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Abstract

Rapid advances in next generation sequencing (NGS) technologies provide many oppor-

tunities to identify associations between genetic sequence variants (GSV) and diseases,

which may lead to better clinical diagnosis and treatments. OncoMiner is a bioinformatics

pipeline developed at UTEP (OncoMiner.utep.edu) for mining NGS data. It can identify

exonic sequence variants, link them with associated literatures, visualize genomic locations

and compare their occurrence frequencies among different groups. However, the current

version of OncoMiner is limited to accepting only a specific input file format provided by

the Otogenetics NGS Lab Services. The main objectives of my current work are (1) to de-

velop a Python script for preprocessing the more widely used variant calling format (VCF)

NGS files and convert them to the OncoMiner input (OMI) format, and (2) to evaluate the

performance of the script.

Most of the required data fields in the OMI file can be extracted directly from the

VCF file. The genomic region type, however, needs to be determined by comparison with a

reference genome. Since I will be working on human cancer data, the reference genome used

for this work is the human genome assembly hg38 obtained from UCSC Genome Browser.

To improve efficiency, the script splits the VCF file and reference genome by chromosomes

into smaller files for parallel processing. Our script has been tested on 148 VCF files,

containing data from prostate cancer patients, downloaded from The Cancer Genome Atlas

(TCGA). Parallelization of the script obtained average speedups of 1.50, 2.28, 3.14, 3.84,

4.00 using 2, 4, 8, 16, 24 cores respectively. To test the programs capability of handling big

datasets, 35 larger files with sizes ranging from 193.8 MB to 3.7 GB are used. These files

contain data from leukemia patients, cell lines, and normal individuals collected at local

hospitals and UTEP. Both the number of variants and the number of samples in the VCF

file were found significantly correlated with runtime. A multiple linear regression indicated

that 83% variation in the runtime can be explained by its relationship with the numbers
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of variants and samples.

We plan to incorporate this preprocessing script into OncoMiner pipeline and use it for

downstream analyses of a collection of 500 prostate cancer VCF files from TCGA, and the

local leukemia dataset to identify GSVs associated with the diseases and prioritize risky

variants based on their predicted functional effects.
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Chapter 1

Introduction

High-throughput sequencing technologies have become indispensable tools for genomics,

transcriptomics and proteomics studies. Since the beginning of the 21st century, more

and more biotechnology companies started to release next generation DNA sequencing

platforms and enormous amounts of data have been generated by sequencing millions of

DNA molecules at the same time. Computational tools and data analytics techniques

designed for handling and mining these next generation sequencing (NGS) data have helped

provide useful information and accelerated the research in many fields of biological sciences.

In 2016, our research group has initiated the implementation of a bioinformatics pipeline

called OncoMiner (OncoMiner.utep.edu) to facilitate analysis of exonic sequence variants.

In the past few years, we have continued to generalize and expand the functionalities of

OncoMiner with the ultimate goal of establishing a reliable and versatile computational

tool for mining NGS data to identify cancer related genetic sequence variants (GSVs) and

predict their functional effects, which could, in turn, help discover potential biomarkers for

cancer diagnosis.

My project focuses on developing additional OncoMiner modules for processing and

analyzing two particular datasets of interests to UTEP researchers. The first set consists

of sequence data of targeted genes from 500 patients with prostate cancer (PrCa). The

second set consists of whole exome sequence (WES) data obtained from leukemia patients,

normal individuals, and cell lines in local hospitals and UTEP.
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1.1 Background and Significance

Deoxyribonucleic acid (DNA) is a macromolecule that carries genetic information of in-

dividuals. It consists of two chains that coil against each other, forming a double helix

structure. The basic unit of DNA is the nucleotide, which is composed of a deoxyribose,

one of four nitrogenous bases, and a phosphate group. The variation in nitrogenous bases

(cytosine, guanine, adenine, thymine) makes people different from each other. However,

mutations in these bases may also cause changes to certain genes and result in diseases.

Many cancers are linked to genetic mutations in the human genome[1]. which contains

around 3 billion base pairs. Thus, identifying GSVs in the human genome can play an

important role in the detection and treatment of cancers. Yet, the cost of sequencing an

entire human genome accurately is still rather formidable. Instead, many researchers prefer

use a more cost-effective strategy by sequencing only certain targeted genes of interest, or

the whole exome which comprises a small percentage of the genome containing sequences

responsible for encoding proteins. GSVs occurring on these select regions are expected to

be more likely to be disease related.

DNA changes can occur in a small scale as point mutations, or in a larger scale that could

result in altering the structure of chromosomes (e.g., copy number variations, chromosome

translocations). My work focuses only on point mutations. There are basically three types

of DNA point mutation, substitution, insertion and deletion. Substitution occurs when a

nucleotide is substituted for another. Insertion occurs when extra nucleotides are inserted

into the DNA sequence. Deletion occurs when nucleotides are removed from the sequence.

An example of three types of point mutation are shown in Figure 1.1. Identification and

annotation of these GSVs require a standardized workflow which will be described in detail

in chapter 2.

Discovering cancer related GSVs and understanding their functional effects are expected

to play increasingly important roles in cancer diagnosis, treatment, and prognosis. As the

huge amounts of variations in the genome make it hard to experimentally detect cancer
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Figure 1.1: Three types of point mutation in DNA

associated GSVs, efficient computer programs to identify those GSVs that are likely to

be associated with cancer, and predicting their possible functional effects have become

essential tools for biomedical researchers. OncoMiner is one of the bioinformatics pipelines

set up for such purposes.

PrCa is a common disease in men. According to American cancer society, there will

be 174650 estimated new prostate cancer cases in 2019[2]. As it is widely acknowledged

that population-based prostate-specific antigen (PSA) screening causes overdiagnosis of

low risk cancer[3], the demand for a better understanding of the genetic causes of PrCa is

urgent. Although over 163 PrCa risk variants have been identified in different studies[4],

their diagnosis and prognosis relevance remains unclear. Further investigations to identify

and interpret more common variants in PrCa can have great potential to improve precision

diagnosis, and risk prediction.

Leukemia is cancer of the blood cells, usually affecting the white blood cells. There are

four main types of leukemia: acute lymphocytic leukemia (ALL), acute myeloid leukemia

(AML), chronic myeloid leukemia (CML), and chronic lymphocytic leukemia (CLL). Partic-

ularly, AML and ALL are drawing more attention as they progress rapidly without proper

treatment. Despite drastic improvement in cure rates, relapse still occurs in approximately

15% of ALL patients[5]. Prognosis remains poor for AML patients, with less than 30% of

patients surviving within a year of diagnosis[6]. Identifying related GSVs in AML and ALL

3



is necessary and may provide theoretical basis for clinical treatment and prognosis.

1.2 OncoMiner Pipeline

A number of software packages have been developed by various research groups for NGS

data analysis. OncoMiner[7] is a bioinformatics pipeline developed at UTEP initially

for mining a local set of WES data. It was implemented in 2016 as a web server (On-

coMiner.utep.edu) to assist biomedical researchers in our Border Biomedical Research Cen-

ter (BBRC) at UTEP to analyze the datasets obtained from the local population and cell

lines. The pipeline can identify GSVs, link them with associated research literature, vi-

sualize their genomic locations, and compare their occurrence frequencies among different

groups of subjects.

The OncoMiner homepage is shown in Figure 1.2. Users can submit a job by uploading

an input data file and entering an email address. Once the processing is done, the user will

be notified by an email containing a link to the annotated output file. OncoMiner is also

able to generate Cricos diagrams and conduct statistical comparisons for multiple output

files.

Figure 1.2: An overview of Oncominer pipeline
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Because the original design of the current OncoMiner pipeline is centered around the

local datasets, its flexibility to handle different types of NGS datasets in general has not

been fully developed. In particular, the OncoMiner input (OMI) file is limited to a specific

file format set by Otogenetics company, which requires 11 fields including a chromosome

number, location of GSVs, reference base, mutated base, a quality score, the genomic

region, etc. An example of OMI file is shown in Figure 1.3.

Figure 1.3: Oncominer Input file example

In order to use OncoMiner on more general datasets, we need to develop a preprocessing

program to handle the more common NGS files in FastQ, BAM/SAM and VCF formats

and convert them to the OMI format for downstream analysis. The codes for preprocessing

FastQ and BAM/SAM files in parallel environments have already been developed by other

members of our group[8]. I will complete the OncoMiner preprocessing (OP) program by

developing the functionality to preprocess VCF (variant calling format) files. An example

of VCF file is shown in Figure 1.4

Figure 1.4: Variant calling format file example
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1.3 Specific Aims

The specific aims of my M.S. thesis work are:

1. Develop a Python code to efficiently preprocess NGS data files in VCF format and

convert them to OMI files that can be inputted to OncoMiner for further analysis.

Since some of the data files are very large, the runtime is expected to be long. I will

design this code to run with multiprocessing on parallel environments.

2. Evaluate the performance of the code developed in Aim 1, and the parallelization

efficiency using VCF files of various sizes. I will analyze the runtime behavior of the

program with large VCF data files and explore its correlations with input file size,

number of variants, and number of samples.

The work completed for the above aims will be the foundation for my Ph.D. research,

where the goal is to identify a list of candidate GSVs that are likely to be involved in PrCa

or leukemia. A more detailed description of my Ph.D. project plan will be given at the end

of this thesis.
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Chapter 2

Literature Review

In this chapter, I provide some basic information about Acute Myeloid Leukemia and whole

genome sequence (WGS), along with the developed software tools for WGS analysis. At the

end, I also include some brief introduction to related computation techniques and statistical

tools. Material of DNA sequencing and popular programs for WGS analysis can also be

found in basic textbooks.

2.1 Prostate Cancer

Prostate cancer (PrCa) is one of the most common cancers and is among the leading

causes of cancer-related mortality among men. It alone accounts for almost 20% of newly

diagnosed cancer patients in 2018[9]. It occurs in the prostate, a gland in men that produces

the seminal fluid that nourishes and transports sperm. The detection is usually based on

the abnormal prostate-specific antigen because of the lack of obvious symptoms. Age is

closely related to the risk of PrCa. It is rare among men younger than 40 years of age. But

the incidence rate of PrCa increases dramatically after 40 years of age. Only 1 in 10,000

under age 40 will be diagnosed with PrCa, which is low compared to 1 in 39 for ages 40−59

and 1 in 14 for ages 60−69[10].

High throughput technology has enabled us to identify the differences in genome between

individuals. These variants between normal people and PrCa patients may be the cause of

disease. Since 2007, many PrCa risk-associated SNPs have been identified through genome-

wide association studies (GWAS). Till 2018, more than 163 SNPs have been confirmed to

be associated with the risk of PrCa[4]. The effect of a single variant is usually modest, so
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many studies focus on the cumulative risk of a number of genetic variants. Zheng et al

evaluated 16 SNPs from five chromosomal regions (three at 8q24 and one each at 17q12 and

17q24.3) in a Swedish population. They assessed the individual and combined association

of the SNPs with PrCa. Five SNPs were found to be weakly associated with PrCa, but

their combined effect was much stronger[11]. Apart from these five variants, Helfand et

al also identified 4 additional variants located on on chromosomes 2p15, 10q11, 11q13 and

Xp11[12]. They assessed both the independent and cumulative risk of all 9 variants. Results

suggested that PrCa cases had an increased incidence of all 9 risk variants compared to

controls. A cumulative model with all 9 SNPs had greater prostate cancer risk stratification

than a model with the previous 5 SNPs. Particularly, they found that men with 6 or more

variants were at greater than 6-fold increased risk for PrCa. The identification of more and

more variants could provide a better understanding of PrCa risk and also help with the

prediction of incidence and prognosis.

2.2 Acute Myeloid Leukemia and Acute Lymphocytic

Leukemia

Acute Myeloid Leukemia (AML) is a fast-growing form of cancer of the blood and bone

marrow and is the most common type of acute leukemia in adults. It accounts for 1.3%

of new cancer cases in the USA and affects about 0.5% of the population during their

lifetime. Although AML can occur at any age stage, its incidence increases with age, with

a median age at diagnosis of 68 years[13]. Leukemia starts in the tissues that forms blood.

Most blood cells develop from cells in the bone marrow called stem cells. Advances in the

exploration of stem cells and genomics discovery have uncovered the mechanism of how

AML develops. The pathogenesis of AML involves genetic changes in hematopoietic stem

cells and leads to the abnormal proliferation and differentiation of myeloid cells, resulting

in the accumulation of a large number of immature myeloid cells[6].
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The advent of high-throughput sequencing, also known as next generation sequencing

(NGS), has led us to a stage where the genetic landscape of more and more cancers are de-

fined. Many recent studies have revealed relevant genomic landscape and driver mutations

of AML. The Cancer Genome Atlas Project (TCGA) analyzed the genomes of 200 clinically

annotated adult cases of de novo AML using either whole-genome sequencing (50 cases)

or whole-exome sequencing (150 cases), along with RNA and microRNA sequencing and

DNA-methylation analysis. They identified an average of 13 coding mutations in genes,

which is relatively fewer compared with other adult cancers. Among these mutations, at

least one potential driver mutation was found in nearly all AML samples[14].Papaemmanuil

et al in 2016 identified 5234 driver mutations involving 76 genes or regions in 1540 patients.

In accord with the result from TCGA research, at least 1 driver mutation in 1478 of 1540

samples (96%), and 2 or more driver mutations in 86% of samples[15] were identified.

Acute lymphocytic leukemia (ALL) is another type of blood cancer and is the most

prevalent cancer among children and adolescents in the United States, accounting for 20%

of all cancers diagnosed in persons under 20 years old[16]. The American Cancer Society

estimated that about 5930 new cases will appear in U.S. in 2019, with slightly more in men

than in women. T-cell ALL (T-ALL) and B-cell precursor ALL(B-ALL) are two subtypes

of the disease. About 50% of pediatric cases of B-ALL have either a translocation between

chromosome 12 and 21 or hyperdiploidy. In about 60% of pediatric T-ALL, an over-

expression of the transcription factor TAL1 is observed[17]. Several studies have identified

genetic variants located in coding region and microRNAs that are associated with ALL

[18, 19]. These discoveries may provide more insights into the classification, diagnosis and

treatment of AML and ALL.

2.3 Whole Genome Sequencing Analysis

Human genome contains around 3 billion base pairs. Knowledge of DNA sequences plays

a key role in biological and medical discovery. Traditional DNA sequencing methods,
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like Sanger sequencing[20], are very time consuming and costly. Since 21 century, with

the advent and development of rapid DNA sequencing technologies, a large amount of

sequence data is able to be generated efficiently and with low cost. One of the most famous

commerical platforms for next generation sequencing is called Genome Analyser, which was

released by Illumina in 2006. It was able to sequence 1Gb of data in a single run. A series

of more recent sequencers produced by Illumina and other companies were able to yield

data about 30x human genome in less than 30 hours [21], or even more efficient.

Exome is the protein-coding region of the genome. It only constitutes 1-2% of the human

whole genome, but about 85% of known disease-related mutations were found within this

region[22]. So whole exome sequencing (WES) and the analysis and interpretation of these

data could be cost-effective strategies to identify associations between GSV and diseases,

which may lead to better clinical diagnosis and treatments. In this section, I will describe

basic steps for analyzing WGS and/or WES data from these platforms. These steps and

popular softwares for each step are summarized in Figure 2.1.

Fastq is a standard format for storing biological sequence data and is most commomly

used. In general, all raw data from Illumina platforms is in fastq. Othr platforms also

generate standard flowgram format (SFF), binary alignment map (BAM) and so on. Fastq

is a text-based file using four lines for each sequence. It usually starts with a ’@’ character

followed by a sequence identifier. The basic structure is the same as Fasta file, but fastq

contains one line specifing the quality score. Since the data is unaligned raw data, the pre-

processing step includes quality control (QC), alignment and post processing, like removal

of low coverage and duplicate reads [23].

2.3.1 Quality Assessment

The first step after completing the sequencing run is to assess the quality of raw data and

remove reads that do not meet pre-defined criterions. This early identification may reduce

the amount of further downstream analyses. The quality of sequences is measured by a

Phred score QPHRED = −10× log10(Pe), where Pe is the estimated probability of error[24].
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Figure 2.1: General steps for NGS analysis
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Bases with a Phred score less than 20 are usually filtered out, although the criterion may

be modulated by scientists according to their researches preference.The fastq file already

incorporates the quality score. There are also several tools developed to assess the quality

of raw data from NGS.Trimming low quality ends from reads and removal of contamination

reads are also important as the alignment of contaminating sequences to a reference genome

will result in low alignment quality.

2.3.2 Read alignment

After quality control and preprocessing, the next step is to align reads to a reference

genome. This mapping is a classical string match, but due to the sheer amount of NGS

data, this process involves complicated and computationally intensive work. Two main

sources for the human reference genome assembly are the University of Santa Cruz (UCSC)

and the Genome Reference Consortium (GRC). Two human assemblies are basicly the same

but differ in their nomenclature[25]. Alignment results are usually stored in a Sequence

Alignment Map (SAM) or its compressed binary form BAM.

Some bad features of sequences only show up after alignment, which makes post-

processing important. The PCR amplification, which is performed to ensure good coverage

and depth, may introduce duplicate reads to sequence data[26]. These duplicates can affect

further downstream analyses. As a result, it is necessary to remove them before variant call-

ing. Local realignment of insertions and deletions (indels) are also important for improving

accuracy as overlapping reads may have different alignment results in indel regions. Then

base quality score recalibration needs to be performed to confirm the accuracy of Phred

score and correct them if there are errors. After post-alignment processing, sequences are

ready for variant calling.
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2.3.3 Variant Calling

Variant calling is the identification of where aligned reads differ from a reference genome and

writing to a VCF file, which is a widely used format for storing variant information. Due

to different research purposes and various understanding of mutations, there is no standard

category of variants. But in general, they can be classified into three categories by variation

size: single nucleotide variant (SNV), indel and large structural variant (SV)[27, 28].

SNV is a replacement of one base by another base. It could be either a transition

(interchange of the purine (Adenine/Guanine) or pyrimidine (Cytosine/Thymine) nucleic

acids); or a transversion (interchange of a purine and pyrimidine nucleic acid). Short

indels are very common in human genes, range from 1 to tens of bases. They are the

second abundant form of human genetic variation[29]. SV usually includes copy number

variant (CNV), translocation, inversion and other variants in the genome that may change

the structure of coded proteins. CNV is the duplication of the same base or region in a

genome[30]. Inversion is the flip of some region along the genome. Translocation is the

exchange of sequences between two non-homologous chromosomes. Long indels are also

considered as SVs.

According to the location of mutations, it can also be classified as germline mutation

and somatic mutation. Germline mutations are inherited from parents. It arises in germ

cells and can be incorporated into the DNA of every cell and passed to the offspring. In

contrast, a somatic mutation is detected in a single cell and can not be inherited. It only

affects tissues derived from the mutated cell.

Variant calling algorithms identify potential mutations by comparing mapped reads to

the reference genome. But different programs may adopt different approaches. Techniques

used in these algorithms will be covered in section 2.4. The results of variant calling are

typically stored in a VCF file. A VCF file is composed of meta-information lines, a header

line, and data lines. Meta-information lines describe the date of creation and file format

and specify entries of columns in the data section. The header line names 8 required fields

and may include other optional columns. Each line in data section represents a variant,
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containing all information specified in the header line.

2.3.4 Annotation

Once variants are detected, we want to find their associations with some specific gene

features. Variants need to be annotated with attributes such as genomic feature, gene

symbol, exonic function, and amino acid change. Additional information, including minor

allele frequency (MAF) in normal populations, experimental evidence from clinical assays,

deleterious prediction of variant function, and collection of variants and genes in known

cancer or genetic disease studies are also attached[31]. Most tools focus on the annota-

tion of SNVs and indels in protein-coding region using information from publicly available

database, like dbSNP, 1000 genome project, COSMIC, etc.

2.3.5 Visualization

In order to take full advantage of these genome sequence data and associated annotations,

we sometimes need to transform test-based information into a picture to make sense of

distribution features of data, which could help us understand the structure of our data.

2.3.6 Prioritization and Filtration

Variant calling usually produces thousands to millions variants. This large candidate list

needs to be reduced to detect novel mutations from common polymorphisms. Filtration and

prioritization include three steps[31, 32]. The first step is removal of less reliable variant

calls, which includes variants with low quality, strand biased, located in SNV clusters,

and/or supported by low-confidence read alignment. The second step is to restrict variants

to those of relatively low population frequency, since a huge proportion of human diseases

are caused by rare mutations[33]. The third step is to prioritize the variants related to the

disease according to their predicted coding-effects. The last step is the most important

one as the database-related annotation is limited to known disease and variants but most
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variants could remain unknown. This step usually adopts machine learning algorithm or

statistical methods to predict functional impact of variants. Only deleterious variants will

be selected for further analysis.

2.3.7 Functional Effect Analysis

Further downstream analysis comes to the system biology of cancer cells, for example

pathway analysis and network-based analysis. Studying interactions between components

can improve the cancer treatment. This analysis can identify genes as a group that are

directly associated with disease or pathological phenotypes[34].

2.4 Available Softwares Programs

Numerous bioinformatics and computational tools have been well established and applied

in the variant analysis[20-63]. The underlying algorithms of these tools differ a lot and

some comprehensive reviews have been carried out to compare and evaluate these tools. In

this section, I will, for each step mentioned above, introduce several popular programs that

can be applied. Also, some programs could incorporate several features and functionalities

that are applied to different steps. At the end, some complete analytical pipelines will be

discussed.

2.4.1 Quality Control Tools

Most sequencers will generate a quality report as part of their functionalities, but usually

this can only identify problems caused by the sequencer itself. So we need some other tools

to evaluate the quality of raw sequence data. FastQC[35] aims at providing a QC report

that can point out problems originate either in the sequencer or in the starting library

material. It accepts files from a variety of formats and assesses the quality of sequences by

Phred score, GC content, PCR duplication rate, read depth and other statistical inferences.
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It is compatible with all main sequencing platforms.

With the QC report, researchers can determine whether preprocessing steps need to be

carried out. Cutadapt[36] is capable of finding and removing adapter sequences, primers,

poly-A tails and other types of undesired sequence. Trimmomatic[37] includes a variety of

processing steps for read trimming and filtering, but it is famous for handling paired-end

reads.

2.4.2 Alignment Tool

Several alignment tools have been established including Bowtie and Bowtie2[38, 39], MAQ[40],

BWA[41], SOAP, SOAP2 and SOAP3[42–44], Eland (Illumina suite), NextGenMap[45],

rHAT[46]. Among these aligners, the three most commonly used are BWA, Bowtie (1 and

2) and SOAP(1, 2 and 3).

Bowtie(1 and 2), SOAP(2 and 3) and BWA all use Burrows-Wheeler Transformation

techniques. Bowtie is a ultrafast, memory-efficient short read aligner that aligns 35-base

pair (bp) reads at a rate of more than 25 million reads per CPU-hour. Bowtie2 extends the

original version to allow gapped alignment using dynamic programming. It is also capable

of aligning long reads. BWA is a short read aligner allowing mismatches and gaps. The

updated version BWA-SW[47] can align long sequences up to 1 MB against a large sequence

database with memory footprint less than 4 GB. SOAP is also a short read aligner that

allows for gaps and mismatches. Three versions differ in alignment speed, memory usage

and length of reads.

Picard(MarkDuplicates) and SAMtools[48] can be use to remove PCR duplicates. Pi-

card is a set of command line tools written in Java. It identifies read duplicates according to

their same 5’ site coordinates and orientation. SAMtools is a library and software package

for parsing and manipulating alignments in the SAM/BAM format[48]. It can not only

remove duplicates, but also convert other alignment formats, sort alignments, call SNPs

and small indels and view alignments in text.
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2.4.3 Variant Calling Tools

Some popular variant calling programs for SNV and small indels include SAMtools, GATK

[49] and VarScan2[50]. GATK, short for The Genome Analysis Toolkit, conducts germline

variant calling based on bayesion approaches. It first produces the BAM file using BWA.

After some necessary manipulations aforementioned, it calls variants for each sample read,

then analyzes variants against known variants, and applies a calibration procedure to com-

pute a false discovery rate for each variant. Variants are marked as homozygous (1/1) or

heterozygous (0/1) in the sample column of the VCF file. The most updated version is

GATK4, which incorporates Picard and extends functionality into copy number and so-

matic analyses and offers pipeline scripts for workflows. VarScan2 is a platform-independent

mutation caller written in Java. It can take a tumor sample and the corresponding normal

sample simultaneously and uses a heuristic and statistical algorithm to classify somatic sta-

tus and detect CNVs in exome data from tumornormal pairs according to the read depth,

base quality, variant allele frequency, and statistical significance.

FreeBayes[51] is a haplotype-based variant detector to find SNVs,indels and SVs for

short sequences. To start, it needs an alignment file (BAM) and a reference genome (fasta).

Then based on its Bayesian statistical framework, it detects and reports variants in a

standard VCF file. A comparison of eight variant callers including the three mentioned

here[52] suggests that FreeBayes has the best sensitivity when detecting variants with

extreme allele frequencies.

2.4.4 Annotation Tools

Tools and packages for annotating variants include but are not limited to ANNOVAR [53],

SnpEff[54], SnpSift[55], MuTect[56], VAT[57]. ANNOVAR is able to perform annotations

of variants with different levels based on their functional effects, conserved genomic regions,

predicted transcription factor binding sites, predicted microRNA target sites and predicted

stable RNA secondary structures. To use the command-line driven software, one needs
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to download required annotation datasets. The output shows the location of each variant

with respect to genes and amino acid changes caused by the mutation. SnpEff annotates

variants based on their genomic locations and predicts coding effects of genes. It contains

a pre-built database with over 20000 reference genomes, but also allows users to build

their own database if needed. SnpSift is always used together with SnpEff to filter out

significant variants. MuTect applies a Bayesian classifier for detecting somatic mutations

with very low allele fractions, requiring only a few supporting reads, followed by carefully

tuned filters that ensure high specificity. VAT annotates variants from multiple personal

genomes at the transcript level and obtain summary statistics across genes and individuals.

The most distinguishable feature of VAT is its cloud computing capability, which provides

tremendous storage, scalable compute resources and ability to share data for collaboration.

2.4.5 Visualization Tools

Visualization tools provide an interactive and intuitive graphical view of genomic data. A

very popular tool is called Integrative Genomics Viewer (IGV)[58]. It supports flexible

integration of many genomic data types including aligned sequences, mutations, copy num-

ber, gene expression, methylation, and genomic annotations. Another commonly used tool

is UCSC genome browser.

2.4.6 Prioritization and Filtration Tools

Tools like VAAST2[59], VarSifer[60], KGGseq[61], have be developed to filter and prioritize

variants. Aforementioned prediction tools are limited to known variants. Some prediction

programs like PolyPhen-2[62], SIFT[63], FATHMM[64], PROVEAN[65], can be utilized for

prediction effects of both known and novel variations.
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2.4.6.1 PolyPhen2 and SIFT

PolyPhen-2, available as standalone software or via web server, predicts functional effects

of non-synonymous SNVs in human using a naive Bayes classifier. The prediction is based

on eight sequence and three structural features selected using an iterative greedy algorithm.

PolyPhen-2 score ranges from 0 to 1, which suggests the probability that a substitution is

deleterious. Variants with values closer to 0 are predicted to be benign and with values

closer to 1 are damaging.

SIFT uses sequence homology-based approach to predict the impact of amino acid

substitutions on protein function. SIFT is able to distinguish deleterious SNVs from neutral

variants in human and does not require the information of protein structures. SIFT adopts a

similar scoring scheme to PolyPhen-2, but with opposite meaning. It searches the databases

for related protein sequences. The multiple alignment of query sequence from PSI-BLAST

is converted into a position specific scoring matrix (PSSM). In this case, PSSM is an l ×

20 matrix where l is the length of the protein sequence. Each entry, pca, is the probability

of amino acid a at position c of the protein where c ranges from 1 to l and a is any one of

the 20 amino acids. pca is estimated using the following formula[66]:

pca =
Nc

Nc + Bc

· gca +
Bc

Nc + Bc

· fca (2.1)

where Nc is the total number of sequences in the alignment, gca is the sequence-weighted

frequency that amino acid a appears at position c in the alignment, fca is the pseudo-count

that amino acid a appears at position c and Bc is the total number of pseudo-count.

The score is then normalized on the amino acid with the highest pca. It represents the

probability that the amino acid change is tolerated. A variant with a SIFT score close to

zero (The cutoff is usually set at 0.05) is considered deleterious. Since the prediction only

depends on the sequence, false positive rate could be increased if aligned sequences are

closely related. So in the output they also provide a median sequence conservation value,

ranges from 0 to 4.3, to show the diversity of aligned sequences. A warning will appear

if the median conservation value is greater than 3.0, which means the confidence of the
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prediction is low.

2.4.6.2 FATHMM

FATHMM is a sequence-based algorithm which combines evolutionary conservation in ho-

mologous sequences with pathogenicity weights, representing the overall tolerance of pro-

teins. It can be applied to both human and nonhuman species. If an unweighted prediction

is requested, the predicted magnitude of the effect on protein function is calculated using

the following formula:

unweighted = ln
Pm/(1− Pm)

Pw/(1− Pw)
(2.2)

where Pw and Pm are underlying probabilities for the wild-type and mutant amino acid

residues, respectively. For an improvement in human, a weighted prediction is used as

follows:

weighted = ln
(1− Pw)(Wn + 1)

(1− Pm)(Wd + 1)
(2.3)

where Wd and Wn are the pathogenicity weights, representing the relative frequencies of

disease-associated and functionally neutral amino acid substitutions mapping onto the rel-

evant hidden Markov model, respectively.

Scores close to zero suggest that there is no significant effect in the underlying amino

acid substitution. However, scores below zero suggest that the substitution is unfavorable

and scores greater than zero suggest that a favorable substitution is observed.

2.4.6.3 PROVEAN

PROVEAN is an alignment-based algorithm that can predict the functional impact for all

kinds of protein sequence variations (single amino acid substitutions, multiple substitutions

and indels). It measures the change in sequence similarity of a query sequence to a protein

sequence homolog before and after the introduction of an amino acid variation to the query

sequence. This change in the alignment score is used as the implication of the effect of

sequence variation.
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In the first step, PROVEAN searches the databases for a set of clusters of homologous

and distantly related sequences. Then a delta score, ∆(Q, v, S) is defined to represent

the the change in sequence similarity. Here, Q is the query protein sequence and v is the

variation with respect to its homologous sequence S. So,

∆(Q, v, S) = A(Q′, S)− A(Q,S) (2.4)

After calculating the delta score for each sequence, an average delta score is computed

within each cluster. Again, the delta score is averaged among clusters. The equation is as

follows:

score =
1

N

N∑
c=1

(
1

Nc

Nc∑
i=1

∆c,i) (2.5)

where N is the number of clusters in the supporting set, Nc is the number of supporting

sequences in the c-th cluster, and ∆c,i is the delta score of the i-th supporting sequence

in the c-th cluster. This average is used as the final PROVEAN score. Low delta scores

are interpreted as amino acid variations leading to a deleterious effect on protein function,

while high delta scores are interpreted as variations with neutral effect on protein. The

threshold is set as -2.5.

Programs introduced in this part are most popular ones. Extensive summaries of func-

tional prediction tools can be found elsewhere[26, 67].

2.4.7 Resources for Functional Effect Analysis

Once candidate variants are identified, it is a common step to determine what biological

processes these variants involve in and select genes that can be functionally linked to

the pathways already known to be involved in the disease. Variants in genes that are

totally unlinked to the known genes or pathways are largely neglected. Gene Ontology

(GO) terms annotate genes according to their cellular components, molecular functions and

biological processes. Pathway analysis provides concrete and detailed functional insight

into the connection between genotype and phenotype[34, 68, 69]. Public databases like
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KEGG[70], Reactome[71] and others are widely used resources. DAVID[72] is a popular

web-based tool to provide functional interpretation of user defined gene list. Databases

like DrugBank[73] can provide links between drugs and their targets (variants), which

could help with exploring how functional variants affect drug efficacy and adverse effects.

Protein-protein interaction network is a good way to explore relationships between different

proteins.

2.4.8 Complete Analytical Pipelines

Each of the program mentioned above can perform one or several steps in the workflow

of WGS analysis. But it could be inefficient if one wants to conduct the complete anal-

ysis. Fortunately, there are some pipelines that integrate these tools into a single work-

flow. Here I review three recent genome analysis pipelines Fastq2vcf[74], SpeedSeq[75] and

ExScalibur[76].

Fastq2vcf performs the process of generating, annotating and analyzing sequence vari-

ants in a single or parallel computing environment, which distinguishes it from other

pipelines. The users are allowed to specify program parameters and give a basic descrip-

tion of the sequence data. After configuration, three shell scripts will be generated which

can automate analysis steps. FastQc and BWA are used for quality control and sequence

alignment. After formatting the data (Convert SAM to BAM), post-processing , includ-

ing duplicate marking, local realign and base quality score recalibration, are performed by

employing Picard and GATK. The SAMtools, GATK and SNVer[77] are invoked to call

variants and write results in a VCF file. Finally, annotation of variants will be carried out

by ANNOVAR and VEP (ENSEMBLs Variant Effect Predictor[78].

SpeedSeq is an open-source platform that accomplishes alignment, variant detection

and functional annotation in a very rapid speed. It uses BWA-MEN , which is one of the

three algorithms in BWA package, to align paired-end FASTQ files to the human GRCh37

reference genome. The duplication marking is assigned to Samblaster[79]. Then FreeBayes

is run to detect SNVs and indels. LUMPY, SVTyper (A maximum-likelihood Bayesian
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classification algorithm developed by the same team) and CNVnator are used together to

analyze and annotate SVs.

ExScalibur is a WES analysis pipeline that utilizes three alignment and six variant

detection algorithms to perform accurate detections of germline and somatic mutations.

The combination of aligners and callers can be specified by the user. It can be run on

local computers, high-performance computing clusters and cloud environments. At the

completion of each run, ExScalibur will generate a report which shows quality statistics,

aggregates variants and estimates the concordance of all aligner/caller combinations.
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Chapter 3

Materials and Methodology

In this chapter I will describe formally the methods we have used to develop the data

preprocessing program and how we analyzed the performance of the program.

3.1 Materials

We downloaded 148 VCF files from The Cancer Genome Atlas. Each contains mostly

protein coding sequence data from primary tumor tissue and normal tissue of a patient

with PrCa. A 7 GB VCF file containing 29 samples (cancer patients, normal people and

cell lines) were collected locally and used to test program’s capability of handling large

datasets. The file was reduced by different combinations of row and columns, forming 35

subsets of various sizes to analyze the runtime behavior.

The script was first tested on Biolinux07, a x64 Linux system with 4 cores and 16 GB

memory using several PrCa datasets. Then, analyses of performance using all 148 small

files and the large file and its subsets were conducted on our desktop server BinfCompute,

a Linux machine Dell PowerEdge R730 with 32 cores and 256 GB memory. The program

was written in Python3. Required Python modules and reference files are available on the

machines.

3.2 Developing Preprocessing Tool

The OncoMiner preprocessing program is designed to handle the common VCF NGS files

and convert them to the OMI format. The program is named OP-VCF .
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3.2.1 Overall Workflow

The preprocessing tool is composed of three components which can be accomplished by

various scripts. To improve efficiency, the function splitvcf and splitgtf , at the beginning,

split the VCF file and the reference genome by chromosomes into smaller files for parallel

processing. The overall workflow is depicted in Figure 3.1.

1. First, most of the required OMI fields can be extracted directly from the VCF file.

This is done by a script called writecsv .

2. Second, the genomic region type needs to be determined by comparison with a refer-

ence genome containing precise locations for transcripts, exons, and coding regions.

Script vcf func can take the reference genome and VCF file as inputs and return a

dictionary containing all variants and their genomic regions.

3. Then, the amino acid change types of variants within exome is determined by com-

parison with the original sequence and codons. This step is also accomplished by

vcf func.

4. The last function writeOMI combines these information and write a final OMI file.

The program can also record the number of chromosomes and variants, variants per chro-

mosome and runtime for each VCF file.

3.2.2 GSV Identification

After splitting the VCF file and extracting most of required information (chromosome

number, position, etc), the parse vcf then proceeds to parse the GSV information stored in

the VCF file. Variants are first filtered out if sequencing depth is less than five. Then, the

classification of genomic region type for each variant is based on human genome assembly

hg38 obtained from UCSC Genome Browser [80]. The reference information is stored in

the form of a gene transfer format (GTF) file (Figure 3.2), which contains the start and
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Figure 3.1: Workflow through which a VCF file is processed to an OMI file

end positions of all genes (4th and 5th column), coding regions (6th and 7th column)

and exons (last 2 columns). According to this information, all GSVs can be classified

using the decision tree shown in Figure 3.3[8]. Each unique GSV in the OMI file has an

identifier consisting of the chromosome number and the position of the variant within the

chromosome.

3.2.3 Determination of the Change Type of Amino Acid

For variants that are located within the exon, we need to determine whether the corre-

sponding amino acid for which they code will be changed. We compared mutated sequence

with the reference sequence. By looking up the dictionary for all 64 codons, the change type

26



Figure 3.2: Example of a GTF file

Figure 3.3: Decision tree. Variants are classified based on their positions in transcripts

of amino acids (synonymous or non-synonymous) could be identified. A function writeOMI

then writes genomic region type and change type of amino acid (if applicable) to the OMI

file to finalize the whole process.

3.2.4 Parallelization and Implementation

Our program makes use of the Python multiprocessing module to run the script in parallel.

Each chromosome-specific VCF file will be assigned to a core. Users are allowed to specify

the number of cores to be used. The only part that was in serial was splitvcf and splitgtf .

Though the VCF file is processed by chromosome, each sample in the file will end with

a complete OMI file containing all chromosomes in the orginal file. The OP-VCF was

implemented on BinfCompute using various cores.
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3.3 Analyzing Performance of the Script

Performance of parallelization was first evaluated by efficiency of core usage. We have

recorded runtimes of 148 VCF files using various cores and calculated speedup(Sp) and

efficiency(Ep) as Sp=T(1)/T(P) and Ep=Sp/p, where T(p) is the measured runtime using

p cores with varying p = 1, 2, 4, 8, 16, and 24. Then, we split the original large VCF file

into 35 subsets of various sizes consisting of different combinations of rows and columns.

Rows were reduced rows to 1/10, 1/5, 1/4, 1/3, 1/2 of the original file respectively. Then

for each generated file, columns (samples) were removed and left with 24, 19, 15, 10, 5, 1

respectively. These files were run with 8 cores on BinCompute to explore correlations of

runtime with input file size, number of variants and number of samples. Statistical analysis

of efficiencies and runtimes were performed using R.
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Chapter 4

Results and Discussion

In this chapter I present the main result upon which this thesis is centered—runtimes of

different files using various cores and behavior analysis of the program.

4.1 Feasibility of the Script

The OP-VCF program has been successfully implemented on both Biolinux07 and Binf-

Compute described in chapter 3. However, when we were testing large files on Biolinux07,

some processes were either stopped by the system or entered an uninterruptable status. We

monitored memory usage and noticed that all physical memory (16GB) was used together

with a large fraction of swap memory. Therefore, the testing processing of large files was

only conducted on BinfCompute since it has more memory. The program is able to take

VCF files as input and produce OMI files that can be correctly accepted by OncoMiner.

Table 4.1: Average runtimes (in seconds) of different steps on BinfCompute using
1, 8 and 24 cores

Function 1 core 8 cores 24 cores

writecsv 2.39 0.37 0.13

vcf func 10.20 2.02 1.19

writeOMI 4.83 0.69 0.28

Others 3.69 3.64 3.66

Total 21.04 6.70 5.26
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We first ran some small files (from 441 KB to 910 KB) on both computers and found

that runtime behaviors were similar. Then we moved on to test all 148 files on BinfCompute

using 1,2,4,8,16 and 24 cores. The file size ranges from 244 KB to 1.95 MB. The overall

runtime and runtimes of different steps are summarized in Table 4.1. For these small files,

determination of genomic region type takes a large fraction (48.5% using 1 core) of the

total time. However, this part is parallelized in the program and the decrease in runtime

using more cores is substantial. The only part that needs to be run sequentially is the

preparation for parallelization, splitvcf and splitgtf (runtime displayed as Others in table).

However,parallelization of other steps could offset the time spent in splitting.

Figure 4.1: Average runtimes for test datasets on BinfCompute

Average runtimes using 1, 2, 4, 8, 16 and 24 cores are displayed in Figure 4.1. As the

number of cores increases, the speedup is quite substantial. The highest speedup achieved

was 4.001 using 24 cores. This is not surprising as Amdahl’s law says that speedup of a
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task at fix workload is always limited by the fraction of serial part Fs[81]. If we look at

the runtime using 1 core, the serial part(shown as Others) is about 17.54% of the overall

runtime. So, speedup using multi-cores can not exceed 1/Fs, which is 5.7. Also, there were

a lot of Input/Output in the program. Therefore, the actual speedup was below the desired

one.

Also, we evaluated overall efficiencies of using multiple cores. To visualize efficiencies,

we set up a baseline efficiency value for each core used. If no speedup was achieved, the

baseline value would be 1/p, where p is the number of cores used. The dashed line in

Figure 4.2 represents baseline efficiencies and solid line shows actual efficiencies. The best

efficiency is achieved at 2 cores. This is not surprising as we know increasing number of

cores always decreases efficiency.

Figure 4.2: Average efficiencies for various cores on BinfCompute

The implementation of OP-VCF program on our local machine BinfCompute showed
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good performance. Since VCF files were split and processed by chromosome, there were

a lot of opening and closing of files (I/O). These waiting times resulted in a less desirable

speedup set by Amdahl’s law.

Next,we moved to large VCF files to analyze runtime behaviors. For this part we only

used BinfCompute since the out of memory problem occurred on Biolinux07 for some of

those files, which suggested that memory constraint could be a problem of our program.

As runtimes of these files could be in the order of tens of hours, we decided to only tested

them using 8 cores after comparing speedup and efficiencies of different cores.

4.2 Capability of Handling Large Datasets

Since the 7 GB VCF file is the only large file we obtained, we started to generate subfiles

from the orginal one to explore how runtime performs with different sizes, rows or columns.

We got 35 subfiles in total with file size ranging from 193.8 MB to 3.7 GB. Then we ran

the program on these files using 8 cores. Runtimes varied from 35.7 minutes to 39.7 hours

(see Figure 4.3).

From the graph, it is obvious that runtime follows a linear trend with respect to input file

size. A simple linear regression suggested that the Pearson correlation coefficient r=0.9764

is significant (p value < 2.2×e−16). However, these subfiles were all generated from the same

file, which contains around 3300 lines meta information. This part is the same in each file

but was not processed by the program. This prompted us to explore more straightforward

factors that may correlate with the runtime. We counted number of variants and samples in

each subfile and looked into how they affect the runtime behavior. This time the correlation

of runtime and number of samples was 0.570 with p value = 3.5×e−4. Because the number

of rows in each subfile was represented as the fraction of rows in the original file, we scaled

them up to some small integers by multiplying each fraction by the common factor of

denominators in all fractions. We also saw a significant positive correlation of runtime with

number of variants (r=0.718, p value = 1.2×e−6).
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Figure 4.3: OP-VCF runtimes versus input file size

We noticed that on BinfCompute, the fraction of time spent on writeOMI was much

longer compared with that for small files. Two possible reasons could be I/O issues and

comparison. Since each sample is processed by chromosome, each core needs to access the

OMI file and write outputs. This can cause some delay. Also, information extracted from

VCF file needs to be compared with parsing information. Only if chromosome number and

position in two parts match, they can be combined and written to output. As it requires

a search in nested loop involving up to hundreds of thousands variants, the runtime in

this part could be substantially long. In consideration of these factors, this runtime is not

unacceptable but we still wish to cut it down further to make our program more efficient.

To explore overall relationship of both factors with runtime, we fitted a multiple linear

model to runtime with number of variants (scaled) and samples. The regression equation
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is as follows:

Runtime = −787.2 + 0.44× (# thousand variants) + 38.4× (# samples) (4.1)

The p value of F test was 1.7×e−13. It means the overall relationship is significant.

Adjusted coefficient of determination R2 was 0.83, indicating that 83% variation in the

runtime can be explained by its relationship with number of variants and samples. This

equation can help us estimate runtimes when we get new data files, which will result in a

better planning of any future work that might involve large datasets.
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Chapter 5

Conclusion and Future Work

In this chapter, I conclude my M.S. thesis project and propose problems for my Ph.D.

dissertation research as future work.

5.1 Conclusion

Our preprocessing script OP-VCF is able to process NGS data in VCF format and produce

OMI files that can be accepted by OncoMiner for downstream analysis. This script fills

the gap between NGS data in VCF format and OncoMiner, and enables OncoMiner to an-

alyze NGS data in the most common file formats. The multiprocessing approaches worked

successfully in the functions writecsv , vcf func and writeOMI . Parallelization effciencies

were reasonable using multiple cores and can offset time spent in serial parts splitvcf and

splitgtf .

5.2 Future Work

For future work, we will incorporate more functionalities into OncoMiner to make it a

complete pipeline for NGS analysis. Figure 5.1 indicates how OncoMiner is fitted into

the NGS analysis workflow. Then we will use OncoMiner on our PrCa and leukemia

datasets to identify cancer-related variants and their corresponding genes, as predict their

functional effects. By constructing functional interactions among genes, we aim at providing

a scientific theoretical basis that can eventually help to design more precise and effective

methods of diagnosis and treatment for these cancers.
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Figure 5.1: OncoMiner functionalities fitted into NGS workflow

5.2.1 Finalize the OncoMiner Preprocessing Program

As mentioned previously, we still plan to modify the writOMI function within the OP-VCF

program to further cut down the runtime. Instead of comparing and writing variant by

variant, I will try to first combine the information of all variants together in a list, and then

write the whole list to the OMI file. In theory, this could increase the memory usage at

some point. I plan to investigate into the balance of memory usage and runtime to optimize

efficiency.

Now that we have demonstrated that our OP-VCF program works to produce correct
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OMI files, and it is capable of processing large files in parallel. I will combine OP-VCF with

the other two programs developed by our group for preprocessing FastQ and BAM/SAM

files to complete the OncoMiner data preprocessing module. This module will be incorpo-

rated into the current OncoMiner pipeline, using the web framework web.py, on the UTEP

High-Performance Cluster, HPC Version 3.2[7].

5.2.2 Analysis of Cancer Datasets

Once the OncoMiner preprocessing program is in place, we will be ready to analyze our

entire collection of PrCa files from TCGA as well as the leukemia datasets. The compilation

of all these datasets are now still in progress and is being done in collaboration with two

undergraduate researchers in our group.

We download 503 VCF files from TCGA-PROD project, each representing one PrCa

patient. Each case contains a primary tumor sample and either a normal blood sample or

solid tissue sample. We will use OncoMiner to do comparative analysis of two samples in

each case and filter out common variants which in general are presumed to be more likely

to be neutral. Variants that have statistically significant difference between tumor and

normal samples will be picked out for further analysis. One possible pitfall at this stage of

my project is unexpected errors in various OncoMiner function might occur. This is not

at all unusual when a recently developed piece of code is applied to a new set of data. I

expect that some time will have to spent on debugging parts of the OncoMiner code.

Based on PROVEAN score calculated by OncoMiner, genes contain those potentially

deleterious variants will be bioinformatically analyzed using DAVID[72] to perform the

GO term annotation to annotate the unique biological functions. We can then use Kyoto

Encyclopedia of Genes and Genomes (KEGG)[70] to analyze their signaling pathways.

Enriched GO terms and KEGG pathways will be selected to analyze how mutant genes

affect biological processes. To further investigate the potential links between these mutant

genes, we are going to construct these genes into a protein-protein interaction (PPI) network

using STRING[84]. Cytoscape[85] could be used to visualize interacted protein pairs. As
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detected gene mutations may be potential biomarkers, we will report them for further

experimental validation.

Also, we have a 7 GB VCF file, which was collected at local hospital and UTEP. This

file contains 29 samples from ALL patients, cell lines, and normal individuals. Our group

also have collected the data of 35 AML patients in BAM format. These datasets were

downloaded from TCGA. The same strategy can be applied to this collection of datasets

to detect leukemia related gene mutations, followed by downstream analyses as described

in the previous paragraph.

5.2.3 Development of Ensemble approach/Integrated Algorithm

OncoMiner adopts PROVEAN score as a measure of the functional effects of protein se-

quence variations. It uses a “delta score” to represent alignment difference before and

after the introduction of variant. There are currently other functional prediction tools like

Polyphen-2, SIFT and FATHMM. They applied different machine learning methods and

scoring schemes. A summary of these tools is displayed in Table 5.1. Their underlying

algorithms have been reviewed in section 2.4.

Table 5.1: Basic information about 4 popular prediction tools

Prediction tool Score range Cutoff of deleteriousness Method

Polyphen-2 0 - 1 >0.5 Naive Bayes classifier

SIFT 0 - 1 <0.5 Homology-based approach

FATHMM 0 - 1 >0.5 Hidden Markov model

PROVEAN -40 - 20 <some threshold(eg.-2.5) Alignment-based delta score

Many studies[83, 86] have compared the effectiveness of these widely used pathogenic

variant predictors. Although each tool may outperform others in some aspect, some

studies[82, 83] indicate that the accuracies of contemporary functional prediction tools are

likely to be considerably lower than reported in their original method publications. I will
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compare the results of OncoMiner, which uses the PROVEAN alignment-based algorithm,

against those from other common prediction tools. We will consult experienced biomedical

researchers who can help us by reviewing the resulting GSVs to provide expert opinions

regarding the prediction accuracies of the different algorithms. From these I will attempt

to create either an ensemble approach or an integrated algorithm that can achieve higher

prediction accuracy. After incorporating the new algorithm into OncoMiner pipeline, it

can be further tested on other cancer datasets as well.

5.2.4 Timeline

Table 5.2 summaries the tentative timeline for future work to be completed.

Table 5.2: Timeline for the completion of this work

Date Tasks to complete Goals

May. - Aug. 2019 Incorporate the script into OncoMiner Resolve potential errors

Sept. - Dec. 2019 Analyze GSVs in PrCa and AML Poster presentation at a conference

Jan. - May. 2020 Compare different prediction tools Prepare first paper

Jun. - Aug. 2020 Develop an integrated algorithm Submit first paper

Sept. - Dec. 2020 Incorporate the algorithm into OncoMiner Give a talk at a conference

Jan. - May. 2021 Analyze variants in non-coding regions Dissertation and second manuscript

Jun. - Aug. 2021 Finalize dissertation Dissertation defense and paper published
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Appendix A

OP-VCF Program

A.1 Main Function and Generating Subfiles

from parse VCF import v c f f u n c

from VCF2CSV import wr i t e c sv

from f u n c t o o l s import p a r t i a l

import csv

import vc f

import gc

import time

import sys

import os

import pdb

import xlwt

from x l u t i l s . copy import copy

from x l rd import open workbook

import mul t i p ro c e s s i ng

from f u n c t o o l s import p a r t i a l

import r e s ou r c e

#Function combines a l l in format ion and w r i t e s an OMI f i l e

def writeOMI ( i n f i l e , o u t f i l e , n e w f i l e ) :

s t a r t=time . time ( )
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f 1=open( o u t f i l e , ’ r ’ )

rows=csv . r eader ( f 1 )

f 2=open( newf i l e , ’ a ’ , newl ine=’ ’ )

w r i t e r=csv . w r i t e r ( f 2 )

for row in rows :

for key in i n f i l e :

i f ( row[1]== i n f i l e [ key ] [ 0 ] and row[2]== str ( key ) ) :

for i in range ( len ( i n f i l e [ key ] [ 1 ] ) ) :

row . i n s e r t (2 , i n f i l e [ key ] [ 1 ] [ i ] )

row . append ( i n f i l e [ key ] [ 2 ] [ i ] )

row . append ( i n f i l e [ key ] [ 3 ] [ i ] )

w r i t e r . writerow ( row )

del row [ 2 ]

del row [−2]

del row [−1]

break

f 1 . c l o s e ( )

f 2 . c l o s e ( )

end=time . time ()− s t a r t

del rows

gc . c o l l e c t ( )

#Function t h a t s p l i t s VCF f i l e by chromosome f o r p a r a l l e l p r o c e s s i n g

def s p l i t v c f ( v c f f i l e ) :

s t a r t=time . time ( )

for i in range ( 1 , 2 3 ) :

v c f r e a d e r = vc f . Reader (open( ’%s ’ %( v c f f i l e ) , ’ r ’ ) )
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outvc f=open( ’ chr ’+str ( i )+ ’ . vc f ’ , ’w ’ )#names [ ’ chr%s ’ %i ] = [ ]

my out=vc f . Writer ( outvcf , v c f r e a d e r )

for r ecord in v c f r e a d e r :

i f ( r ecord .CHROM== ’ chr ’+str ( i ) ) :

my out . w r i t e r e c o r d ( record )

outvc f . c l o s e ( )

v c f r e a d e r = vc f . Reader (open( ’%s ’ %( v c f f i l e ) , ’ r ’ ) )

outvc f1=open( ’ chrX . vc f ’ , ’w ’ )

outvc f2=open( ’ chrY . vc f ’ , ’w ’ )

my out1=vc f . Writer ( outvcf1 , v c f r e a d e r )

my out2=vc f . Writer ( outvcf2 , v c f r e a d e r )

for r ecord in v c f r e a d e r :

i f ( r ecord .CHROM== ’ chrX ’ ) :

my out1 . w r i t e r e c o r d ( record )

e l i f ( r ecord .CHROM== ’ chrY ’ ) :

my out2 . w r i t e r e c o r d ( record )

else :

continue

outvc f1 . c l o s e ( )

outvc f2 . c l o s e ( )

end=time . time ()− s t a r t

del v c f r e a d e r

gc . c o l l e c t ( )

print ( ’Time f o r gene ra t ing vc f f i l e s : ’+str (round( end))+ ’ s ’ )

return end

#Function t h a t s p l i t s r e f e r e n c e f i l e by chromosome f o r p a r a l l e l p r o c e s s i n g
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def s p l i t g t f ( g t f d i r ) :

s t a r t=time . time ( )

f i l e g t f=open( g t f d i r , ’ r ’ )

f l a t=f i l e g t f . r e a d l i n e s ( )

f i l e g t f . c l o s e ( )

for i in range ( 1 , 2 3 ) :

myout=open( ’ chr ’+str ( i )+ ’ r e f . txt ’ , ’ a ’ )

myout1=open( ’ chrX re f . txt ’ , ’ a ’ )

myout2=open( ’ chrY re f . txt ’ , ’ a ’ )

for l i n e in f l a t :

i f ( l i n e . s p l i t () [2]== ’ chr ’+str ( i ) ) :

myout . wr i t e ( l i n e )

e l i f ( l i n e . s p l i t () [2]== ’ chrX ’ ) :

myout1 . wr i t e ( l i n e )

e l i f ( l i n e . s p l i t () [2]== ’ chrY ’ ) :

myout2 . wr i t e ( l i n e )

else :

continue

myout . c l o s e ( )

myout1 . c l o s e ( )

myout2 . c l o s e ( )

end=time . time ( )

del f l a t

gc . c o l l e c t ( )

print ( ’Time f o r gene ra t ing g t f f i l e s : ’+str (round( end−s t a r t ))+ ’ s ’ )

#Function t h a t counts t o t a l number o f v a r i a n t s , chromosomes and

#v a r i a n t s per chromosome
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def count chrom ( v c f d i r ) :

v c f f i l e=open( ’%s ’%( v c f d i r ) , ’ r ’ )

v c f a l l = v c f f i l e . r e a d l i n e s ( )

chrom =[ ]

var chr =[ ]

v a r t o t a l=0

count=0

chrpoo l =[ ’ chrX ’ , ’ chrY ’ ]

for i in range ( 1 , 2 3 ) :

chrpoo l . i n s e r t ( i −1, ’ chr ’+str ( i ) )

for k in range ( len ( v c f a l l ) ) :

l i n e = v c f a l l [ k ] . s t r i p ( )

v l = l i n e . s p l i t ( )

i f ( v l [ 0 ] in chrpoo l ) :

v a r t o t a l+=1

i f ( v l [ 0 ] not in chrom ) :

chrom . append ( v l [ 0 ] )

var chr . append ( count )

count=1

else :

count+=1

var chr . append ( count )

del var chr [ 0 ]

i n f o =[chrom , var chr , v a r t o t a l ]

v c f f i l e . c l o s e ( )

del v c f a l l

del chrpoo l
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gc . c o l l e c t ( )

return i n f o

i f name ==’ ma in ’ :

v c f d i r = sys . argv [ 1 ] #d i r e c t o r y o f input f i l e

g t f d i r = sys . argv [ 2 ] #d i r e c t o r y o f r e f f i l e

co r e s = int ( sys . argv [ 3 ] ) #number o f cores to be used

v c f s=os . l i s t d i r ( v c f d i r )

#remove non−v c f f i l e s under v c f d i r

v c f s =[ va lue for value in v c f s i f value . endswith ( ’ . v c f ’ ) ]

( re fpath , gtfname ) = os . path . s p l i t ( g t f d i r )

########## c r e a t e the e x c e l f i l e to record runtimes i f f i l e does not e x i s t

i f (not os . path . e x i s t s ( ’ runtime . x l s ’ ) ) :

workbook=xlwt . Workbook ( )

sheet1=workbook . add sheet ( ’ sheet1 ’ , c e l l o v e r w r i t e o k=True )

colname=[ ’ f i l ename ’ , ’ S i z e ’ , ’# GSVs ’ , ’# chroms ’ , ’# o f samples ’ ]

for i in range ( len ( colname ) ) :

sheet1 . wr i t e (0 , i , colname [ i ] )

workbook . save ( ’ runtime . x l s ’ )

########## d e a l wi th each f i l e

for f i l e in v c f s :

#memory usage at the beg inn ing

st mem=re sou r c e . ge t rusage ( r e s ou r c e .RUSAGE SELF) . ru maxrss /1024

s t a r t i n g = time . time ( )

time0=s p l i t v c f ( v c f d i r+’ / ’+f i l e )

s p l i t g t f ( g t f d i r )

i n f o=count chrom ( v c f d i r+’ / ’+f i l e )

55



( f i l ename , ex tens i on )=os . path . s p l i t e x t ( f i l e )

f i l e s i z e=os . path . g e t s i z e ( v c f d i r+’ / ’+f i l e )/(1024∗1024)

i f ( ’ chrM ’ in i n f o [ 0 ] ) :

i n f o [ 0 ] . remove ( ’ chrM ’ )

vcf by chrom =[b+’ . vc f ’ for b in i n f o [ 0 ] ]

time1=time . time ( )

######## c r e a t e m u l t i p r o c e s s i n g poo l f o r copying in format ion

pool=mu l t i p ro c e s s i ng . Pool ( p r o c e s s e s=cores , maxtasksperch i ld =1)

p o o l l i s t 1 =[ ]

p o o l l i s t 1 =[ pool . apply async ( wr i tecsv , ( vcf by chrom [ i ] , ) )

for i in range ( len ( i n f o [ 0 ] ) ) ]

r e s u l t 1 =[c . get ( ) for c in p o o l l i s t 1 ]

csv name=r e s u l t 1 [ 0 ]

pool . c l o s e ( )

pool . j o i n ( )

time2=time . time ()− time1

print ( ”Time f o r wr i t i ng a l l csv :%.2 f seconds ” %(time2 ) )

######## c r e a t e f i n a l OMI f i l e s and w r i t e the header

for i in range (0 , len ( csv name ) ) :

f 1=open( csv name [ i ] , ’ r ’ )

header=f1 . r e a d l i n e ( ) . s t r i p ( ’\n ’ )

header1=header . s p l i t ( ’ , ’ )

header1 . i n s e r t (2 , ’ gene name ’ )

header1 . append ( ’ change type1 \n ’ )

header1=” , ” . j o i n ( header1 )

f 2=open( f i l ename+’ ’+csv name [ i ] , ’ a ’ )

f 2 . wr i t e ( header1 )
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f 1 . c l o s e ( )

f 2 . c l o s e ( )

#cores=m u l t i p r o c e s s i n g . cpu count ()−1

pool=mu l t i p ro c e s s i ng . Pool ( p r o c e s s e s=cores , maxtasksperch i ld =1)

######## prepare l i s t s c o n t a i n i n g names o f a l l r e f e r e n c e f i l e s

r e f =[b+’ r e f . txt ’ for b in i n f o [ 0 ] ]

genome=[ r e fpa th+’ / ’+’ genome ’+b+’ . f a ’ for b in i n f o [ 0 ] ]

p o o l l i s t =[ ]

######## c r e a t e m u l t i p r o c e s s i n g poo l f o r pars ing

time3=time . time ( )

p o o l l i s t =[ pool . apply async ( vc f func , ( vcf by chrom [ i ] , r e f [ i ] ,

genome [ i ] , ) ) for i in range ( len ( i n f o [ 0 ] ) ) ]

r e s u l t 2 =[c . get ( ) for c in p o o l l i s t ]

time4=time . time ()− time3

print ( ”Time f o r par s ing whole vc f : %.2 f seconds ” %(time4 ) )

time5=time . time ( )

i f ( len ( csv name ) < co r e s ) :

for j in range (0 , len ( csv name ) ) :

p o o l l i s t =[ pool . apply async ( writeOMI , ( r e s u l t 2 [ i ] ,

csv name [ j ] , f i l ename+’ ’+csv name [ j ] , ) )

for i in range ( len ( i n f o [ 0 ] ) ) ]

else :

r e s u l t=r e s u l t 2 [ 0 ] . copy ( )

for j in range (1 , len ( r e s u l t 2 ) ) :

r e s u l t . update ( r e s u l t 2 [ j ] )

p o o l l i s t =[ pool . apply async ( writeOMI , ( r e s u l t , csv name [ k ] ,

f i l ename+’ ’+csv name [ k ] , ) ) for k in
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range ( len ( csv name ) ) ]

pool . c l o s e ( )

pool . j o i n ( )

time6=time . time ()− time5

print ( ”Time f o r wr i t i ng a l l OMI: %.3 f reconds ” %(time6 ) )

######## d e l e t e i n t e r m e d i a t e f i l e s

for i in i n f o [ 0 ] :

os . remove ( i+’ . vc f ’ )

os . remove ( i+’ r e f . txt ’ )

for j in csv name :

os . remove ( j )

en mem=re sou r c e . ge t rusage ( r e s ou r c e .RUSAGE SELF) . ru maxrss /1024

t imes=time . time ()− s t a r t i n g

######## d e l e t e i n t e r m e d i a t e v a r i a b l e s to r e l e a s e memory

del r e s u l t 1

del r e s u l t 2

del p o o l l i s t

del p o o l l i s t 1

gc . c o l l e c t ( )

######## record runtime in format ion to e x c e l f i l e

r e x c e l=open workbook ( ’ runtime . x l s ’ )

f i l e l i s t =r e x c e l . sheet by name ( ’ sheet1 ’ ) . c o l v a l u e s (0 )

header=r e x c e l . sheet by name ( ’ sheet1 ’ ) . row va lues (0 )

rows=r e x c e l . s h e e t s ( ) [ 0 ] . nrows

e x c e l=copy ( r e x c e l )

t ab l e=e x c e l . g e t s h e e t (0 )

#i f f i l ename a l r e a d y e x i s t s , append runtime in format ion
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i f ( f i l ename in f i l e l i s t ) :

f i l e i n d e x= f i l e l i s t . index ( f i l ename )

i f ( c o r e s in header ) :

c o r e i ndex=header . index ( co r e s )

t ab l e . wr i t e ( f i l e i n d e x , core index , t imes )

t ab l e . wr i t e ( f i l e i n d e x , co r e i ndex +1, time0 )

t ab l e . wr i t e ( f i l e i n d e x , co r e i ndex +2, time2 )

t ab l e . wr i t e ( f i l e i n d e x , co r e i ndex +3, time4 )

t ab l e . wr i t e ( f i l e i n d e x , co r e i ndex +4, time6 )

else :

t ab l e . wr i t e (0 , len ( header ) , c o r e s )

t ab l e . wr i t e (0 , len ( header )+1 , ’ g ene ra t ing vc f ’ )

t ab l e . wr i t e (0 , len ( header )+2 , ’ copy csv ’ )

t ab l e . wr i t e (0 , len ( header )+3 , ’ par s ing ’ )

t ab l e . wr i t e (0 , len ( header )+4 , ’ wr i t e OMI ’ )

t ab l e . wr i t e ( f i l e i n d e x , len ( header ) , t imes )

t ab l e . wr i t e ( f i l e i n d e x , len ( header )+1 , time0 )

t ab l e . wr i t e ( f i l e i n d e x , len ( header )+2 , time2 )

t ab l e . wr i t e ( f i l e i n d e x , len ( header )+3 , time4 )

t ab l e . wr i t e ( f i l e i n d e x , len ( header )+4 , time6 )

#i f f i l e does not e x i s t , f i r s t w r i t e f i l e in format ion then runtime

else :

new row=[ f i l ename , f i l e s i z e , i n f o [ 2 ] , len ( i n f o [ 0 ] ) , len ( csv name ) ]

for i in range ( len ( new row ) ) :

t ab l e . wr i t e ( rows , i , new row [ i ] )

i f ( c o r e s in header ) :

c o r e i ndex=header . index ( co r e s )

t ab l e . wr i t e ( rows , core index , t imes )
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t ab l e . wr i t e ( rows , co r e i ndex +1, time0 )

t ab l e . wr i t e ( rows , co r e i ndex +2, time2 )

t ab l e . wr i t e ( rows , co r e i ndex +3, time4 )

t ab l e . wr i t e ( rows , co r e i ndex +4, time6 )

else :

t ab l e . wr i t e (0 , len ( header ) , c o r e s )

t ab l e . wr i t e (0 , len ( header )+1 , ’ s p l i t v c f ’ )

t ab l e . wr i t e (0 , len ( header )+2 , ’ copy csv ’ )

t ab l e . wr i t e (0 , len ( header )+3 , ’ par s ing ’ )

t ab l e . wr i t e (0 , len ( header )+4 , ’ wr i t e OMI ’ )

t ab l e . wr i t e ( rows , len ( header ) , t imes )

t ab l e . wr i t e ( rows , len ( header )+1 , time0 )

t ab l e . wr i t e ( rows , len ( header )+2 , time2 )

t ab l e . wr i t e ( rows , len ( header )+3 , time4 )

t ab l e . wr i t e ( rows , len ( header )+4 , time6 )

e x c e l . save ( ’ runtime . x l s ’ )

######## p r i n t out f i l ename and t o t a l time used

print ( ’Time e lapsed : ’+str (round( times ,2))+ ’ seconds ’ )

print ( ’Number o f c o r e s used :%d ’ %(co r e s ) )

print ( ’VCF f i l ename :%s ’ %( f i l e ) )

print ( st mem )

print (en mem)

import vc f

import gc

for j in range ( 2 , 1 1 ) :

v c f r e a d e r = vc f . Reader (open( ’PROJECT. so r t ed . bam good . vc f ’ , ’ r ’ ) )
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outvc f=open( ’ reduced ’+str ( j )+ ’ . vc f ’ , ’w ’ )

my out=vc f . Writer ( outvcf , v c f r e a d e r )

i=2

for l i n e in v c f r e a d e r :

i f ( i % j ==0):

my out . w r i t e r e c o r d ( l i n e )

i=i+1

del v c f r e a d e r

gc . c o l l e c t ( )

outvc f . c l o s e ( )

#take reduced f i l e s and remove columns one by one

for k in range ( 1 , 2 9 ) :

v c f r e a d e r=vc f . Reader (open( ’ reduced ’+str ( j )+ ’ . vc f ’ , ’ r ’ ) )

outvc f=open( ’ reduced ’+str ( j )+ ’ ’+str ( k)+ ’ . vc f ’ , ’w ’ )

del v c f r e a d e r . samples [−k : ]

my out=vc f . Writer ( outvcf , v c f r e a d e r )

for r ecord in v c f r e a d e r :

my out . w r i t e r e c o r d ( record )

del v c f r e a d e r

gc . c o l l e c t ( )

outvc f . c l o s e ( )

A.2 Extract Information from VCF File

import vc f

import csv

import time

import t i m e i t
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import gc

def wr i t e c sv ( inputvc f ) :

c h r s t a r t = time . time ( )

v c f r e a d e r = vc f . Reader (open( inputvc f , ’ r ’ ) )

ou t f i l e name =[ ]

col name =[ [ ’ var index ’ , ’ chrom ’ , ’ l e f t ’ , ’ r i g h t ’ , ’ r e f s e q ’ , ’ va r s eq1 ’ ,

’ va r s eq2 ’ , ’ count1 ’ , ’ count2 ’ , ’ v a r s c o r e ’ , ’ w h e r e i n t r a n s c r i p t ’ ] ]#, ’ ID ’

index =[ ]

chrom =[ ]

l e f t =[ ]

r i g h t =[ ]

r e f =[ ]

a l t =[ ]

a l t 2 =[ ]

tags =[ ]

names=locals ( )

sample names =[ ]

sample temps =[ ]

ba se poo l =[ [ ’A ’ ] , [ ’C ’ ] , [ ’G ’ ] , [ ’T ’ ] ]

r ecord=next ( v c f r e a d e r )

#dynamica l ly names output f i l e f o r each sample

for i in range (0 , len ( r ecord . samples ) ) :

names [ ’%s ’ %’ ’ . j o i n ( [ char for char in r ecord . samples [ i ] . sample

i f char . isalnum ( ) ] ) ] = [ ]

names [ ’%s ’ %’ ’ . j o i n ( [ char for char in r ecord . samples [ i ] .

sample . lower ( ) i f char . isalnum ( ) ] ) ] = [ ]
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names [ ’ count1%s ’ %i ] = [ ]

names [ ’ count2%s ’ %i ] = [ ]

sample temps . append ( ’ ’ . j o i n ( [ char for char in r ecord . samples [ i ]

. sample i f char . isalnum ( ) ] ) )

sample names . append ( ’ ’ . j o i n ( [ char for char in r ecord . samples [ i ]

. sample . lower ( ) i f char . isalnum ( ) ] ) )

v c f r e a d e r = vc f . Reader (open( inputvc f , ’ r ’ ) )

for r ecord in v c f r e a d e r :

chrom . append ( record .CHROM. s p l i t ( ) )

r i g h t . append ( record .POS)

l e f t . append ( str ( r ecord .POS) . s p l i t ( ) )

r e f . append ( record .REF. s p l i t ( ) )

a l t . append ( record .ALT)

tags . append ( record .FORMAT. s p l i t ( ’ : ’ ) )

for j in range (0 , len ( r ecord . samples ) ) :

eval ( sample temps [ j ] ) . append ( record . samples [ j ] )

for m in range (0 , len ( tags ) ) :

for k in range (0 , len ( r ecord . samples ) ) :

names [ ’ temp%s ’ %k ] = [ ]

for n in range (0 , len ( tags [ 0 ] ) ) :

i f ( tags [ 0 ] [ n ] not in tags [m] [ n ] ) :

for j in range (0 , len ( r ecord . samples ) ) :

eval ( ’ temp ’+str ( j ) ) . append (None )

tags [m] . i n s e r t (n , tags [ 0 ] [ n ] )

else :

for j in range (0 , len ( r ecord . samples ) ) :

eval ( ’ temp ’+str ( j ) ) . append ( eval ( sample temps [ j ] ) [m]
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[ tags [ 0 ] [ n ] ] )

for j in range (0 , len ( r ecord . samples ) ) :

eval ( sample names [ j ] ) . append ( eval ( ’ temp ’+str ( j ) ) )

def ge t index ( i n p u t l i s t ) :

AD=−1

BCOUNT=−1

for j in range (0 , len ( i n p u t l i s t ) ) :

i f ( i n p u t l i s t [ j ]== ’AD’ ) :

AD=j

return AD

e l i f ( i n p u t l i s t [ j ]== ’BCOUNT’ ) :

BCOUNT=j

return BCOUNT

else :

continue

return

index count=ge t index ( tags [ 0 ] )

i f ( len ( chrom)==len ( l e f t )==len ( r e f )==len ( a l t ) ) :

for j in range (0 , len ( r ecord . samples ) ) :

names [ ’ l i s t 0%s ’ %j ] = [ [ ] ] ∗ len ( chrom )

names [ ’ temp%s ’ %j ] = [ [ ] ] ∗ len ( chrom )

index =[num for num in range ( 1 , ( len ( chrom )+1)) ]

s c o r e =[ [ ’ 28 ’ ] ] ∗ len ( chrom )

a l t 2 =[ [ ’ ’ ] ] ∗ len ( chrom )

for i in range (0 , len ( chrom ) ) :

i f ( len ( a l t [ i ] ) >1) :

a l t 2 [ i ]=[ str ( a l t [ i ] [ 1 ] ) ]

a l t [ i ]=[ str ( a l t [ i ] [ 0 ] ) ]
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else :

i f ( r e f [ i ] [ 0 ] < str ( a l t [ i ] [ 0 ] ) ) :

a l t 2 [ i ]=[ str ( a l t [ i ] [ 0 ] ) ]

a l t [ i ]= r e f [ i ]

else :

a l t 2 [ i ]= r e f [ i ]

a l t [ i ]=[ str ( a l t [ i ] [ 0 ] ) ]

index [ i ]=[ str ( index [ i ] ) ]

r i g h t [ i ]=[ str ( r i g h t [ i ]+ len ( r e f [ i ] ) ) ]

i f ( ’BCOUNT’ in tags [ 0 ] ) :

pos1=base poo l . index ( a l t [ i ] )

pos2=base poo l . index ( a l t 2 [ i ] )

for k in range (0 , len ( r ecord . samples ) ) :

eval ( ’ count1 ’+str ( k ) ) . append ( [ eval ( sample

names [ k ] ) [ i ] [ index count ] [ pos1 ] ] )

eval ( ’ count2 ’+str ( k ) ) . append ( [ eval ( sample

names [ k ] ) [ i ] [ index count ] [ pos2 ] ] )

e l i f ( ’AD’ in tags [ 0 ] ) :

i f ( a l t [ i ]== r e f [ i ] ) :

for k in range (0 , len ( r ecord . samples ) ) :

eval ( ’ count1 ’+str ( k ) ) . append ( [ eval

( sample names [ k ] ) [ i ] [ index count ] [ 0 ] ] )

eval ( ’ count2 ’+str ( k ) ) . append ( [ eval

( sample names [ k ] ) [ i ] [ index count ] [ 1 ] ] )

else :

for k in range (0 , len ( r ecord . samples ) ) :

eval ( ’ count1 ’+str ( k ) ) . append ( [ eval
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( sample names [ k ] ) [ i ] [ index count ] [ 1 ] ] )

eval ( ’ count2 ’+str ( k ) ) . append ( [ eval

( sample names [ k ] ) [ i ] [ index count ] [ 0 ] ] )

else :

break

for j in range (0 , len ( r ecord . samples ) ) :

eval ( ’ l i s t 0 ’+str ( j ) ) [ i ]= index [ i ]+chrom [ i ]+

l e f t [ i ]+ r i g h t [ i ]+ r e f [ i ]+ a l t [ i ]+ a l t 2 [ i ]+

eval ( ’ count1 ’+str ( j ) ) [ i ]+eval ( ’ count2 ’+str ( j ) )

[ i ]+ s co r e [ i ]#+normal [ i ]+ID [ i ]

eval ( ’ temp ’+str ( j ) ) [ i ]=eval ( ’ l i s t 0 ’+str ( j ) ) [ i ]

for p in range (0 , len ( r ecord . samples ) ) :

for e l e in eval ( ’ temp ’+str (p ) ) :

i f ( ( e l e [7 ]+ e l e [8])<=5 or e l e [ 7 ] / ( e l e [7 ]+ e l e [8]) <=0.05

or e l e [ 8 ] / ( e l e [7 ]+ e l e [8 ] ) <=0.05) :

eval ( ’ l i s t 0 ’+str (p ) ) . remove ( e l e )

index1 =[num for num in range ( 1 , ( len ( eval ( ’ l i s t 0 ’+str (p ) ) ) + 1 ) ) ]

for q in range ( len ( eval ( ’ l i s t 0 ’+str (p ) ) ) ) :

eval ( ’ l i s t 0 ’+str (p ) ) [ q ] [ 0 ] = index1 [ q ]

for h in range (0 , len ( r ecord . samples ) ) :

names [ ’ f i l e 1%s ’ %h]=open( sample names [ h]+ ’ . csv ’ , ”a” , newl ine=’ ’ )

ou t f i l e name . append ( sample names [ h]+ ’ . csv ’ )

with eval ( ’ f i l e 1 ’+str (h ) ) :

w r i t e r=csv . w r i t e r ( eval ( ’ f i l e 1 ’+str (h ) ) )

w r i t e r . wr i terows ( col name )

w r i t e r . wr i terows ( eval ( ’ l i s t 0 ’+str (h ) ) )

for h in range (0 , len ( r ecord . samples ) ) :
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eval ( ’ f i l e 1 ’+str (h ) ) . c l o s e ( )

end = time . time ()− c h r s t a r t

del index

del chrom

del r e f

del a l t

del a l t 2

for key in l i s t ( locals ( ) ) :

i f ( key . s t a r t s w i t h ( ’ l i s t 0 ’ ) or key . s t a r t s w i t h ( ’ temp ’ ) ) :

del locals ( ) [ key ]

del v c f r e a d e r

gc . c o l l e c t ( )

return out f i l e name

A.3 Parse VCF File

from mul t i p ro c e s s i ng import Pool , Manager

import os

from math import f abs

import sys

from miscVar import AADict

import time

import csv

import gc

MAX DIST = 5000

#f u n c t i o n f o r p r o c e s s i n g vcf , r e t u r n s d i c t

def v c f f u n c ( v c f f i l e , g t f , genome ) :
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c h r s t a r t = time . time ( )

v c f f i l e = open( ’%s ’%( v c f f i l e ) , ’ r ’ )

vc f = v c f f i l e . r e a d l i n e s ( )

v c f f i l e . c l o s e ( )

g t f f i l e = g t f

f = open( g t f f i l e , ’ r ’ )

f l a t = f . r e a d l i n e s ( )

f . c l o s e ( )

s e q f i l e=open( genome , ’ r ’ )

next ( s e q f i l e )

sequence=s e q f i l e . read ( ) . r e p l a c e ( ’\n ’ , ’ ’ )

s e q f i l e . c l o s e ( )

d i c t i o n a r y= {}

p o s i t i o n = 0

chrom=’ ’

g en e s t a r t = 0

genestop = 0

s t a r t t i m e = time . time ( )

for l in range (0 , len ( vc f ) ) : #l i n e in v c f :

i f vc f [ l ] . s t a r t s w i t h ( ’ chr ’ ) :

l i n e = vc f [ l ] . s t r i p ( )

v l = l i n e . s p l i t ( ) #s p l i t on a l l whi te space

chrom=vl [ 0 ]

p o s i t i o n = int ( v l [ 1 ] )

r e f=v l [ 3 ]

a l t=v l [ 4 ]

gt fCounter = −1 #p o i n t to each l i n e in g t f f i l e
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i f p o s i t i o n not in d i c t i o n a r y :

boo = 0

where = [ ]

genename = [ ]

change type =[ ]

counter =[ ]

s t rand gene =[ ]

while boo == 0 and gt fCounter < len ( f l a t ) :

#GSV w i t h i n gene

i f p o s i t i o n >= g en e s t a r t and p o s i t i o n <= genestop :

counter . append ( gt fCounter )

s t rand gene . append ( f l a t [ gt fCounter ] . s p l i t ( ) [ 3 ] )

gt fCounter += 1

pgstop = genestop

#t r a n s c r i p t s t a r t and end

g en e s t a r t = int ( f l a t [ gt fCounter ] . s p l i t ( ) [ 4 ] )

genestop = int ( f l a t [ gt fCounter ] . s p l i t ( ) [ 5 ] )

#Moves to the next gene i f not w i t h i n the range

e l i f p o s i t i o n > genestop and gt fCounter < ( len ( f l a t )−1):

gt fCounter += 1

pgstop = genestop #prev gene s top

g en e s t a r t = int ( f l a t [ gt fCounter ] . s p l i t ( ) [ 4 ] )

genestop = int ( f l a t [ gt fCounter ] . s p l i t ( ) [ 5 ] )

e l i f p o s i t i o n < g en e s t a r t and p o s i t i o n > pgstop :

boo = 1

else :

boo = 1
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st rand = f l a t [ gt fCounter ] . s p l i t ( ) [ 3 ] #r e f s t rand d i r e c t i o n

run t ime = time . time ( ) − s t a r t t i m e

i f gt fCounter == len ( f l a t )−1 and p o s i t i o n > genestop :

#i f v a r i a n t p o s i t i o n i s f a r from the end o f t r a n s c r i p t

i f ( p o s i t i o n − genestop ) > MAX DIST:

genename . append ( ’NoName ’ )

where . append ( ’ Not c l o s e to gene ’ )

change type . append ( ’ ’ )

else :

#e l s e whether c l o s e to 3 ’ or 5 ’

genename . append ( f l a t [ gt fCounter ] . s p l i t ( ) [ 0 ] )

i f st rand == ’− ’ :

where . append ( ’ 5\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

else :

where . append ( ’ 3\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

e l i f p o s i t i o n < g en e s t a r t and p o s i t i o n > pgstop :

# check i f c l o s e r to s t a r t or end o f the one b e f o r e or current

d i f f 1 = fabs ( po s i t i on−g en e s t a r t ) #curren t

d i f f 2 = fabs ( po s i t i on−pgstop ) #p r e v i o u s

i f d i f f 1 <= d i f f 2 and d i f f 1 <= MAX DIST:

#i f c l o s e r to curren t ”new ” gene and w i t h i n c u t o f f d i s t a n c e

genename . append ( f l a t [ gt fCounter ] . s p l i t ( ) [ 0 ] )

i f st rand == ’− ’ :

where . append ( ’ 3\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

else :
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where . append ( ’ 5\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

e l i f d i f f 2 <= MAX DIST:

#i f c l o s e r to prev gene and w i t h i n c u t o f f d i s t a n c e

genename . append ( f l a t [ gtfCounter −1] . s p l i t ( ) [ 0 ] )

s t rand = f l a t [ gtfCounter −1] . s p l i t ( ) [ 3 ]

i f st rand == ’− ’ :

where . append ( ’ 5\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

else :

where . append ( ’ 3\ ’ unt ransc r ibed ’ )

change type . append ( ’ ’ )

else :

genename . append ( ’NoName ’ )

where . append ( ’ Not c l o s e to gene ’ )

change type . append ( ’ ’ )

else :

for i in range ( len ( counter ) ) :

genename . append ( f l a t [ counter [ i ] ] . s p l i t ( ) [ 0 ] )

t r s t a r t = int ( f l a t [ counter [ i ] ] . s p l i t ( ) [ 4 ] )

t r end = int ( f l a t [ counter [ i ] ] . s p l i t ( ) [ 5 ] )

c d s t a r t=int ( f l a t [ counter [ i ] ] . s p l i t ( ) [ 6 ] )

cd end=int ( f l a t [ counter [ i ] ] . s p l i t ( ) [ 7 ] )

e x s t a r t s = [ ]

ex ends =[ ]

x=0

tmp = ’Unknown ’

e x s t a r t s = [ int ( i ) for i in f l a t [ counter [ i ] ] .
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s p l i t ( ) [ −2 ] . s p l i t ( ’ , ’ ) [ 0 : − 1 ] ]

ex ends = [ int ( i ) for i in f l a t [ counter [ i ] ] .

s p l i t ( ) [ −1 ] . s p l i t ( ’ , ’ ) [ 0 : − 1 ] ]

while tmp == ’Unknown ’ and x < len ( e x s t a r t s ) :

i f p o s i t i o n >= e x s t a r t s [ x ] and p o s i t i o n

<= ex ends [ x ] :

tmp = ’Exon ’ #i f p o s i t i o n in exon

e l i f p o s i t i o n < e x s t a r t s [ x ] :

tmp = ’ Intron ’

else :

x+=1

i f tmp == ’ Intron ’ or tmp==’Unknown ’ :

where . append ( ’ Intron ’ )

change type . append ( ’ ’ )

#see i f p o s i t i o n i s in t r a n s l a t e d reg ion :

e l i f tmp == ’Exon ’ :

i f p o s i t i o n >= c d s t a r t and p o s i t i o n <= cd end :

tmp = ’ Trans lated ’

else : #not t r a n s l a t e d

tmp = ’ Not t r a n s l a t e d ’

i f tmp == ’ Not t r a n s l a t e d ’ :

i f c d s t a r t == cd end : #ncRNAs

where . append ( ’ Not t rans l a t ed , ncRNA ’ )

change type . append ( ’ ’ )

else : #u t r s

i f p o s i t i o n < c d s t a r t :

i f s t rand gene [ i ] == ’− ’ :
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where . append ( ’ Not t r a n s l a t e d

5\ ’ utr ’ )

change type . append ( ’ ’ )

else :

where . append ( ’ Not t rans l a t ed ,

3\ ’ utr ’ )

change type . append ( ’ ’ )

else :

i f s t rand gene [ i ] == ’− ’ :

where . append ( ’ Not t rans l a t ed ,

3\ ’ utr ’ )

change type . append ( ’ ’ )

else :

where . append ( ’ Not t rans l a t ed ,

5\ ’ utr ’ )

change type . append ( ’ ’ )

e l i f tmp == ’ Trans lated ’ :

where . append ( ’CDS ’ )

r e f codon=’ ’

var codon=’ ’

m=0

m = ( p o s i t i o n − c d s t a r t ) % 3

i f len ( r e f )==len ( a l t )and pos i t i on<

len ( sequence )−2:

i f m==0 :

r e f codon=r e f+sequence [ p o s i t i o n +1]+

sequence [ p o s i t i o n +2]

var codon=a l t+sequence [ p o s i t i o n +1]+
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sequence [ p o s i t i o n +2]

e l i f m==1:

r e f codon = sequence [ po s i t i on −1]

+r e f+ sequence [ p o s i t i o n +1]

var codon = sequence [ p o s i t i o n − 1 ]

+a l t+sequence [ p o s i t i o n +1]

else :

r e f c odon = sequence [ po s i t i on −2]+

sequence [ po s i t i on −1]+ r e f

var codon = sequence [ po s i t i on −2]+

sequence [ po s i t i on −1]+ a l t

i f s t rand gene [ i ] == ’− ’ :

intab = ”ATCG”

outtab = ”TAGC”

trantab = str . maketrans ( intab ,

outtab )

var codon = var codon . t r a n s l a t e (

trantab )

r e f codon = re f codon . t r a n s l a t e (

trantab )

r e f a a=’ ’

var aa=’ ’

i f var codon in AADict :

var aa = AADict [ var codon ]

i f r e f codon in AADict :

r e f a a = AADict [ r e f codon ]

i f var aa == r e f a a :

change type . append ( ’ Synonymous ’ )
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else :

change type . append ( ’Non−synonymous ’ )

else :

change type . append ( ’Non−synonymous ’ )

else :

#To make sure to f i l l change type in on the ignored ones .

where . append ( ’ Ignore ’ )

change type . append ( ’ ’ )

else :

where . append ( ’ Ignore ’ )

change type . append ( ’ ’ )

d i c t i o n a r y [ p o s i t i o n ]=[ chrom , genename , where , change type ]

chr end = time . time ( ) − c h r s t a r t

del v c f f i l e

del s e q f i l e

gc . c o l l e c t ( )

return d i c t i o n a r y

A.4 Codon Dictionary

AADict = {”TTT” : ”F” , ”TTC” : ”F” , ”TTA” : ”L” , ”TTG” : ”L” ,

”TCT” : ”S” , ”TCC” : ”S” , ”TCA” : ”S” , ”TCG” : ”S” ,

”TAT” : ”Y” , ”TAC” : ”Y” , ”TAA” : ”∗” , ”TAG” : ”∗” ,

”TGT” : ”C” , ”TGC” : ”C” , ”TGA” : ”+” , ”TGG” : ”W” ,

”CTT” : ”L” , ”CTC” : ”L” , ”CTA” : ”L” , ”CTG” : ”L” ,

”CCT” : ”P” , ”CCC” : ”P” , ”CCA” : ”P” , ”CCG” : ”P” ,

”CAT” : ”H” , ”CAC” : ”H” , ”CAA” : ”Q” , ”CAG” : ”Q” ,

”CGT” : ”R” , ”CGC” : ”R” , ”CGA” : ”R” , ”CGG” : ”R” ,
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”ATT” : ” I ” , ”ATC” : ” I ” , ”ATA” : ” I ” , ”ATG” : ”M” ,

”ACT” : ”T” , ”ACC” : ”T” , ”ACA” : ”T” , ”ACG” : ”T” ,

”AAT” : ”N” , ”AAC” : ”N” , ”AAA” : ”K” , ”AAG” : ”K” ,

”AGT” : ”S” , ”AGC” : ”S” , ”AGA” : ”R” , ”AGG” : ”R” ,

”GTT” : ”V” , ”GTC” : ”V” , ”GTA” : ”V” , ”GTG” : ”V” ,

”GCT” : ”A” , ”GCC” : ”A” , ”GCA” : ”A” , ”GCG” : ”A” ,

”GAT” : ”D” , ”GAC” : ”D” , ”GAA” : ”E” , ”GAG” : ”E” ,

”GGT” : ”G” , ”GGC” : ”G” , ”GGA” : ”G” , ”GGG” : ”G”}
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