over multiple tumor lineages. This analysis, with emphasis on potentially

key proteins and pathways, provides a basic structure for determining the relevance

of functional proteome to prognostic, predictive and therapeutics [53].

2.5 Glioma susceptibility loci

For identifying risk variants causing glioma, Sanjay Shete et al. 2009, con-

ducted a meta analysis of two GWAS by genotyping 550k tagging SNPs with 3670

controls and 1878 cases, with control of three additional independent series having

2953 controls and 2545 cases. They have identified 5 risk loci 5p15.33, 8q24.21,

9p21.3, 20q13.33 and 11q23.3. They used Haploview for inferring LD structure of

genome in regions glioma risk associated loci. For examining relationship between

mRNA expression and SNP genotype in normal human cortex and lymphocytes

publicly available data set is used [54].

2.6 Somatic mutation in Glioblastoma

Cameron W. Brennan et al. 2013, studied genomic alteration based on com-

prehensive and multidimensional characterization of more than 500 GBMs tumors.

Dataset consists of molecular and clinical data of about 543 patients. They have

identified novel mutated genes and signature receptors rearrangements from data

set of patients, including the PDGFRA and EGFR. They have observed mutations

of TERT promoter are correlating with increased mRNA expression that plays an

important role in reactivation of the telomerase. This type of data will provide
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facility to discover the target candidates(therapeutic and diagnostic) [55].



Chapter 3

Methodology

3.1 Experimental conditions

3.1.1 Hardware

This work was done by the use of resources provided by Research Center for

Modeling and Simulation (RCMS). Most of the analysis were performed using

Super Computing Research And Education Centre (ScREC) 1 allocated desktop

computer. ScREC super computer specifications are described in Table (3.1).

Table 3.1: ScREC super computer specifications

1ScREC is state of the art facility established by RCMS
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3.1.2 Software

Annovar was provided by Kai Wang after providing institutional affiliation details

on annovar web portal. Strawberry perl (version 5.24.0.1) was downloaded from

strawberry perl website for running Annovar. R programming language (version

3.2.5) for data processing was downloaded from cran.r-project website.

3.2 Data collection

Different cancer databases were searched for collection of cancer data with the

help of literature. During data mining step, TCGA was found more comprehensive

and collective database rather than other cancer repositories. TCGA researchers

have analysed more than 30 types of human cancers by genome sequencing and

multi-dimensional analyses.

3.2.1 Data levels

Data level is a method of TCGA data characterization for researchers, to fa-

cilitate, locate and download data of interest. There are four levels of data (figure

3.1).

1. Raw data: It is raw data of single sample that is not normalized.

2. Processed data: It is normalized data of single sample.

3. Segmented/Interpreted: It is processed data aggregation of single sam-

ple.

4. Summary/ROI: It is quantified association across samples.

3.2.2 Data types

On TCGA, data matching to normal and tumor is available. Data types include
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Figure 3.1: TCGA data level and its units of storage

• Exome(variant analysis)

• SNP

• mRNA

• Methylation

• miRNA

• Patient clinical information

3.2.3 Data access

Two types of data access is available
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• Controlled access- data is not available publicly. Certification is required

to be reviewed by data access committee of TCGA. Data is not unique to

explore identity of a patient.

• Open access- data is publicly available, it is not unique to explore identity

of a patient.

3.2.4 Downloading data

There are three different ways of downloading data

1. Data Matrix: Subsets of data are downloaded by users based on specific

criteria.

2. Bulk Download: Archives of data are searched and downloaded by users

that are uploaded by TCGA centres.

3. HTTP Directories: HTTP directories are directly accessed by users where

data archives are stored.

3.3 Data types selected for study

Major focus of this study was to explore NGS and GWAS data. CNVs data

from GWAS by using Affymetix SNP 6.0 platform and SNVs data of somatic

mutations from NGS by using Whole Exome Sequencing was available on TCGA.

These two types of data were selected for this study.

3.4 Lung cancer data collection

More than twenty different types of cancers data is available on TCGA. Focus

of this study was to explore variants of one specific organ and lung was selected.

There were three different types of lung cancer data available on TCGA.

1. Lung adenocarcinoma
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2. Lung squamous cell carcinoma

3. Mesothelioma

CNVs, level 3 data of LUAD, LUSC and Meso was downloaded from TCGA

by using TCGA Data Matrix. Data comprises of a folder consisting different files.

SNVs, level 2 data of LUAD, LUSC and Meso was downloaded from TCGA

by using TCGA Data Matrix. There was a .maf file for each type of cancer.

3.5 Data preprocessing

After downloading data it was challenging to make data suitable for pipelines.

Scattered files were managed by writing R programming scripts. Different files

were merged to a single file and Annovar accepted format was made (consisting of

chromosome, position, alternative and reference allele).

3.6 Gene-based annotation

Gene-based annotation libraries were downloaded in Annovar. Ensembl genes

and human genome reference hg19 build was used for gene based annotation in

Annovar. To avoid excel auto gene id conversion to date, we used Ensemble gene

id database. Gene-based annotation was used for getting two types of informa-

tion, one location of SNVs and CNVs in genome (exonic, intronic or intergenic)

and second Ensembl gene ids.

3.7 Conserved variants finding

After gene based annotation, there was a step of finding variants that lie in

conserved regions (SNVs) or overlap conserved regions (CNVs). 46-way alignment
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was used for annotating variants that fall in conserved regions.

3.8 1000 Genome project

It is highly desirable to match subsets of variants to other existing variant

databases, by doing this step we cross check our variants with information of 1092

individual variants available in 1000 genome project databases. For this purpose,

database of variants annotated in 1000 Genome project (version August 2015) was

used. Variants having same start and end positions, and same observed alleles

were dropped out during this step .

3.9 microRNAs and snoRNAs

miRNAs and snoRNAs have distinct and central role of regulation in cells.

There is functional and evolutionary relationship between subsets of miRNAs and

snoRNAs. Regions overlapping microRNAs and snoRNAs were identified by using

UCSC wgRna table for microRNAs and snoRNA.

3.10 Functional enrichment analysis

Gene symbols were extracted for further analysis using notepad++. Functional

annotation was performed by using on-line tool DAVID.

3.10.1 Disease

Online Mendelian Inheritance in Man (OMIM) is a database of information

related to genes and heritable traits of humans. Genes enrichment in diseases was

studied by checking there overlapping with Online Mendelian Inheritance in Man

knowledge base.



CHAPTER 3. METHODOLOGY 24

3.10.2 Pathways

Biological pathways control person inner world, pathways involved in gene reg-

ulation, metabolism and transmission of signal are important pathways, problem

in pathway can trigger disease. In this step genes enriched in KEGG pathways

were studied.

3.10.3 Protein domains

Protein domain is conserved part of protein sequence. For protein domain

analysis Panther (Protein Analysis Through Evolutionary Relationships) database

was used.

3.10.4 Protein interaction

Regulatory regions of eukaryotes are characterized by transcription factor bind-

ing site presence. Genes enriched in transcription factor binding sites were studied

by using TFBS UCSC database.

3.11 Protein-protein interaction

Knowledge of direct and indirect interactions between proteins of a cell

provide comprehensive view of cellular mechanism and function [44]. STRING

data base provides assessment and integration of protein-protein interactions, it

includes direct(physical) and indirect (functional) associations. STRING (version

10.0) covers more than 10000 organisms [45]. Proteins are product of genes, it

is important to find out the interaction of proteins with each other. PPIs were

studied by using online tool STRING (version 10.0).
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Chapter 4

Results and Discussion

In this chapter cancer data analysis is presented and discussed. Our project

was divided into two parts i.e. NGS data analysis and GWAS data analysis to

identify candidate risk factors for three types of factors i.e. LUAD, LUSC and

MESO.

4.1 Overview of data

This overview of data was compiled during data download and organizing step.

”Last modification on TCGA” in Table (4.1) is representing the downloaded data

version.
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Table 4.1: Overview of data

4.2 Annotation parameters

Annotation was done using Annovar. Annovar required input file in a spe-

cific format called ”.AVINPUT”. Parameters used in ”.AVINPUT” format are

described in Table(4.2). ”.AVINPUT” is tab-deliminated file. If information of

reference and alternative allele is not available then ”0” is used in reference and

alternative allele column for making Annovar acceptable file.

Table 4.2: Description of .AVINPUT format
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4.3 Gene-based annotation

Gene based annotation was performed after downloading and manipulation of

LUAD, LUSC and MESO level-3 data from TCGA. 210222 variants of LUAD,

753940 variants of MESO and 103764 vaiants of LUSC were annotated by using

Annovar. First column in (Table 4.3) is explaining the region of genome where

specific variant is located, it can be intronic, intergenic or exonic etc. Second col-

umn of Table (4.3) is explaining Ensemble gene ids, genes in which variant lies or

distance between two genes with gene ids.

Table 4.3: Results of gene based annotation using annovar

Annotation is an important genome analysis and essential for genome explo-

ration. It required one year per person for manually annotating 1 mb genome [58].

There are chances of error in automated annotation methods but we have to rely

on automate based options because it is impossible to manually annotate such a

big sequencing data [62].

4.4 Conserved variants search

Norm score threshold value of 950 was used for getting variants lie in highly

conserved regions of genome. Three different analysis were performed on three
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different type of lung cancer related data. In Table (4.5) first column is representing

46way alignment, second column is showing UCSC phast cons score.

Table 4.4: Results of variants lying in conserved regions using Annovar.

It is interesting to find variants at conserved genomic regions, as they are re-

gions in the genome that are conserved in multiple species and any change in these

sites might contribute to a disease or functionally important phenotype. In case

of SNVs, variants lie in conserved region while when dealing with CNVs, variants

overlap conserved regions.

Variants are potentially causative that lie in genomic sequences that are con-

served across species [60]. Table (4.5) shows that 881 variants in LUAD, 7848 in

LUSC and 1189 in MESO lie in conserved regions.

Table 4.5: Number of variants lying in conserved regions.
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4.5 1000-genome project

No variant was dropped out from three lung cancer data sets, while searching

a list of variants from 1000 genome project (Aug 2015 version) database, it shows

that no variant is from 1000 genome project.

The aim of using 1000 genome project was to identify those variants that may

be common or present in 1000 genomes. As the individuals selected for 1000

genomes were normal, so any variant overlaping 1000 genomes individuals will

suggest that it may not be contributing in cancer disease. However, in our case,

none of our variants overlapped 1000 genomes variants, suggesting that our variants

are important in causing disease.

4.6 microRNAs and snoRNAs

Variants from LUAD, LUSC and MESO were found that overlaps with microR-

NAs and snoRNAs. Table (??) shows the results of mcroRNAs and snoRNAs. In

LUAD 631, LUSC 6789 and MESO 1049 variants were overlapping microRNAs

and snoRNAs.

Table 4.6: Results of microRNAs and snoRNAs using Annovar.

We have found 420, 416, 399 microRNAS and snoRNAs in LUAD, LUSC

and MESO, respectively, (Table (4.7)). hsa-mir-3149, hsa-mir-933 and hsa-mir-
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4307 are most occuring and common miRNA in all three types of cancers. It

implies that may they have important role in progression of lung cancer Table

(4.8).

Table 4.7: Number of micro RNAs and snoRNAs found in overlapping regions of

CNVs .

Table 4.8: Most common variants in all three types of cancers.

4.7 Functional enrichment analysis

4.7.1 Disease

Gene list was checked for its enrichment in already published disease knowledge

base OMIM (Online Mendelian Inheritance in Man) by using DAVID. OMIM is a

comprehensive and timely knowledge base of human genes and genetic disorders

for supporting research and education on human genetics [59]. There were 15.3%

genes from our list that overlapped with OMIM disease knowledge base. Value of

FDR<0.1 was set for finding genes enriched in OMIM Disease. Count in Table
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(4.9) is explaining number of genes, % column is explaining percentage of genes

from total genes list, FDR column is presenting values of FDR.

Table 4.9: OMIM DISEASE results of Lung Adenocarcinoma.

Table 4.10: OMIM DISEASE results of Lung Squamous Cell Carcinoma.
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Table 4.11: OMIM DISEASE results of Mesothelioma

4.7.2 Pathways

25.4% genes were enriched in KEGG pathway. FDR<0.01 was selected for

significant enrichment. Table (4.12), Table (4.13) and Table (4.14) shows that

three lung cancers have same significant enriched genes.

Table 4.12: KEGG Pathways results of LUAD

Table 4.13: KEGG Pathways results of LUSC
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Table 4.14: KEGG pathways results of MESO

4.7.3 Protein Domains

Enrichment in protein domain was checked by using PANTHER databases. All

genes from three different cancers were most significantly enriched in Zinc FINGER

containing domains protein. Table(4.15), Table(4.16) and Table(4.17).

Table 4.15: Protein Domain analysis of LUAD genes using PANTHER database.

Table 4.16: Protein Domain analysis of LUSC genes using PANTHER database.
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Table 4.17: Protein Domain analysis of MESO genes using PANTHER database.

4.7.4 Protein Interaction

Genes were checked for protein interaction against transcription factor binding

site database of UCSC by using DAVID protein interaction interface.

Table 4.18: Transcription Factor Binding Site analysis results of LUAD

Table 4.19: Transcription Factor Binding Site analysis results of LUSC
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Table 4.20: Transcription Factor Binding Site analysis results of MESO

Comparing results of all three different types of cancer it can be concluded that

they share some common genetics because there are many common genes that are

significantly enriched in all three types of cancers.

4.8 SNVs data analysis

In second part of project, TCGA SNVs level-2 was used. Level-2 data was an-

notated data of somatic mutations from three different types of lung cancers. we

were interested in non synonymous substitution so we separated missense muta-

tion data from other types of substitution data like Silent, Frame Shift Ins, Non-

sense Mutation and RNA data. R programming scripts were written for data

preprocessing. Missense mutation data was re-annotated by using Annovar as

mentioned in first part of work. Gene based annotation was done on data, list of

genes associated to variants was obtained. In next step variants lying in conserved

regions were identified on norm score of 600, normscore 600 was applied because

no variant was identified in Mesothelimia at high norm scores. After conservation

step, variants were passed through 1000 genome project database, few variants

from all three types of cancers were dropped at this step.

4.8.1 Protein-Protein Interaction

We were interested in non synonymous variants lie in high conserved regions

from list of highly conserved variant. We selected 30 genes associated with top

normscore variants for checking their protein-protein interaction. We used STRING
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online PPIs tool. Figure (4.1), Figure (4.2) and Figure (4.3) are showing PPIs

found in 30 proteins of LUAD, LUSC and MESO respectively.

Prediction of SNVs altering protein product is becoming popular in genomics

and bioinformatics. PPIs present strong functional relationship among genes.

Miguel Vázquez et al. 2015, studied protein-protein interactions in cancer related

SNVs. They built a tool for PPIs named Structure-PPi. They performed analysis

by this tool and and identified strong relationship of SNVs with cancer [64]. In

our analysis, we identified strong relationship between proteins in all three types

of cancers. Further analysis of involvement of these PPIs in relevant cancer can

be carried out by mining already published.

Figure 4.1: Protein-Protein interaction in LUAD. Node is presenting a single pro-

tein and network edges are presenting confidence. Disconnected nodes in the net-

work are hidden.
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Figure 4.2: Protein-Protein interaction in LUSC. Node is presenting a single pro-

tein and network edges are presenting confidence. Disconnected nodes in the net-

work are hidden

Figure 4.3: Protein-Protein interaction in LUSC. Node is presenting a single pro-

tein and network edges are presenting confidence. Disconnected nodes in the net-

work are hidden.
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4.9 Limitations

Few limitations faced in this project are:

• Limited access to data is available, Only level 2 and level 3 data is available.

Level 1 data can improve accuracy of results.

• There are chances of errors in automated annotation pipelines.
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Conclusion and Future directions

5.1 Conclusion

Information in our genome is like English alphabet. There are 26 alphabets

in English but our genome has only 4 alphabet A, C, G and T, also termed as

genetic letters. Genetic letter combine in a sequence and produce a story but

cancer disrupt this story by causing small changes in these letters resulting in

change of genomic word or sentence. Proteins formed by this procedure are ineffi-

cient, incomplete or lethal for human body. To study cancer, collection of different

samples from different patients give deep insight, to researchers, for finding that

what makes cancer different from one patient to other patient. For that there

is need of exploring pipelines that are easy to use and accurate result wise. This

project is focused on SNVs and CNVs data of three different types of lung cancers.

Our results suggest that several genes containing the copy number variants

and single nucleotide variants are highly conserved. MicroRNAs and snoRNAs

are very important in the regulation of genes and their functional affect. Any

change in these may cause the disease condition. Three of the microRNAs (hsa-

mir-3149, hsa-mir-933 and hsa-mir-4307) were identified as overrepresented in all

three lung cancers, suggesting their role in the disease condition. Furthermore,

genes containing zinc finger domain was identified to be common in these cancers.
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Transcription factors (nks39, cdc5 and foxo3) binding sites were also common in

the genes containing the CNVs, suggesting their regulatory function.

5.2 Future directions

In present stage this study can be further enhanced by diverting its scope across

tumors like Skin cancer, Cervical cancer and Uterine carcinosarcoma. Collective

study across tumors will be more powerful in nature and helpful in un covering

two aspects, one finding molecular basis within tumor and second across tumor.

Different other types of data like DNA methylation ,gene expression is also

available on TCGA. Pipelines can be designed for analysis of data for making this

study more comprehensive.
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Resources

Annovar: http : //annovar.openbioinformatics.org/en/latest/

DAVID: https : //david.ncifcrf.gov/

Notepad++: https : //notepad− plus− plus.org/download/v6.9.html

Perl: http : //strawberryperl.com/

R-programming: https : //cran.r − project.org/bin/windows/base/

SIFT: http : //sift.bii.a− star.edu.sg/

STRING: http : //string − db.org/

TCGA: http : //cancergenome.nih.gov/
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