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Abstract 

Background: 

Multiple samples from cancer patients facilitate heterogeneity analysis and the possibility to 

establish genetic relationship between samples. Additionally, samples taken at different time 

points in the stages of a cancer could provide useful insights into the progression/evolution of 

the cancer.  

Objective: 

The objective of this work has been to implement optimized mutation calling strategies and 

subclone analysis using high-throughput sequencing data to measure genetic relationship 

between multiple samples from one cancer patient. 

Methods and implementation 

A set of custom-made python scripts to facilitate complimentary usage of different software 

tools and apply cross-sample strategies to improve sensitivity and specificity. Results from 

different applications are integrated to perform subclone analysis.  

Results 

The sDiscovery toolbox is a set of utilities, designed to improve somatic mutation calling and 

analyze similarity between samples using variant allele frequency, somatic mutations, tumor 

fraction and copy number variations . 

Conclusions  

The work of this thesis demonstrates that the strategic choices using the benefits of multiple 

samples has reduced some of the technical and biological noise from the data and resulted in a 

more accurate dataset. The methods for measuring similarity between samples provide valuable 

input for future research into the heterogeneity field of prostate cancer, where strategy used 

here will be applied to multiple patients with multi-sample datasets from each. 
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1 Background 

1.1 Biomedical background 
“Cancer is an expansionist disease; it invades through tissues, sets up colonies in hostile 

landscapes, seeking “sanctuary” in one organ and then immigrating to another. It lives 

desperately, inventively, fiercely, territorially, cannily, and defensively—at times, as if teaching 

us how to survive. To confront cancer is to encounter a parallel species, one perhaps more 

adapted to survival than even we are” [1]. 

1.1.1 Cancer 

Cancer is a disease caused by uncontrolled division of abnormal cells [2]. It is a term used for 

a family of illnesses which can materialize in different sites in the body such as the bladder, 

breast and prostate. The cancer may form a tumor which is a swelling of a part of the body, 

generally without inflammation, caused by an abnormal growth of tissue, whether benign or 

malignant [3]. Cellular growth is a key feature in the development of cancer. Cancer is a 

complex disease and the differences between the cancer types and the patient pathways affect 

the accuracy of prognosis and diagnosis.  

The complexity of cancer has made it difficult to classify in simple terms, but the Hallmarks of 

Cancer [4] are ten characteristics proposed to be common to all cancers. These characteristics 

separate a cancer cell from a normal cell and are listed in Figure 1. To be diagnosed with cancer 

means that the cells have acquired the properties from the list of Hallmarks. In addition to 

establish a system to classify cancer, the Hallmarks have provided molecular targets to inform 

drug development. 
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Figure 1: The ten Hallmarks of cancer. Modified from [4] 

1.1.2 Metastasis 

Metastasis is a term used to describe the spread of cancer from a primary site to distant organs 

[4]. Metastatic cancer has been estimated to be the cause of 90% of human cancer deaths [6]. 

When a cancer has metastasized, it is still named after the cancer from its primary site. For 

instance, prostate cancer which has spread, or metastasized to the bone is not referred to as bone 

cancer, it is still prostate cancer [7]. 

All solid tumors can metastasize. Many cancers where the primary tumor is discovered before 

it has metastasized are cured with surgical removal or radiation. Tumors that are difficult to 

find are often already metastatic when the cancer is diagnosed.  

Vogelstein et al. [8] state in their thorough 2012 review on pan-cancer genetics that despite 

intensive research, consistent genetic variations that distinguish cancers that metastasize from 

cancers that have not yet metastasized remain to be identified. They suggest that one possible 

explanation for the lack of discovery of a metastatic driver gene is that there are no metastatic 

driver genes. A malignant primary tumor can take many years to metastasize, but this process 

is, in principle explicable by stochastic processes alone.  
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Even if there may not be a metastatic gene, metastasis is a lengthy process and cancer cells have 

to acquire six known properties to metastasize.  

The main steps of metastasis [9] 

1. Primary tumor growth: Tumor cells grow as a result of accumulated mutations in the 
DNA. 

2. Angiogenesis: To sustain a steady flow of nutrients and oxygen, tumor cells attract blood 
vessels. The blood vessels can provide pathways to other parts of the body. 

3. Epithelial-mesenchymal transition (EMT): It is believed that the tumor cells undergo a 
change in phenotype so they can become motile and eventually leave the primary tumor. 

4. Intravasation: Cancer cells break into the walls of the blood vessel to enter into circulation. 
5. Survival in circulation: The cells survive the turbulence from the blood flow and avoid 

detection from the immune system.  
6. Extravasation: When cancer cells reach a desired secondary site, they break out of the 

blood vessel wall and invade the tissue. 

Dormancy and subsequent secondary tumor growth: Most likely the tumor cells in the new 

tissue or “soil” [10], survive in a dormant state for a while until it starts to proliferate. 

1.1.3 Prostate cancer 

Prostate cancer is the most common cancer in Norway with around 5000 new cases every year 

and around 1000 Norwegian men die from this serious disease every year [11]. The lack of 

consensus on optimal treatment for localized prostate cancer highlights the need to establish 

robust biomarkers for risk of development of metastatic disease. Although life-saving for many, 

aggressive treatment such as surgical removal of the prostate or radiation therapies can seriously 

affect the quality of life of the patients. Side effects include erectile dysfunction and 

incontinence [11]. Decision to opt for less invasive treatment such as active surveillance is often 

based on clinicopathological parameters (size of tumors, spread to other organs, cellular growth 

pattern, etc.), but can also be based on the patient’s age and co-occurring health issues. An 

important research question is to improve how to separate aggressive disease from more slow-

growing cancers. This would contribute important information upon treatment decisions.  
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Landscape of primary prostate cancer 

1. Most prostate cancers are multifocal in the primary/localized setting [13]. 
2. There is profound genetic heterogeneity within tumors, between tumors and across 

patients [14]. 
3. Each primary tumor has only few mutations that alter the protein, on average only 35 

per tumor [8]. 
4. Copy number variations (CNV) is widespread [15]. 

The lack of shared point mutations between tumors was demonstrated in the research by Løvf 

et al. [16]. Such a result suggests that tumors within the same prostate develop independently 

from each other, which contradicts the logical assumption that several tumors in one patient 

must be related. The variation of point mutations between the tumors demonstrates the 

heterogeneity of localized prostate cancer which complicates the identification of genetic 

biomarkers that are predictive of how the disease will develop and/or respond to various types 

of therapy. Some primary prostate cancers appear to lack even a single mutation in a proven 

driver gene. This raises the possibility that there are driver genes yet to be discovered [17]. 

1.1.4 DNA copy number variation  

A CNV is when the number of copies of a section of the genome varies from the reference 

genome [18]. The normal condition is to have two copies, one from each parent. The two copies 

can be homozygous (they are identical) or heterozygous (they are different). Genetic alterations 

can lead to the gain or loss of one copy. The loss of one copy in a heterozygous section is also 

referred to as loss of heterozygosity. CNV is the consequence of structural rearrangement like 

deletions or duplications. Deletions and duplications greater than 1000 bp are called CNV [19]. 

1.1.5 Variant allele frequency to indicate cellular prevalence 

𝑉𝐴𝐹 = 𝑉𝑎𝑟𝑖𝑎𝑛𝑡	𝑎𝑙𝑙𝑒𝑙𝑒	𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦	(%) = 	
𝑎𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒	𝑟𝑒𝑎𝑑𝑠	 × 100

𝑡𝑜𝑡𝑎𝑙	𝑟𝑒𝑎𝑑𝑠  

Total reads of a particular genomic position refer to the total number of times that genomic 

position has been covered by a sequenced DNA fragment and is also commonly referred to as 

sequencing depth. Alternative reads refer to the number of reads that supports an alternative 

nucleotide at one position of a sample compared to the reference genome. Variant allele 

frequency (VAF) is a measure on the deviation from the norm in one position in one sample 
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and is an indication of a mutation in that position. VAF can be extracted with different software 

using the sequencing data generated from DNA sequencing. 

There are a number of factors which complicate the usage of VAF in an analysis: 

• VAF is affected by CNV. 
• VAF is affected by the fraction of tumor cells vs. normal cells of the sequenced sample. 
• High VAF can indicate that a single-nucleotide variant (SNV) is present in most cancer 

cells in the sequenced sample. 
• High VAF can indicate a SNV is present in several copies, but in few cancer cells. 
• High VAF in a SNV does not necessarily mean it occurred earlier than a SNV with 

lower VAF. 
• VAF calculated by software varies dependent on the chosen quality score threshold. 
• VAF is affected by additional sources of technical noise. 

These factors complicate using VAF as a comparative measure between mutations and samples. 

Two mutations with similar VAF do not necessarily imply that they occurred at the same time 

or that they belong to the same subclone. 

A better measure to use comparatively is cellular prevalence. The cellular prevalence is in this 

thesis defined as the proportion of cancer cells which contain the mutations. 

• Cellular prevalence integrates VAF, CNV and tumor fraction. 

• High cellular prevalence indicates an early event. 

• Low cellular prevalence indicates a later event. 

These factors facilitate clustering mutations with similar cellular prevalence in addition to 

establish a timeline of mutational events. 

1.1.6 Tumor fraction 

Tumor fraction is the proportion of cells in a sample that is tumor-derived. Pathologists can 

estimate the tumor fraction of samples by looking at the tissue histology. Additionally, 

computational tools can estimate the tumor fraction in biopsies containing both healthy cells 

and cancer DNA.  
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1.1.7 Tumor Heterogeneity  

 
Tumor heterogeneity presents one of the main challenges of diagnosing and treating cancer. 

The dataset of this project contains multiple samples from one patient which facilitates analysis 

of intratumoral heterogeneity. Intratumoral heterogeneity refers to the difference of the genetic 

alterations between the cells within a tumor. Neighboring cells are more similar than cells at 

opposite end of large tumors, consequently tissue samples from one area of a tumor can contain 

mutations that are not present in a different area of that same tumor [17]. 

Subclonal evolution in cancer 

 

Figure 2: Clonal evolution model. Simplified from Peter Nowell (1976). Different colors represent new 
mutations occurring at a later stage in the cancer evolution. Each branch is a subclone containing all the different 
mutations located on that branch. 

The subclonal evolution is poorly understood and is often modelled after a tree structure initially 

proposed by Peter Nowell [20]. The different subclones in the tumor are represented by the 

branches of the tree. Each branch can have shared mutations originating from locations further 
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down the tree trunk and unique mutations for that branch. The source for the metastasis could 

originate from just one subclone with its unique mutations like the one containing the “red” 

mutations in Figure 2. This highlights the importance of taking multiple biopsies of one tumor 

to identify the branch harboring the metastatic cell. The presence of multiple subclones within 

a tumor is a mark of high intratumoral heterogeneity. 

1.1.8 Liquid biopsies and tumor biopsies 

To diagnose and study cancer, clinicians have used biopsies for 1000 years. Biopsies can 

involve partly or complete surgical removal of a tumor. The tumor biopsies can have limited 

value as the they underrepresent the heterogeneity of a tumor . Sample availability also presents 

a challenge as it is impractical to take multiple samples over time due to the invasiveness of the 

procedure. In addition to the discomfort and risk suffered by the patient the procedure has 

economic considerations. Because of these challenges there is a lack of samples which hinders 

the ability to track the different stages of cancer. 

The use of liquid biopsies is a current area of research, and provides an important addition, and 

may in certain instances even replace some of the traditional tumor biopsies [21]. A blood test 

or urine sample provides a less invasive and more cost-effective method than tumor biopsies. 

A liquid sample may represent a more complete picture of the cancer disease compared to the 

tumor biopsy which only represents one particular tissue area. Extensive research goes into 

establishing biomarker tests where liquid biopsies can outperform the tumor biopsies both in 

early detection and monitoring[22].  

The type of liquid sample used in this project is circulating cell-free DNA (cfDNA). Fragments 

of DNA released in the bloodstream from tumor cells may be found within the cfDNA [23]. 

The fragments are referred to as circulating tumor DNA (ctDNA) and are a fraction of the 

cfDNA. Tumor cells often undergo cell death at a rate which cause enriched amounts of ctDNA 

within the cfDNA. Analytic standardized methods are yet to be established and require high 

sensitivity as the cfDNA is often of non-cancerous origin and comes with the cost of false 

positives and false negatives [24]. 
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1.1.9 Biomarkers 

A biomarker is defined as a molecule found in a biological sample (e.g blood, other fluids, or 

tissue) that is a sign of a normal or abnormal process, or of a condition or disease [25]. The 

identification of biomarkers has become a primary goal in cancer research as they can be applied 

in clinical practice. Biomarkers can provide an objective measurement of the disease 

progression which may not correlate with the patient experience of wellbeing [26]. Even though 

a biomarker has been validated as a robust indication for disease, its status could change through 

new research.  

The Prostate-specific antigen (PSA) is an example of a biomarker subject to re-evaluation for 

its use in cancer screening. PSA was introduced as a biomarker for more than 30 years ago [27]. 

High levels of PSA in blood samples may indicate disease progression but it can also indicate 

an infection rather than cancer. Its use to diagnose apparent healthy individuals with cancer has 

been criticized for leading to over diagnosing and thus unnecessary invasive procedures. 

In its second use, it remains a highly specific biomarker especially in monitoring patients after 

surgical removal of the prostate. Since PSA is only expressed by cells originating from prostate, 

the presence of PSA after the surgery is an indication for recurrence of cancer [28].  

Even though PSA can indicate recurrence, it does not inform on the origin of the metastasis. 

Advancements  towards finding promising biomarkers in liquid biopsied to track the evolution 

of cancer is an underlying theme of this project. 

  



Background 

 9 

1.1.10 The central dogma of molecular biology 

 

Figure 3: The central dogma of molecular biology. 

 

The central dogma of molecular biology [29] illustrated in Figure 3, describes a rule for the 

process of information flow from DNA to RNA to protein. Information refers to the sequences 

of nucleotides or the amino acids. A sequence of three nucleotides correspond to one amino 

acid. These triplets of nucleotides are referred to as codons. This flow of travel is described to 

be unidirectional, with some exceptions. The DNA is transcribed to RNA which can then be 

translated into protein. 

The three main processes are: 

1. Replication: replicates nucleotide sequences from DNA to DNA. 

2. Transcription: transcribes nucleotide sequences from DNA to RNA. 

3. Translation: translates information from RNA to amino acids. 

1.1.11 DNA 

DNA is the molecule containing all of our genetic information and the instructions needed by 

the cell to live [18]. It consists of two strands forming the double helix made famous by Watson 

and Crick [19]. The strands are chains made up of four different nucleotides: adenine, guanine, 

cytosine and thymine which is why DNA is often represented by sequences of the four letters 

A, G, C, and T. DNA exists in the nucleus of our cells. Most cells have the same DNA, but 

different types of cells express the DNA differently. The specific stretches of the DNA sequence 

transcribed to RNA defines how the DNA is expressed. These expressed stretches are referred 
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to as genes. Outside the cell nucleus is the mitochondria which contains a smaller portion of the 

DNA completely separated from the DNA in the nucleus. Mitochondria are energy factories 

supplying energy to our cells and have a central role in metabolism and stress responses [32]. 

The human genome 

The genome is the complete set of DNA present in a cell or organism. The human genome is 

organized into 23 chromosome pairs containing more than 3 billion base pairs. A chromosome 

is composed of two long molecules of DNA, inter-twined in a double-helix and tightly coiled 

multiple times around proteins called histones. We have two copies of each chromosome, one 

with paternal and one with maternal origin. The 23rd pair is referred to as the sex chromosomes.  

The genome consists of nonrepetitive and repetitive DNA sequences. This complicates DNA 

analysis and constructing a map of the genome. Sequences that exist entirely of repeats are 

difficult to map correctly as repeats occur over a large fraction of the genome. Nonrepetitive 

sequences are unique but the majority of the genome consists of repetitive sequences [33].  

Coding DNA 

Coding DNA are sequences of DNA that transcribe to the RNA molecule which may then be 

translated into protein. The coding sequences exist mostly in the subset of DNA referred to as 

protein coding genes. These consists of exons and introns, and through a process of splicing the 

introns are removed. This results in an RNA molecule only consisting of exons, which can then 

be translated into proteins. Only about 1-2% of the human genome consists of exons [34]. Exons 

are usually conserved sequences which means they have remained unchanged by natural 

selection. They are short in length: about 80% of the exons on each chromosome are < 200 bp 

[35].  

Non-coding DNA 

Non-coding DNA does not contain instructions to directly be translated into protein. Most of 

the non-coding DNA is often referred to as intergenic DNA found in stretches between genes. 

Non-coding DNA consist of more repetitive sequences than coding DNA and have areas of less 

conservation.  
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1.1.12 Genes 

Genes are DNA sequences with fixed well-known locations on the genome. Some genes contain 

the recipe or the code to produce a specific protein. Every person has two copies of each gene, 

one inherited from each parent. Some genes have alternative forms called alleles e.g. the genes 

determining your eye-color [36]. Scientists assign unique names to genes and classify their 

function such as which protein it is coding for. A mutation in a gene can alter its functionality 

and cause diseases. 

1.1.13 p53 – The guardian of the genome 

One gene specifically relevant to cancer is the tumor suppressor gene TP53. The TP53 gene is 

the most mutated gene in human cancer across all cancer types [37]. The gene codes for the 

tumor protein 53 (TP53 or p53) which has been nicknamed “the guardian of the genome” for 

its essential role in preventing the uncontrolled division of abnormal cells [21]. p53 has the 

ability to induce cell death in damaged cells, but a mutation in TP53 could disrupt its cancer 

preventing functionality and allow cancerous cells to grow into tumors. 

1.1.14 Mutations 

A mutation is an alteration in the DNA sequence and can be initiated by damage to the DNA. 

DNA damage can be caused by different factors, both extrinsic and intrinsic such as UVB 

radiation, normal metabolism, carcinogens or random mistakes during DNA replication. A 

mutation can potentially form and be propagated to daughter cells if the damage is not repaired 

by one of the many repair mechanisms in our cells. Tumors evolve from benign to malignant 

tumors by accumulating mutations over time [8] and the number of mutations can provide an 

evolutionary clock for analyzing the different stages of cancer progression. 
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Types of mutations based on consequence 

Mutations are defined by the consequence of the alterations. Non-synonymous mutations alter 

the amino acid sequence of a protein. Common types are missense mutations where an 

incorrect amino acid is inserted into the sequence and nonsense mutations where a premature 

stop codon terminates the sequence. Because there are several codons specifying for the same 

amino acid we can also have Synonymous mutations where the amino sequence is not altered 

[39].  

Small, base-level mutations affecting protein-coding genes are: 
• Small insertions or deletions(indel) of one to a few bases. 
• Single nucleotide variant (SNVs) that change one of the bases (A, C, G, T). 

Larger structural rearrangements affecting protein-coding genes are: 
• duplication 
• deletions 
• translocations 
• inversions 
• amplifications 

Hereditary mutations 

Hereditary mutations are inherited in the egg or sperm from parents and present in every cell in 

the body. They are also known as germline mutations. A type of hereditary mutations is single-

nucleotide polymorphisms (SNP) which are normal-occurring variations at a single position in 

a DNA sequence of an individual. A single nucleotide variation is classified as a SNP if more 

than 1% of the population carry the variant allele [40]. 

Somatic mutations 

Somatic mutations occur after conception and are present only in the cells in which the mutation 

occurred and cells descending from that cell. Parents do not pass somatic mutations down to 

their children. Somatic mutations often arise randomly, for example during DNA replication 

preceding cell division. Risk of somatic mutations are increased by exposure to mutagens (aka 

carcinogens).  

Somatic mutations in cancer are classified as driver or passenger mutations [41]. These are 

terms used to distinguish between mutations that promote cancer and mutations which are not 

causing any effect in relation to the cancer phenotype. Initial driver mutations provide a 
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selective growth advantage to a normal cell resulting in abnormal cell growth and division. A 

driver mutation can have a direct or indirect impact of the development of cancer. A driver gene 

is a gene found to contain driver mutations. It does not mean that all mutations in a driver gene 

promote cancer as a driver gene may also contain passenger mutations in some patient/tumors 

and driver mutations in others. 

1.1.15 High-throughput sequencing  

High-throughput sequencing (HTS) of DNA aims to obtain a digital representation of the DNA 

sequence from a biological sample and write the code out in a file. In the extraction of DNA 

from the biological sample, the DNA is commonly fragmented and sequenced to produce reads. 

The reason for the fragmentation is the limitation of most HTS technologies. Whereas the 

chromosomes are many millions of basepairs long the Illumina HTS machines is developed for 

read lengths up to 300 bp, but more commonly 75 to 150 bp. Each DNA fragment is copied 

multiple times ending up with a cluster of the same string of DNA on a sequencing flow cell. 

The wet lab work preceding the DNA sequencing enables the HTS platform to color code the 

bases and take a picture of the current base for each sequencing cycle. The bases are read in 

parallel from the millions of clusters. HTS is prone to generating sequencing errors. Increasing 

the number of reads per base can compensate for the errors. This is referred to as the sequencing 

coverage. The output of the HTS is coded representations of the reads. Different computational 

tools are needed to assemble the reads together into the genome. 

Base quality score 

The sequencing platform assigns a p value to each base call during sequencing. The p is the 

probability that as base has been called correctly. This value is assigned using image analysis 

techniques. The sequencing platform takes a picture of the nucleotides for each sequencing 

cycle. Measurement of the intensity profiles and signal-to-noise ratios in the image decides the 

base quality. The p value is converted to Phred quality scores using a logarithmic formula. The 

reason for the conversion is that it is more intuitive to use the integer values instead of the 

probability decimal number. 

Example of the logarithmic calculation with a p value of 0.1 and Phred score 10: 

𝑄 = −10 logAB
1
10 = 10 
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The Phred scores are found in the files containing the DNA code generated by the sequencing 

platform. These files are in the FASTQ format and the Phred scores are encoded into ASCII 

characters. The encoding formats differ between the different platforms as observed in Figure 

4. The one used by the current Illumina platforms is Phred + 33. To convert the ASCII character 

‘A’ to a Phred score value, 33 is subtracted from the ASCII code value of ‘A’. The ASCII code 

value of ‘A’ is 65, thus the Phred score value is 32. 

 

Figure 4: The FASTQ quality encoding formats. Illustration from Wikipedia [42]. 

Paired-end reads 

Paired-end sequencing is applied to most Illumina sequencing platforms today to improve 

mapping quality and aid the assembly of the reads. It uses initial DNA fragments that are longer 

than the actual read length. Small known DNA fragments called adaptors are ligated to each 

end of the initial DNA fragment. Then the initial DNA is sequenced from each end. The 

approximate distance between the adapters is known and paired-end sequencing facilitates both 

short and long distances. Short distances facilitate larger overlaps of the sequences from each 

end. This helps with mapping reads to a reference genome as you get a longer piece of the read 

sequences. Long distances between the adaptors also help with mapping as the distance could 

flank a repetitive region.  

Exome sequencing 

Exome sequencing is a popular application where short synthetic DNA sequences are designed 

and used to capture only the exon sequences from the total DNA sample. Sequencing only 

exons uses less sequencing power and the analyses can be targeted to study mutations affecting  
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the protein coding part of the genome, commonly at much larger sequencing depth than used in 

whole-genome sequencing applications. 

1.2 Bioinformatics 

1.2.1 Mapping and alignment 

Mapping and alignment are methods used to construct a continuous sequence from the HTS 

output. HTS does not generate the DNA code in one complete sequence due to the initial 

fragmented reads. The raw data from sequencing contains continued sequences of the letters 

(A,C,T,G) limited by the read length defined by the sequencing platform. The work of 

assembling the reads together to reflect the samples’ DNA sequence in its entirety is still to be 

done. This is a difficult computational problem due to the number of repeats in the genome and 

the event of heterozygous regions. However, the assembly of human DNA is aided by the 

existence of a reference genome providing a sequence on which to compare the reads. 

Mapping is the method of allocating a read onto a position in the genome where a reference 

sequence is used as the map on where to place the reads. Alignment is used together with 

mapping to support the placement of a read. Since the sequencing coverage means that there 

are multiple reads covering one area, these reads can be aligned using overlap calculation. The 

number of reads placed onto one specific position of the genome is referred to as the total read 

count. 

The mapping and alignment can be performed with different mapping algorithms. These are 

computational tools which assign a mapping quality score to each read mapped to the reference. 

The mapping quality scores are similar to base quality score in that they use ASCII characters 

to represent Phred scores. The difference is that the mapping score is valid for the entire read 

while the base quality score is assigned for each individual base. Additionally, the range of the 

mapping quality scores does not follow the same systems as described in Figure 4. The mapping 

quality scores vary between the different mapping algorithms and are often not documented in 

the software.  
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1.2.2 Somatic variant calling 

Somatic variant calling are methods to identify mutations that  occur in the sequenced sample. 

Somatic variant calling filters out all the germline variants known SNPs, so we are left with 

only the somatic DNA mutations.  

Variant calling is a challenging computational problem due to data of imperfect quality and 

short reads. In addition to the presence of base calling and mapping error, the total read count 

differs across the sequence and some areas could have no reads supporting the sites. One of the 

issues in variant calling is illustrated in Figure 5 where the base calling and mapping error 

complicates the validation of the variant. 

Somatic mutations are difficult to find as they may occur at very low frequencies in the cancer 

sample. The mutation may be present only in a small fraction of the DNA molecules due to low 

tumor fraction, copy number loss, or the mutation only being present in a subpopulation of the 

tumor cells [43]. There are multiple software tools available for somatic variant calling and not 

one that is established as the golden standard. The software tools are commonly developed for 

a specific type of sequencing data like whole exome sequencing or whole genome sequencing.  

 

 

Figure 5: Variant site. Three reads supporting the alternative base call T which have poor base quality and 
mapping quality scores.
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2 Motivation 
Studying heterogeneity of cancer improves understanding of cancer evolution. Cancer cells 

evolve and adapt, selecting for advantageous traits, displaying a Darwinian desire to survive. 

Identifying the drive behind the survival of cancer cells lies at the core of cancer research. 

Identification of such cancer drivers could lead to targeted cancer therapies or the development 

of improved prognostic or diagnostic biomarker. To fully understand the drivers of cancer, 

comprehensive studies of heterogeneity is required. 

Multiple samples are useful in the study of heterogeneity. Multiple biopsies taken from a single 

tumor can harbor different cancer cells dependent on the area of the tumor they are taken from. 

In this project, multiple biopsies are extracted from the primary prostate cancer, representing 

heterogeneous early cancer cell populations possibly on the evolutionary path to metastatic 

cancer, as it is known that the patient included in this study had recurring cancer. Additional 

blood samples are taken after the removal of the prostate and at the time when the patient 

displays biochemical recurrence – a rise in the levels of PSA. Analyzing multiple samples 

across time and space could help identify the tumor cells which seed metastatic cancer and 

further inform us on the evolution of the cancer. 

There are challenges with the data related to both technical and biological noise. A tumor 

attracts its own ecosystem and harbors a tumor microenvironment, where a lot of the cells are 

healthy cells. These factors, in addition to the existence of multiple cancer subclones results in 

noisy data and we need to find methods to filter out the signals of importance to be able to 

deconvolute the tumor landscape and the process of tumor evolution. 
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3 Problem statement 
The aim of this project is to build upon existing - and to develop further computational methods 

to facilitate analysis of the heterogeneity and similarities between multiple samples. The 

samples are solid and liquid cancer biopsies separated in both tissue space and time from a 

single individual with cancer. 

Objectives: 

• Optimize strategies for somatic mutation detection. 

• Develop and apply a multiple sample approach to somatic mutation detection. 

• Integrate SNVs, VAF, CNV and tumor fraction to estimate the cellular prevalence. 

• Perform subclone analysis. 

• Identification of which primary tumor tissue sample most closely matches the metastatic 

disease, represented by a liquid biopsy. 

The purpose of optimizing for mutation detection is to reduce the number of false positives and 

false negatives. False positives in this project refer to somatic mutations detected that are not 

real mutations while false negatives refer to real mutations that were not detected.  
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4 Methods  

 

Figure 6: Overview of the analytical workflow. The blue boxes represent software and the green boxes represent 
input/output.  

The set of software tools develop for this project facilitate the analytical workflow in Figure 6. 

This chapter will describe the individual components in the analyses and explain the details of 

the algorithms implemented in the sDiscovery toolbox. 

4.1 Materials 
The input data used in this project is in BAM-file format. The BAM files contain aligned 

sequencing data from five DNA samples taken from one patient with prostate cancer: 

Three of the samples are tissue samples extracted from the prostate which was surgically 

removed by radical prostatectomy. Sample 1 and sample 2 are extracted from two different 

areas of one tumor within the prostate, while the benign sample is extracted from a part of the 

prostate evaluated by an expert pathologist to contain no visible tumor tissue. Benign tissue was 

defined as healthy as no tumor cells were observed in the tissue. However, the benign sample 
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is treated as a case sample in this project to ensure that the sample does not contain traces of 

cancer cells. The sample referred to as normal is DNA isolated from white blood cells and used 

as germline and healthy control in the analyses. The mutation calling software use the normal 

sample as a reference to filter out germline variants so that only somatic mutations remains. 

The cfDNA sample is isolated from a blood plasma sample taken at a time of recurrence and 

metastasis. The cfDNA could contain fragments of DNA shed from tumor cells and present in 

the circulation of the patient at the time of recurrence. 

The DNA samples were sent to Broad institute for whole exome sequencing (WES) on the 

Illumina HiSeq 4000 sequencing platform. Broad institute then performed alignment using 

Burrows Wheeler Aligner (BWA) and hg19 reference genome. The aligned files were 

calibrated for errors and post-processed with their Picard pipeline. The sequencing and 

alignment statistics are listed in Table 1. 

Sample name Number of  aligned 
read pairs 

Mean Target 
coverage 

Target base > 50X 
%1 

Sample 1 220,698,376 141.51 89.4 

Sample 2 347,485,740 177.91 93.1 

Benign 287,690,880 156.99 91.6 

cfDNA 691,745,032 231,27 93.7 

Normal 200,872,144 122.78 87.0 

Table 1: Sequencing and alignment statistics for the five samples. 1Percentage of targeted bases by WES that 
have a coverage greater than 50X. 

4.2 Somatic mutation calling 
The first step in finding somatic mutations is to analyze BAM files with mutation calling 

software. Various mutation calling software tools are used to nominated lists of candidate 

mutations in cancer samples. MuTect 1.1.7 was the mutation calling software used for this 

project and this tool was applied individually to all BAM files [43]. Additional inputs are a 

FASTA file for the human reference genome hg19, and variant call format (VCF) file from 

dbSNP. The dbSNP file contains all SNPs occurring in the human population and MuTect will 

filter out these known SNPs across the genome as they are not considered somatic mutations. 
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MuTect outputs a result VCF for each sample which is then processed and filtered with a set of 

Python scripts from the sDiscovery toolbox. This part of the analysis is illustrated in Figure 7. 

 

 

Figure 7: Analytical workflow.MuTect performs somatic variant calling on the BAM files. The VCF files are 
filtered with scripts from sDiscovery toolbox to generate an SNV union of sets. 

4.2.1 MuTect  

MuTect is a software developed to detect somatic  SNVs. It has the ability to detect low-allelic 

fraction events in highly impure tumor samples. This optimizes the analysis of samples with 

low tumor purity or with complex subclonal structure. MuTect uses a Bayesian classifier to 

detect SNVs with very low allele fraction, requiring only a few supporting reads [43]. MuTect 

is a good choice for this project since the tissue samples, and especially the cfDNA sample, are 

assumed to have low tumor purities. Additionally, the bulk samples can contain DNA from 

multiple cancer subclones, and it is important to be able to reveal mutations present in minor 

subclones. MuTect has been benchmarked as the preferred software to use on whole exome 

sequenced data [44].  

MuTect identifies potential SNVs for each of the samples and applies several filters to estimate 

whether the suspected SNV is a true positive or a false positive. When a suspected SNV passes 

the filters, the SNV is labeled the status “PASS”; otherwise the status is “REJECT”. 
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 There are six filters used in MuTect: 

1. Proximal gap: “REJECT” if there are more than 3 events with insertion/deletion within 

a window of 11 base pair centered on the suspected mutation. 

2. Poor mapping: “REJECT” if more than 50% of the reads in tumor and normal have 

mapping quality = 0 or if there is not at least one mutation of the mutant allele with a 

mapping quality score > 20. 

3. Strand bias: “REJECT” if the vast majority of the alternate alleles are observed in a 

single direction of reads. 

4. Triallelic site: “REJECT” if there is more than one candidate for alternate read. This 

will filter out potential mutations in heterozygous locations. Such mutations can be 

biologically possible, but there is a risk for a lot of false positives if allowing for these 

mutation calls.  

5. Clustered position: “REJECT” if the position in the alternative alleles are clustered at 

a constant distance from the start or end of the read alignment. 

6. Observed in control: “REJECT” if the alternate allele is observed in the normal by 

more than 2 observations or if they represent more than 3% of the reads and their sum 

of quality scores is > 20. 
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Variant Call Format (VCF) 

MuTect outputs a VCF file for each sample. Each line in the VCF file contains information on 

a suspected SNV. The lines are separated into INFO fields where only some of the parameters 

are interesting for this project. 

Example of parameters used from the INFO fields: 

• CHROM = 1, the SNV is located in chromosome 1 . 
• POS = 1007, the SNV is located at position 1007 on chromosome 1. 
• REF = G, the reference allele for this position in the normal sample is G. 
• ALT = T, the alternative allele for this position in the tumor sample is T. 
• FILTER = PASS, the SNV passed the MuTect filter. 
• FORMAT = GT:AD:BQ:DP:FA: how to encode the sample and normal fields, GT 

= genotype, AD = allelic depth, and DP = depth are the parameters used in this project. 
• sample = 0/1:26,11:32:37:0.297, using the FORMAT field to extract GT 

= 0/1, AD =26,11 where allelic depth for ALT allele is 26, DP = 37 . 
• normal = 0:14,0:.:13:0.00, using the FORMAT field to extract GT = 0, 

AD = 14,0, DP = 37. 

4.2.2 Annotation of VCF files 

Annotation of VCF files is useful to obtain more information on each SNV. Additional 

information of the SNV can help determine the effects of the SNV and advance research in 

treatment options and future drug discovery. In this project the annotated files were used for 

additional filtering of the SNVs listed in the VCF files and to determine on which gene the 

SNVs are located. The annotation was performed with the Ensembl Variant Effect Predictor 

(VEP; v.80) which takes the VCF files and a cache containing all transcript models, regulatory 

features and variant data from human (hg19, cache version 81) and outputs a result file for each 

VCF file in the MAF format. Each line in the MAF file contains multiple INFO fields and 

corresponds to the same line in the VCF file representing a specific SNV.  

The Ensembl Variant Effect Predictor  

Ensemble is one of the known databases for retrieval of genomic information. Their annotation 

software VEP uses a wide range of reference data for the annotation of the VCF files. VEP 

returns detailed annotation on effects on transcripts, proteins and regulatory regions [45]. 
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4.3 Filter SNVs called by MuTect 
The VCF files from MuTect were filtered to remove potential false positives. The consequence 

of the filtering was rejecting some of the SNVs that MuTect had assigned the status “PASS”. 

This filtering is performed with the script discovery.py. 

4.3.1 Rejecting mutations in intronic DNA 

The annotation files were used to determine if a called SNV from MuTect is located in the 

exonic region. The INFO field in the MAF files termed variant classification classifies the 

SNVs based on the location or the consequence of the SNV. The variant classification found to 

be coding and kept was silent, missense mutation, splice site, nonsense mutation, translation 

start site and nonstop mutations. 

4.3.2 Strict filter 

A filter with strict criteria is a strategy to ensure a robust list of SNVs. The strict filter used is 

the same as in the article by Løvf et al. [16]. The criteria for the strict filter are: (1) tumor 

coverage >= 15, (2) normal coverage >= 10, (3) alternative read count tumor >= 5, (4) 

alternative read count normal <= 1, (5) VAF > 5 %. 

4.3.3 Loose filter 

A filter with loose criteria is a strategy to test the output from the strict filter and generate a 

separate dataset for comparison in addition to assess the criteria of the strict filter. Two versions 

of a loose filter were tested. One intermediate loose filter where the criterion of VAF > 5% was 

removed while keeping the remaining parameters for the strict filter. The second loose filter has 

in addition to removing VAF > 5% set the criterion for alternative read count >= 2. 

 

4.4 SNV unions of sets 
The mathematical operation union of sets is used to generate a list with no duplicates of all the 

SNVs occurring in all input samples. There are two lists generated, one for the loose filter and 

one for the strict filter. The initial lists are used in the cross-sample filtering approach. After the 
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cross-sample filtering, an updated union of sets list is generated with identified potential false 

positives removed. The updated lists are used further in the analytical process to gather read 

evidence for all location in the lists across all samples. The generation of the SNV union of sets 

and the cross-sample filtering approach is performed with the script discovery.py. 

4.5 Cross-sample filtering approach 
The cross-sample filtering identifies potential false positives by using the initial SNV union of 

sets. The logic behind the filtering is to put emphasis on the SNVs that MuTect has defined as 

“REJECT”. If a SNV has “PASS” in the first sample, but “REJECT” in the second sample and 

has a high enough VAF to pass the strict/loose filter, the SNV is changed to “REJECT” in the 

first sample and consequently removed from the union of sets. The filtering is applied to both 

the strict and loose filtered union of sets. The union of sets are compared towards the individual 

SNVs called for each sample including the ones with the status “REJECT”.  

Algorithm: 

1. For each SNV in the union set, check if the SNV exist in 
SNV list for the current sample. 

2. Check MuTect status and VAF of the SNV in the current sample. 
3. If the status is “REJECT” and the VAF > threshold from the 

strict/loose filter define the SNV as a false positive. 

4. Remove SNV from the union of sets. 

4.6 Cross-sample mutation calling 
The cross-sample mutations calling method discovers potential false negatives and improves 

sensitivity. The SNVs in the SNV union of sets has been detected by MuTect in at least one of 

the samples, but it might be undetected in one of the other samples. The purpose of the SNV 

union of sets is to use it as a starting point to discover undetected SNVs across samples. The 

SAMtools 1.8 mpileup utility was used to aid the discovery of SNVs by passing the SNV union 

of sets together with the BAM file [46]. SAMtools mpileup can generate a formatted line for a 

specified position of the genome. The run_samtools.py script facilitates calls to SAMtools 

mpileup by looping through the SNV union of sets and generating a pileup for each of the SNV 

in the union of sets. SAMtools mpileup reads directly from the BAM files and outputs a text-

based output in the pileup format. Figure 8 illustrates the role of SAMtools in this part of the 

analysis. 
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Figure 8: Analytical workflow. SAMtools takes the BAM-files and SNV union of sets and outputs mpileup to be used 
further in the analysis for Phred score analysis and a to calculate VAF per SNV 

. 

4.6.1 SAMtools 

SAMtools is a software designed to manipulate BAM /SAM formatted files. SAMtools provide 

useful utilities to export BAM files to human readable format [46]. SAMtools is a command–

line tool where several commands can be combined in a Unix pipeline. The commands include 

functionality for indexing, editing, viewing, summary statistics and file operations. For this 

project the view command and the file operation command mpileup have been used. The view 

command is useful to explore the content of the BAM file such as the file header which provides 

information on the preprocessing steps performed on the BAM file. The view command can 

select specific regions in the genome which have been used in troubleshooting. The mpileup 

command facilitates counting reads directly from BAM files given specific coordinates. 
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SAMtools mpileup 

SAMtools mpileup outputs a formatted line for a position in the genome. The line is in the 

pileup format and contains information present at that position. 

Example mpileup output: 

1 58612652 C 8 ,$.,A.a^, AA@@BB?? ]]]F]]]] 

 
The Columns [47]: 

1. chromosome 
2. position in sequence 
3. reference base at that position 
4. read counts 
5. read results 
6. ASCII character for base quality 
7. ASCII character for mapping quality 

In column five the read results are represented with different ASCII characters. The character 

‘A’ is a mismatch with the reference sequence and located on the forward strand, ‘a’ is a 

mismatch on the reverse strand,’.’ is a match on the forward strand,’,’ is a match on the reverse 

strand,’$’ is the end of a read segment and ‘^’ marks the start of a read. 

SAMtools mpileup performs an optimization of the base quality score which can result in a 

reduction in the reported Phred base quality [48]. The optimization is always performed unless 

explicitly turned off in a command-line option. This optimization was used in this project 

together with the input options listed in Table 2. 

 
 
Option Description 
-r, regions Only generate pileup in region 
-q,--min-MQ Minimum mapping quality  
-Q,--min-BQ Minimum base quality  
-x, --ignore-overlaps Disable read-pair overlap detection 
-f, --fasta-ref The faidx-indexed reference file in the FASTA format 
-s, output-MQ Output mapping quality 
-O, --output-BP Output base positions on reads 

Table 2: The command-line options used for SAMtools mpileup in this project. 
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4.7 Cross-sample quality score assessment 
A quality score assessment strategy was implemented to decide the threshold values for the 

base quality and mapping quality when counting the alternative and reference reads. The 

strategy involves assessing the distribution of the quality scores in the reads supporting the 

alternative base call while providing a strategy for the choice of thresholds. The quality score 

assessment is performed with the script quality_score_analysis.py. 

The motivation behind this strategy is to make an informed decision on the thresholds, to avoid 

filtering out reads that could be correct nor allow for incorrect reads to pass through. There is 

no standardized threshold for the quality scores and publications operate with different values. 

Common choices are baseQ = 20, mapQ = 20 or mapQ = 30, baseQ = 30, while the default 

values of samtools is baseQ = 13, mapQ = 0. In the filtering strategy of MuTect a base quality 

threshold of 5 is used while the mapping quality is not applied to filter out reads directly but 

instead implemented in their poor mapping filter. The poor mapping filter allow for reads 

with mapQ = 0 to pass through if there is at least one alternative read with mapQ > 20 and less 

than 50% of the total read have mapQ = 0.  

4.7.1 Analyzing frequency and swarm plots 

Frequency plots of the baseQ and mapQ distribution for the alternative base call can aid 

deciding the optimal thresholds values for the datasets. The distribution of quality scores can 

vary depending on the sequencing platform or which mapping algorithm is utilized. The script 

quality_score_analysis.py generates frequency and swarm plots for each sample and across 

samples. The frequency plots show the distribution of quality scores from the reads supporting 

the mutation in the SNV union of sets. The swarm plots show the distribution of quality scores 

for each SNV in the union of sets. 
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4.7.2 Applying alternating threshold values  

Inspired by the poor mapping filter of MuTect a similar strategy was implemented to apply an 

alternating threshold based on the quality scores across samples.  

Algorithm: 

1. For each SNV, count the baseQ/mapQ values supporting the 
alternative read across all samples. 

2. If there are no reads supporting the alternative read, set 
baseQ/mapQ to 60. 

3. If one of the baseQ/mapQ values > 30, set baseQ/mapQ 
threshold to 5, else set to 20. 

4. Output: lists of baseQ/mapQ thresholds alternating between 
5 and 20. 

The order in the list of quality score thresholds correspond with the order of list of the SNV in 

the SNV union of sets file.  

4.8 SNV overlap analysis 
The overlapping SNVs between the samples can indicate how closely related the samples are 

in terms of cancer evolution. The script convert_pileup.py performs SNV overlap analyses by 

comparing the SNV information in a designated reference sample to the rest of the samples. 

Additionally, it generates an UpSet plot [49] to visualize the overlapping information for a 

given threshold of the alternative count. 

4.8.1 UpSet plot to visualize overlaps 

UpSet plots were used instead of Venn-diagrams to visualize the SNV overlaps as Venn -

diagrams are inconvenient when visualizing more than three sets. 

4.9 Copy number and tumor fraction analysis  
To generate an estimate of CNV and tumor fraction, two separate software tools were used. The 

purpose with using two tools is to compare the outputs and select an optimal solution. The tools 

utilized were TitanCNA 1.21.1 [50] and ichorCNA 0.1.0 [51] which both take the BAM files 

and the FASTA file for the human reference genome hg19 as input and generates an estimate 
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of the CNV and tumor fraction. Since the BAM files are WES data, a BED file containing 

details of the targeted exon regions was included as input. 

4.9.1 TitanCNA 

TitanCNA is a software developed to estimate allele-specific copy number alteration, loss of 

heterozygosity, clonal cluster memberships and cellular prevalence. The software is 

benchmarked for improved sensitivity for low-prevalence events. To estimate the copy number 

alteration and loss of heterozygosity it compares the total read depth and the alterative read 

depth of germline heterozygous SNP loci from the normal sample with the same loci in the 

tumor sample. TitanCNA segments the data into regions based on the total read depth and the 

alternative reads. Each region gets an estimate for: loss of heterozygosity, copy number, tumor 

content and cellular prevalence [50]. 

4.9.2 ichorCNA 

ichorCNA is a tool developed a by the same team behind TitanCNA. The software is using 

similar concept to TitanCNA. The difference is that TitanCNA is developed for deep coverage 

WGA/WES data while ichorCNA is developed for ultra-low pass whole-genome sequencing 

(ULP-WGS). Since ichorCNA is developed for low-coverage data the algorithm assumes no 

allelic info from matched normal sample. ichorCNA uses a HMM combined with the Viterbi 

algorithm to estimate the tumor fraction and copy number alterations [51].  

4.10  Subclonal analysis 
To integrate the SNVs, VAF, CNV and tumor fraction the software PyClone 0.13.1 [52] was 

used. The script build_pyclone_file.py integrates these parameters and generates a file 

formatted to be used as input to PyClone for each of the samples. One of the benefits with 

PyClone is that it can take multiple samples as input and use information across samples to 

adjust for noise. Since the data used in this project are multiple samples separated in time and 

space there is a potential to eliminate some of the biological and technical uncertainties. The 

outputs from Pyclone are estimates for the cellular prevalence, which can be visualized with 

provided plotting tools. 
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PyClone was run with the input file from build_pyclone_file.py together with a configuration 

file in YAML format with predefined parameters for the tumor fraction. An example of the 

configuration file is included in Appendix D. The analysis was run with the optional parameter 

--seed set to 100, --burnin set to 1000 and --min_cluster_size set to 2. The --seed flag ensures 

that rerunning PyClone with the same value will generate the same result. The --burnin flag 

discards the first 1000 samples generated by the sampling algorithm (MCMC). The 

– min_cluster_size flag ensures no clusters with only one mutation is visualized on the plots. 

4.10.1 PyClone 

PyClone is a software developed for subclonal analysis and estimation of cellular prevalence 

using SNVs, VAF, CNV and tumor fraction. PyClone integrates all the parameters generated 

from other methods and clusters the SNVs using the cellular prevalence. PyClone is developed 

to use with deeply sequenced data (coverage >100). The program makes some assumptions in 

modelling the cellular prevalence.  

1. No site mutates more than once in its evolutionary history. 
2. Each site harbors at most, one somatic mutant genotype. 
3. Mutations are permanent, they do not disappear. 
4. Population structure consist of three types: normal population, reference population 

(cancer cells that do not contain the mutation), variant population (cancer cells that has 
the mutation). 

5. Cells within each population has the same genotype. 

Using these assumptions, the output cellular prevalence can be used to assign a group of 

mutations to the same cluster. The clusters are marks of clonal populations existing within the 

bulk tumor and across tumor samples. 

There are some limitations to these assumptions. Clustering by similar cellular prevalence 

excludes the event of multiple subclones occurring at similar cellular prevalence. This error 

decreases with higher sequencing coverage [52].  
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4.11  Implementation 

4.11.1 TSD platform 

Services for sensitive data (TSD) is a platform for secure storage, analysis and gathering of 

sensitive data [53]. The platform is available to researches at UIO and other public research 

institutions. The BAM files used in this project are stored on TSD and all of the analysis 

involving BAM files were implemented on TSD. This includes somatic mutation calling with 

MuTect, CNV and tumor fraction estimate with TitanCNA and ichorCNA, the cross-sample 

mutation calling with SAMtools. 

4.11.2 The Abel computer cluster 

Abel is a computer cluster developed by UIO for high performance computing. Abel has been 

used in this project as a storage solution for the VCF files to facilitate implementation of the 

python scripts on a platform more flexible than TSD. The VCF files are too sensitive to be 

stored on a personal computer but storing them on Abel was assessed to be acceptable as the 

VCF files do not contain data with the possibility of identifying the patient. The script 

discovery.py which uses the VCF files was tested and used on Abel. 

4.11.3  Python  

Python is a high-level programming language with emphasis of code readability, simplicity and 

efficiency [54]. Python is a common programming language used in bioinformatics and data 

science alongside R. While R was developed as a statistical programming language, Python is 

developed as a general-purpose language. Python was chosen for this project due to its ability 

to implement a command-line tool. Python is also easier to use when parsing text files of 

different format to extract information of interest using string-operations. Both R and Python 

have the data structure called Data Frames available through their ecosystem. Data frames are 

highly used through this project and are implemented with the Python package Pandas. 

4.11.4 Pandas 

Pandas is a Python package providing the data structure Data frames. Data frames are designed 

to be a flexible container for “relational” or labeled data in a tabular format. One data frame 
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can contain a mix of different data types such as integers, strings, lists or dictionaries. However, 

a column of a data frame must consist of the same data type. Data frames are fast as they utilize 

vectorization which is the process of executing operations on entire arrays. This means 

statistical analysis can be performed along a column of a data frame. Data frames are useful for 

this project as we have SNVs with multiple parameters attached to it. The Data Frames enable 

applying functions to these parameters simultaneously. This functionality was efficient when 

applying the filtering strategies to the SNVs. 

4.11.5 Command-line tool 

All the scripts implemented in this project are command-line tools to facilitate usage on TSD 

or Abel or other Unix based HPC clusters where a web-application would not be feasible. 

4.11.6 Object oriented programming 

The script discovery.py was implemented with object-oriented programming. The computer 

paradigm solved an increasingly complex storage logic of the initial version of discovery.py. 

With object-oriented programming a sample class was implemented to cope with storing and 

manipulating the SNVs from the VCF files. 

4.11.7 Configuration file  

The input to discover.py is a config.yaml file. The reason for this choice is the increasing 

number of input variables for the program especially with the strict/loose filter parameters. 

Another benefit with the configuration file is that the input/output folders and sample names 

could be predefined. This means the initial programming logic to parse through folders, looking 

for files and extracting the names based on regex operations could be replaced with an easier 

and more robust solution. The config.yaml file uses the YAML serialization language designed 

to be human-readable and applicable across applications. The configuration file solution was 

inspired by a similar implementation in PyClone. 
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4.11.8 Integrative Genomic Viewer 

The Integrative Genomics Viewer (IGV) [38] is a visualization tool for interactive exploration 

of large, integrated genomic datasets. In this project it has been used to explore the raw data of 

the BAM files to investigate some of the SNVs called by MuTect. By observing the SNVs in 

IGV, we were able to decide more efficiently whether the SNVs were true or false positives to 

validate the “PASS” status assigned by MuTect. 

4.11.9 Software  

Software Version 
VEP 80 

MuTect 1.1.7 
SAMtools 1.8 

TitanCNA 1.21.1 

ichorCNA 0.1.0 

PyClone 0.13.1 
IGV 3.0 Beta 

Table 3: List of software used in this project. 

4.11.10 Dependencies for Python 3.7.1 

Library Version 
Pandas 0.24.2 
NumPY 1.15.4 

Matplotlib 3.02 

Seaborne 0.9.0 

UpSetPlot 0.2.0 

argparse 1.1 

PyYAML 3.13 
Table 4: List of dependencies for Python used in this project.
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5  Results 

 

Figure 9: The analytical workflow with the scripts from sDiscovery toolbox . 

 

5.1 sDiscovery toolbox 
The sDiscovery toolbox is a set of utilities, written in Python, designed to discover, refine and 

integrate genomic analyses of multiple samples from a cancer patient. The multiple samples in 

this project are separated in space and time as they are extracted from different areas of the 

prostate with the inclusion of a cfDNA sample taken at a time of recurrence. The tools discover 

SNVs by applying an optimized SNV calling strategy with a cross sample analysis and 

complementary use of the software tools MuTect and SAMtools. It refines the list of SNVs by 

applying filters to remove potential false positives. It integrates VAF, SNVs, tumor fraction and 

CNV for downstream subclonal analysis with the software PyClone. The context of the scripts 

in the analytical workflow is illustrated in Figure 9. 
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5.1.1 discovery.py 

The script discovery.py transforms MuTect somatic variant calling results from multiple 

samples from the same individual into an SNV union of sets while applying strategies to 

identify and filter out potential false positives. The VCF files generated by MuTect and the 

annotated MAF files are parsed by discovery.py. The program requires a configuration file as 

input with the pre-defined arguments described in Table 5 and outputs the list of files in tsv 

format described in Table 6. 

Description of program flow: 

1. Read the parameters from the configuration file. 

2. Create Pandas Dataframes from the MAF and VCF files. 

3. Create sample instance initiated with the Pandas Dataframes as attributes for each of the 
samples. 

4. Set user defined strict/loose filter for each sample instance. 

5. Filter the SNVs for each sample using the user defined filters. 

6. Create a temporary SNV union of sets. 

7. Apply cross sample filtering using the temporary SNV union of sets. 

8. Generate a final SNV union of sets. 
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The program imports four custom-made modules to aid with these functionalities.  

Modules for discovery.py 

• sample.py: The sample class provides functionality for the user defined strict/loose 

filter and has storage facilities for the SNVs. Multiple getter/setter methods are available 

to access the class attributes. The class attributes include: the strict/loose filters, the 

SNVs unfiltered (PASS/REJECT from MuTect), SNVs loose filtered, SNVs strict 

filtered, false positives, SNVs loose filtered without false positives, SNV strict filtered 

without false positives. 

• parameters.py: Functions to extract the parameters from the config file. 

• frame.py: Functions to convert the VCF/MAF files into Pandas Dataframes. 

• filter.py: Filter functions applied to the sample instances for the user defined strict/loose 

filtering and for the cross-sample filtering. 

Terminal command to initiate program :  

python discovery.py config.yaml 

Argument Description 
working_dir Path to the working directory 
result_dir Path to result directory 

strict filter 

Minimum tumor coverage 
Minimum normal coverage 
Minimum alternative read tumor 
Maximum alternative read normal 
Minimum VAF (%) 
 

loose filter 

Minimum tumor coverage 
Minimum normal coverage 
Minimum alternative read tumor 
Maximum alternative read normal 
Minimum VAF (%) 

samples 
Sample name 
Path to VCF files 
Path to MAF files 

Table 5: Arguments for the script discovery.py predefined in a configuration file. 
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Output Description 
Sample_strict.tsv Result SNVs for sample: strict filtered, cross-

sample filtered 
Sample_loose.tsv Result SNVs for sample: loose filtered, cross-

sample filtered 
false_positives_strict.tsv False positives: strict filtered, cross-sample 

filtered 
false_positives_loose.tsv False positives: loose filtered, cross-sample 

filtered 
union_strict.tsv Result SNV union of sets: strict filtered, 

cross-sample filtered 
union_loose.tsv Result SNV union of sets: loose filtered, 

cross-sample filtered 
union_strict_with_symbol.tsv Result SNV union of sets annotated with 

gene symbols: strict filtered, cross-sample 
filtered 

union_loose_with_symbol.tsv Result SNV union of sets annotated with 
gene symbols: loose filtered, cross-sample 
filtered 

Table 6: Outputs generated by the script discovery.py. 

5.1.2 run_samtools.py  

The script run_samtools.py applies the cross-sample mutations calling method using the output 

from discovery.py. The program requires the inputs provided on the command-line described 

in Table 7, and outputs the files in txt format described in Table 8. SAMtools must be available 

through the command-line as run_samtools.py evokes the SAMtools mpileup utility. The script 

must be run individually for all samples from a given individual and searches the BAM file for 

evidence of support for the SNVs in the union of sets produced by discovery.py. There are a 

number of optional arguments for the quality score thresholds and the program caters for all 

user cases. If no quality score threshold values are specified by user input, the default values 

for the thresholds = 0. The user can specify the threshold values with a fixed integer applied to 

all the SNVs or provide a file with specified threshold values individually for each SNV. The 

file with the specified threshold values is available as output from the script 

quality_score_analysis.py 
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Description of program flow: 

1. Loop through the SNV union of sets. 

2. For each SNV extract the genomic position. 

3. Evoke SAMtools mpileup at that genomic position in the BAM file with user defined 
quality score thresholds. 

4. Write the mpileup to file. 

Examples of terminal commands supported for a sample with name “sample1” using the SNV 

union of sets generated from the strict filter: 

python run_samtool.py \ 
sample1 path/to/hg19.fasta \ 
path/to/sample1.bam \ 
path/to/union_strict.tsv \ 
--baseQ 20 \ 

python run_samtool.py \ 
sample1 path/to/hg19.fasta \ 
path/to/sample1.bam \ 
path/to/union_strict.tsv \ 
--baseQ_file path/to/baseQ_values.tsv \ 
–-mapQ 20 

python run_samtool.py \ 
sample1 path/to/hg19.fasta \ 
path/to/sample1.bam \ 
path/to/union_strict.tsv \ 
--baseQ_file path/to/baseQ_values.tsv \ 
–-mapQ_file path/to/mapQ_values.tsv 

Argument Description 
name Sample name 
ref_fasta Path to human genome reference file in FASTA format 
sample_bam Path to sample file in BAM format 
union Path to list of SNVs in tsv format 
--baseQ Integer for baseQ threshold, default value = 0 
--mapQ Integer for mapQ threshold, default value = 0 
--baseQ_file Path to baseQ thresholds file in tsv format 
--mapQ_file Path to mapQ thresholds file in tsv format 
-h Show this help message and exit 

Table 7: Positional and optional arguments for the script run_samtools.py.Flags are the optional arguments. 
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Output  Description 
sample.txt Text file with the pileup output from 

SAMtools listed in the same order as the 
union.tsv file 

Table 8: Output from the script run_samtools.py. 

5.1.3 quality_score_analysis.py 

The script quality_score_analysis.py uses the pileup txt files from run_analysis.py to apply the 

cross-sample quality score assessment and generate the list of alternating quality scores. The 

program requires the inputs provided on the command-line described in Table 9 and outputs 

the files described in Table 10. The input pileup txt files should be generated using the default 

values (baseQ = 0, mapQ = 0) of run_samtools.py to ensure not filtering out any reads for the 

quality score analysis. 

Description of program flow: 

1. Combine the SNV union of sets with the pileup files into Pandas Dataframes. 

2. Remove ASCII characters from the read result from the pileup which does not 
correspond directly to a base call but marketing the start of read, deletions or insertions 
(e.g ‘\^’, ‘\\+[0-9]+[ACGTNacgtn]+’, ’\*,). 

3. Look for the indexes in the read result that support the alternative base call. 

4. Use the indexes to locate the baseQ/mapQ associated to the alternative basecall. 

5. Convert the ascii character baseQ/mapQ into integers. 

6. Generate frequency count of the baseQ/mapQ. 

7. Generate the alternative quality score lists. 

8. Generate frequency and swarm plots. 

Terminal command to initiate program with four sample result files:  

python quality_score_analysis.py \ 
path/to/union_strict.tsv \ 
path/to/sample1.txt \ 
path/to/sample2.txt \ 
path/to/benign.txt \ 
path/to/cfDNA.txt 
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Argument Description 
union Path to list of SNVs in tsv format 
pileup_files Path to files (s) with samtools mpileup output in txt format 
-h Show this help message and exit 

Table 9: Positional and optional arguments for the script quality_score_analysis.py.Flags are the optional 
arguments. 

Output Description 
sample_baseQ_freq.png  Frequency plot in png format: base quality 

distribution in the sample for the reads 
supporting the alternative base call 

sample_mapQ_freq.png Frequency plot in png format: mapping 
quality distribution in the sample for the 
reads supporting the alternative base call 

across_all_samples_baseQ_freq.png  Frequency plot in png format: base quality 
distribution across all samples for the reads 
supporting the alternative base call 

across_all_samples_mapQ_freq.png  Frequency plot in png format: mapping 
quality distribution across all samples for the 
reads supporting the alternative base call 

across_all_samples_baseQ_per_mut.png Swarm plot in png format: base quality across 
all samples distributed across the SNVs for 
the reads supporting the alternative base call 

across_all_samples_mapQ_per_mut.png  Swarm plot in png format: mapping quality 
across all samples distributed across the 
SNVs for the reads supporting the alternative 
base call 

baseQ_values.tsv  List of alternating threshold values 
corresponding to the same order as the 
union.tsv file: base qualities set as either 5, 20 
or 60  

mapQ_values.tsv   List of alternating threshold values 
corresponding to the same order as the 
union.tsv file: mapping qualities set as either 
5, 20 or 60 

Table 10: Outputs from the script quality_score_analysis.py. 

5.1.4 convert_pileup.py 

The script convert_pileup.py converts the pileup txt files from run_analysis.py into human 

readable reports and performs SNV overlap analysis, generates a statistics report and an UpSet 

plot. The human readable reports include columns with alternative read count, total read count 

and VAF for each SNV. The program requires the inputs provided on the command-line 

described in Table 11 and outputs the files described in Table 12. To ensure filtering out 

incorrect reads, the input pileup txt files should be generated using either fixed quality score 



Results 

 44 

thresholds or the alternating quality scores produced by run_analyse.py. The optional argument 

–min_alt (default = 2) will set a threshold for the minimum alternative read count for a SNV 

to appear in the SNV overlap analysis and the reports. The first pileup provided on the 

command-line is used as the denoted reference sample for comparison with the remaining 

samples in the statistical report. 

Description of program flow: 

1. Create Pandas Dataframes from the pileup files combined with the union file. 

2. For each Dataframe parse the pileup output to extract the alternative count for each 
SNV. 

3. Create a report for each sample containing the SNV, Total depth, Alternative count, 
VAF for the SNVs passing the user defined minimum alternative read count. 

4. Create a joint report for all the samples. 

5. Apply descriptive statistics to calculate the mean, median, std, range for VAF. 

6. Use the descriptive statistics to compare the samples to the denoted reference sample. 

7. Create statistic report. 

8. Create UpSet plot applying SNV overlapping analysis for the SNVs passing the user 
defined minimum alternative count. 

Terminal command to initiate program with five strict filtered sample result files from using 

cfDNA as the denoted reference sample and minimum threshold of  2 for the minimum 

alternative read count:  

python convert_pileup.py \ 
path/to/union_strict_with_symbol.tsv \ 
path/to/cfDNA.txt \ 
path/to/sample1.txt \ 
path/to/sample2.txt \ 
path/to/benign.txt \ 
path/to/normal.txt \ 
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Argument Description 
union Path to the list of SNVs in tsv format 

annotated with gene symbols 
ref_pileup File with the samtools mpilup output in txt 

format for the comparison sample 
pileup_files File (s) with samtools mpilup output in txt 

format, normal sample must be named 
normal.txt 

--min_alt Minimum alternative read count tumor, 
default = 2 

-h Show this help message and exit 
Table 11: Positional and optional arguments for the script convert_pileup.py. The flags are the optional 
arguments. 

Output Description 
sample_samtools_results.tsv File in tsv format with the list of SNVs, total 

depth, alternative count and VAF for the 
sample  

rapport.tsv File in tsv format with the list of SNVs 
annotated with gene symbols, total depth, 
alternative count and VAF for the all the 
samples  

stats.tsv File in tsv format with statistics for the 
samples and comparison with annotated 
reference sample 

UpSetplot.png UpSet plot in png format showing overlaps 
between the samples 

Table 12: The outputs from convert_pileup.py. 
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5.1.5 build_pyclone_file.py 

The script build_pyclone_file.py builds a file formatted to be accepted as input by PyClone. 

Appendix E illustrate an example of an input file to PyClone. The script integrates the SNV and 

VAF information from the sample result files produced by convert_pileup.py with the CNV 

segment files from TitanCNA. The program requires the inputs provided on the command-line 

described in Table 13 and outputs the file described in Table 14. The file generated by the script 

to be used by PyClone has seven fields [56]: 

1. mutation_id: A combination of the gene symbol and the genomic location of the SNV. 

2. ref_counts: The number of reads supporting the reference base call for the SNV. 

3. var_count: The number of reads supporting the alternative base call for the SNV. 

4. normal_cn: The copy number for the normal cells, this value is set to 2 unless the SNV 
is located in chromosome X in which it is set to 1. 

5. minor_cn: The minor parental copy number predicted by TitanCNA for the tumor 
sample. 

6. major_cn: The major parental copy number predicted by TitanCNA for the tumor 
sample. 

7. variant_freq: VAF expressed as a fraction. 

The files from TitanCNA contains tabular data for segmented regions of each chromosome 

where the columns extracted by build_pyclone_file.py are minor_cn, and major_cn. Since the 

segmented data from TitanCNA does not cover the entire region of a chromosome, there might 

be SNVs occurring in places with missing copy number data. The script assigns default values 

of minor_cn = 1, major_cn = 1 to these SNVs. Additionally, TitanCNA does not report copy 

number data for chromosome X so the SNVs in this location are assigned the default values of 

minor_cn = 0, major_cn = 1. 

Description of program flow: 

1. Create Pandas Dataframes from the sample result files combined with the union file. 

2. Search the segments in the TitanCNA files for the copy number data. 

3. Create a PyClone formatted file. 
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Terminal command to initiate program for a sample named sample1:  

Python build_pyclone_file.py \ 
sample1 \ 
union_strict_with_symbol.tsv \ 
sample1_samtools_results.tsv \ 
sample1_titan_file.segs.txt 

 
Argument Description 
sample_name Sample name 

union_symbols Path to list of SNVs in tsv format annotated 
with gene symbols 

samtools_snv path to output file from convert_pileup.py in 
tsv format' 

titan_file path to segs.txt output file from TitanCNA' 
-h Show this help message and exit 

Table 13: Positional and optional inputs to build_pyclone_file.py Flags are the optional arguments. 

Output Description 
sample_pyclone.tsv File in the tsv format to be used as input to 

PyClone 
Table 14: Outputs from build_pyclone_file.py. 
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5.1.6 The analytic workflow 

The sDiscovery toolbox is suggested to be run in a specific order explained by the overview in 

Figure 10. Before the analysis the results files from MuTect (including annotated mutations), 

TitanCNA and ichorCNA must be available. 

 

Figure 10: Program flow diagram for the sDiscovery toolbox. 
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5.2 Biological results from analyses of multiple 
samples from one prostate cancer patient. 

5.2.1 Quality score analysis 

The quality score analysis plots for strict/loose filtered SNVs illustrate that the majority of the 

reads supporting the alternative base call have high quality scores, hence the alternating quality 

score method was utilized. The quality score plots for the strict filtered SNVs can be seen in 

Figure 11.  

 

Figure 11: Quality score analysis plots. A) A frequency plot showing the number of alternative read counts and 
their base quality scores from all samples and the union of SNVs. B) A swarm plot showing the base quality 
scores for each SNV from all samples. C) A frequency plot showing the number of alternative read counts and 
their mapping quality scores from all samples and the union of SNVs. D) A swarm plot showing the mapping 
quality scores for each SNV from all samples. 
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5.2.2 SNVs from the union set derived with the strict filter 

Overlap analysis for the strict filtered SNVs 

The UpSet plot in Figure 12 together with the statistics report in Table 15 for the strict filtered 

SNVs indicates a higher similarity between sample 2 and cfDNA when cfDNA is used as the 

denoted reference sample. The two samples share the most common SNVs, has the most similar 

VAF and the fraction of sample 2 with overlapping SNVs with cfDNA is the largest. 

The UpSet plot illustrates other interesting points relevant to cancer evolution. There are 40 

SNVs shared between all the samples including the benign sample. These are likely to be events 

that has occurred early in the cancer development and could be mutations with cancer priming 

effects. There are 8 mutations shared between sample 1 sample 2, and cfDNA which could be 

mutations with cancer initiation and progression effects as they occur only in cfDNA and the 

samples with visible tumor and in cfDNA. 

The overlap analysis can be performed by a user defined threshold for the minimum alternative 

read in the tumor sample. The default value is alternative read count tumor > = 2 and Figure 12 

and Table 15 are generated using this threshold. The default value is considered the minimum 

value in this dataset as the normal sample could have the alternative count = 1. The minimum 

threshold of 2 filters out cases where alternative count tumor = alternative count normal. Using 

the default value affects the range VAF% column in Table 15 are observed with values down 

to 1.6 % in the benign sample.  

To inspect overlaps on SNVs with higher VAF, a stricter criterion for the minimum alternative 

read can be applied. The UpSet plot in Figure 13 and Table 16 show the analysis conducted 

only allowing SNVs with alternative read count >= 10 and consequently the SNVs with lower 

VAF are filtered out. With the stricter criterion there are 12 shared SNVs between all the 

samples including the benign sample and 18 mutations shared between sample 1 sample2, and 

cfDNA. Sample 2 has a clearer similarity with cfDNA compared to the other samples in this 

analysis with 9 more overlapping SNVs with cfDNA compared to sample 1. In the previous 

analysis using the default value VAF sample 2 had only 2 more overlapping SNVs with cfDNA 

compared to sample 1. 



Results 

 51 

 

Figure 12: UpSet plot illustrating the overlaps between the samples. The minimum alternative read count tumor 
is 2. 

sample Total 
snv 

snv overlap with 
cfdna 

% overlap with 
cfdna 

mean 
VAF% 

median 
VAF% 

range 
VAF% 

std 
VAF% 

rank snv 
overlap 

rank % 
overlap  

cfDNA 79 79 100.0 14.4 11.4 2.4-49.0 9.1 1.0 1.0 
sample1 55 46 83.6 20.8 21.3 1.9-61.1 15.0 3.0 3.0 
sample2 54 48 88.9 20.1 18.4 1.9-48.6 11.5 2.0 2.0 
benign 51 41 80.4 6.0 5.0 1.6-19.7 4.2 4.0 4.0 

Table 15: Statistics report comparing the samples with cfDNA. The minimum alternative read count tumor is 2. 
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Figure 13: UpSet plot illustrating the overlaps between the samples. The minimum alternative read count tumor 
is 10. 

 

sample Total 
snv 

snv overlap with 
cfdna 

% overlap with 
cfdna 

mean 
VAF% 

median 
VAF% 

range 
VAF% 

std 
VAF% 

rank snv 
overlap 

rank % 
overlap  

cfDNA 64 64 100.0 16.4 14.7 4.9-49.0 8.9 1.0 1.0 
sample1 33 29 87.9 27.5 25.8 3.1-61.1 12.5 3.0 3.0 
sample2 40 38 95.0 24.0 22.3 8.0-48.6 10.1 2.0 2.0 
benign 12 8 66.7 6.8 5.1 3.8-19.7 4.4 4.0 4.0 

Table 16: Statistics report comparing the samples with cfDNA. The minimum alternative read count tumor is 10. 
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Subclonal analysis for the strict filtered SNVs 

The heatmap in Figure 14 illustrates the clusters identified by PyClone. Each cluster is a group 

of SNVs indicating the presence of a subclone. Similarities within the clusters are indicated by 

the intensity level of the color blue where darker blue implies increased similarity within the 

clusters. Clusters that only has the presence of one SNVs are filtered out as they are not 

considered clusters. In this plot cluster 4 (purple) has the most similarity within the cluster. The 

presence of multiple subclone in the data demonstrates the heterogeneity of prostate cancer as 

homogenous cancer should only have the presence of one major clone. 

The cellular prevalence plots in Figure 15A illustrates the cellular prevalence for the subclones 

across samples and the cellular plot in Figure 15B illustrate the cellular prevalence for each 

SNV. Cluster 4 (purple) show a consistent high cellular prevalence across the samples. This is 

the cluster containing the SNVs located on TP53,  IKZF1, SRGAP3. These 3 genes are included 

in the Table 20 in chapter 4.4 listing genes from this dataset that also occur in the Cosmic 

Cancer Gene Census. Additional genes from Table 20 are  ZNF479 ,MECOM which are found 

in cluster 1 (red), and BCR found in cluster 2 (mud-green)  The plots illustrate a high cellular 

prevalence in the benign sample. This is partly due to the comparatively low tumor fraction 

value at 0.0006 estimated by TitanCNA together with a mostly normal copy number estimation 

(minor_cn = 1, major_cn =1). The vertical lines in Figure 15A indicate the standard deviation 

within the clusters. Cluster 3 (green) has a larger variance due to the presence of only two SNVs 

in this cluster.  

Table 17 displays the mean cluster cellular prevalence for each sample. Comparing the mean 

cellular prevalence across samples cfDNA shares a high similarity with sample 1 and sample 2 

in cluster 2 (mud-green), and a high similarity with all the samples in cluster 4 (purple). 

  



Results 

 54 

 

 

Figure 14: Heatmap for subclones defined by PyClone in the strict filtered SNV union of sets. The five subclones 
contain at least two SNVs. Every third SNV is listed on the axis. The plot is generated using the PyClone 
plotting functionality. 
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Figure 15: Cellular prevalence for the strict filtered SNV union of sets.. A) Average cellular prevalence for the 
clusters. B) Cellular prevalence for each mutation. The plots are generated using the PyClone plotting 
functionality. 

 

cluster id benign cp 
mean 

sample1 cp 
mean 

sample 2 cp 
mean 

cfDNA cp 
mean 

1 0.734 
 

0.036 
 

0.025 
 

0.319 
 

2 0.656 
 

0.260 
 

0.257 
 

0.273 
 

3 0.543 
 

0.762 
 

0.688 
 

0.124 
 

4 0.898 
 

0.976 
 

0.977 
 

0.926 
 

Table 17: The mean cellular prevalence (cp) for each sample. Strict filtered SNVs. 
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SNVs from the union set derived with the loose filter 

Overlap analysis for the loose filtered SNVs 

The union set derived with the loose filter contains 26 more SNVs than the union set derived 

with the strict filter. The result is both an increased amount of SNVs per sample and increased 

overlaps between the samples and cfDNA as seen in Figure 16 and Table 18. The benign sample 

has the largest increase in SNVs, both individual and overlapping with cfDNA. Since the loose 

filter allows for SNVs with lower VAF and alternative tumor read count in the union of sets, it 

is reasonable that more of these SNVs would be present in the benign sample given its 

comparatively low VAF and tumor fraction. 

 

 

Figure 16: UpSet plot illustrating the overlaps between the samples The minimum alternative read count tumor is 
2. 

sample Total 
snv 

snv overlap with 
cfdna 

% overlap with 
cfdna 

mean 
VAF% 

median 
VAF% 

range 
VAF% 

std 
VAF% 

rank snv 
overlap 

rank % 
overlap  

cfDNA 94 94 100.0 12.8 10.6 1.6-49.0 9.1 1.0 1.0 
sample1 58 48 82.8 19.8 20.1 0.6-61.1 15.1 3.0 3.0 
sample2 59 49 83.1 18.8 17.0 0.9-48.6 11.9 2.0 2.0 
benign 56 42 75.0 5.8 4.9 1.6-19.7 4.1 4.0 4.0 

Table 18: Statistics report comparing the samples with cfDNA. The minimum alternative read count tumor is 
two. 
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Subclonal analysis for the loose filtered SNVs 

The heatmap in Figure 17 for the loose filtered SNVs show larger subclones than the strict 

filtered SNVs. The largest (red) subclone contains 62 SNVs compared to the largest subclone 

in the strict filtered SNVs which had 38 SNVs. The intensity levels of the color blue are high 

indicating increased similarity within the subclone compared to the strict filtered SNVs.  

The cellular prevalence plot in Figure 18 with the data shown in Table 19 again show a 

consistently high cellular prevalence across samples in the cluster 3 (green) which contains the 

SNVs located on TP53, SRGAP3, IKZF1. This time the SNVs on MECOM, ZNF479 are located 

in cluster 1 (red). cfDNA shares the highest similarity with sample 2 in cluster 2, a cluster 

consisting of only two mutations.  
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Figure 17: Heatmap for subclones defined by PyClone in the loose filtered SNV union of sets The four subclones 
contain at least two SNVs. Every second SNV is listed of the axis. The plot is generated using the PyClone 
plotting functionality. 
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Figure 18: Cellular prevalence for the loose filtered SNV union of sets.Average cellular prevalence for the 
clusters. B) Cellular prevalence for each mutation. The plots are generated using the PyClone plotting 
functionality. 

 
cluster id benign cp 

mean 
sample1 cp 
mean 

sample 2 cp 
mean 

cfDNA cp 
mean 

1 0.869 
 

0.048 
 

0.044 
 

0.234 
 

2 0.543 
 

0.204 
 

0.675 
 

0.625 
 

3 0.898 
 

0.978 
 

0.979 
 

0.926 
 

4 0.543 
 

0.765 
 

0.690 
 

0.118 
 

Table 19: The mean cellular prevalence (cp) for each sample. Loose filtered SNVs. 
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5.3 Investigating SNV overlaps in TP53 
The Figure 18 shows the IGV screenshots of the SNV located on TP53 across all the samples. 

The alternative base call (T) is shown to have quality score values of high levels indicated by 

the intensity level of the color of T (red). The quality score values in the screenshot were mostly 

baseQ = 37 and mapQ = 60. There are no indication mapping errors by visually inspecting the 

screenshots as the reference sequence does not contain repeated regions and this SNV is a 

unique singular event for this area. The IGV screenshots confirm that TP53 is pronounced in 

all samples. 

 

Figure 18: IGV screenshots of the splice-site mutation in TP53 in all the samples. A) Benign, B) cfDNA, C) 
Sample 1, D) Sample 2. 
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5.4 Genes from SNV union of sets found in Cancer 
Gene Census 
The Cosmic Cancer Gene Census [40] is an expert-curated list of somatic mutations found in 

human cancer. The current release contains a list of 723 genes. The union  list of 121 SNVs 

resulting from the loose/strict filter contained a total of 7 genes found in the Cancer Gene 

Census (Table 20). 

ThGene 
symbol 

Name  Tumor 
Types(Somatic) 

BCR Breakpoint cluster region CML, ALL, AML 
IKZF1 IKAROS family zinc finger 1 ALL, DLBCL 

MECOM MDS1 and EVI1 complex locus AML, CML, MDS 
SRGAP3 SLIT-ROBO Rho GTPase activating 

protein 3 
pilocytic 
astrocytoma 

TP53 Tumor protein p53 breast, 
colorectal, lung, 
sarcoma, 
adrenocortical, 
glioma, Spitzoid 
tumor, multiple 
other tumor 
types 

WNK2 WNK lysine deficient protein kinase 
2 

gastric cancer 

ZNF479 
 
 

 

Zinc finger protein 479 Lung cancer, 
bladder 
carcinoma, 
prostate 
carcinoma 

Table 20: The genes occurring in the sample set for this project. CML = chronic myeloid leukemia, ALL = acute 
lymphocytic leukemia, AML = acute myeloid leukemia, DLBCL = diffuse large B - cell lymphoma, MDS = 
myelodysplastic syndrome. 

5.5 Method development 

5.5.1 Filtering to retain coding mutations 

In discovery.py the SNVs are filtered using the INFO field in the MAF files to only include 

coding mutations. Given that the dataset results from whole exome sequencing it should in 

theory only contain exonic data. Initial visualization of the SNVs revealed the presence of a 

large amount of SNVs located in intergenic and intronic regions with the status PASS by 

MuTect (Figure 19A). One explanation for the presence of non-exonic data could be an 

inclusion of additional intronic sequences on each side of the exons, or off-target sequences in 
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the process of enriching the exonic DNA for sequencing. Given the WES dataset for this project 

the focus is on coding and exonic SNVs, hence the SNVs were filtered to keep only coding 

SNVs. This results in a new set of mutations from MuTect, now with missense mutations 

accounting for a major fraction of observed SNVs (Figure 19B). 

 

Figure 19: The distribution of the mutation types. A) Before filtering. B) After filtering. 

5.5.2 The cross-sample filtering approach 

In discovery.py a SNV detected in one sample with status “REJECT” (from MuTect) and a 

VAF higher than the user defined threshold, will set the status of the identical SNV to 

“REJECT” in other samples even though it has the status “PASS” for these samples. The need 

for this filtering approach was discovered in initial testing of the cross-sample mutation calling, 

where the presence of new SNVs per sample with an unusually high VAF was observed. 

Inspecting the status of these SNVs in the original VCF files from MuTect revealed that the 

SNV had the status “PASS” for only one of the samples and “REJECT” for the remaining 

samples and was therefore included in the resulting SNV union of sets. It is reasonable to 

assume that the one that had “PASS” only barely passed the MuTect filter. The suspicious SNVs 

were all investigated in IGV to verify that they were likely false positives. In total, 26 such 

SNVs were identified on the basis of this filter and reduced the initial strict filtered SNV union 

of sets from 121 to 95.  

An example of a false positive can be seen in Figure 20. This SNV had the status “REJECT” in 

3 of the samples and “PASS” in sample 1. The filter applied by MuTect to assign the “REJECT” 

status was the filter clustered position. This filter assigns “REJECT” if the position in the 

alternative alleles are clustered at a constant distance from the start or end of the read alignment. 
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By visually inspecting the SNV in IGV we can see additional causes for why this SNV should 

have “REJECT” status. The SNV is located on a stretch of sequence containing repeated Cs as 

observed in the reference sequence. This SNV is not unique for this area as there are three 

additional events proximate to the location of the SNV. There are two additional SNVs with 

the same alternative base call (C) on either side of the SNV and the inclusion of an indel event 

located on the right of the SNV. These observations indicate a mapping error and there is 

evidence to conclude that this was a false positive in sample 1. 

 

 

Figure 20: False positive identified in IGV. 

  



Results 

 64 

5.5.3 Phred score analysis 

Initial testing of run_samtool.py with different threshold values for the mapping and base 

quality scores revealed the necessity for a strategy to decide the threshold values. The effect of 

using the different threshold values can be observed in the Figure 21. The figure shows the VAF 

distribution over an initial SNV union of sets of 120 mutations for sample 1 using the VAF 

from the mpileup output. The number of SNVs “lost” between baseQ = 13, mapQ = 0 and 

baseQ = 30, mapQ = 30 is around 35 SNVs. The question was if the 35 SNVs no longer present 

in sample 1 were true negatives or if they are now false negatives. For this reason, the strategy 

to make an informed decision on the threshold values was implemented and the 

quality_score_analysis.py script was included in the sDiscovery toolbox. 

 

Figure 21: VAF distribution using different quality score thresholds. 

5.5.4 Filtering incorrect calls by MuTect 

The scripts quality_score_analys.py and convert_pileup.py both implement additional filtering 

of the SNV union of sets.  

quality_score_analysis.py filter out SNVs called by MuTect which have an incorrect alternative 

read count in the tumor samples. The script collects all the reads across all samples supporting 

the alternative base call and counts the baseQ and mapQ quality for each SNV. There was one 

instance of a SNV with no supporting read for the alternative base call in the SAMtools mpileup, 

when using phred score threshold of 0, while in the MuTect VCF file the SNV has the status of 

“PASS” with 4 alternative counts in sample 1. SAMtools mpileup results are therefore 

prioritized and believed to generate the most accurate information on alternative read support, 

as it counts the alternative base calls directly from the BAM file(s). If there are no supporting 

reads for the alternative base in a SNV, quality_score_analysis.py assigns as quality score 

threshold of 60 to this SNV in generating the list of alternating thresholds. 
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convert_pileup.py filter out SNVs from MuTect that have an incorrect alternative read count in 

the normal sample. The script converts the mpileup from all the samples, including the normal 

sample (if provided) into a report containing details with the alternative read count, total read 

count and VAF per SNV for each sample. Observing the initial report revealed a SNV with a 

high VAF in the normal sample and an alternative read count = 6. This SNVs was filtered with 

SAMtools mpileup using quality score threshold of 20, so these were not reads with low quality 

scores. Initially, this SNV should have been be filtered out with the MuTect criterion of 

rejecting SNVs where the alternative read count is more than 2 in the normal sample, or the 

user input filter which only allows an alternative count = 1. However, in the MuTect VCF file 

this SNV is reported with alternative read count = 0 in the normal sample. SAMtools mpileup 

results are therefore prioritized and mutations with alternative read > 1 in the normal sample 

are filtered out in the output from convert_pileup.py. 
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6  Discussion  
Biological and computational analysis of DNA sequencing data contains sources of errors and 

this project has aimed to reduce some of those errors. The sDiscovery toolbox provides an 

analytical workflow with filtering strategies implemented on each step. The run_samtools.py 

script facilitates the discovery of additional SNVs across samples resulting in a more complete 

analysis of the mutational landscape of this one patient with prostate cancer. 

The optimization strategies implemented in sDiscovery toolbox has addressed these challenges: 

• Sequencing data contain errors. 

• Mapped data contain errors. 

• Identification of potential false positives. 

• Reduction of potential false negatives. 

• The data contains technical and biological noise. 

Some of these challenges could be handled with the continued improved sequencing 

technologies and bioinformatic tools. The solution for mapping and sequencing error is perfect 

sequencing data, but there will still be biological noise which the analyses have to cope with. 

There are sequencing technologies capable of sequencing longer reads than the Illumina 

platform which could reduce mapping errors. Pacific Biosciences and Oxford Nanopore are 

examples of such technologies, but the trade-off is often an increased amount of sequencing 

errors and lower base qualities [58][59]. 

The bioinformatics applied in this project has been experimental, where decisions on 

computational strategies was informed by visualizing the datasets and investigating the reports 

generated by the scripts. Inconsistencies in the output from MuTect were revealed through this 

approach and strategies to make informed decisions on thresholds were implemented.  

The rest of this chapter will address challenges in implementing this software, evaluate some 

of the methods and results and finish up with a note on ethical considerations. 
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6.1 Software implementation challenges 

6.1.1 Using different servers for storing data and writing code 

The data used for this project was stored on different serves which has obstructed a streamlined 

development of the scripts. The BAM files was stored on TSD, the VCF files was stored on 

Abel while the output data from the scripts using the BAM and VCF files was transferred to a 

personal computer. Acquiring access to TSD needed a personal user account which application 

took a month for approval. In addition, TSD has been under maintenance for over a month 

during the project leading to the inaccessibility of BAM files, the TitanCNA and ichorCNA 

output. Using Abel or TSD as a development platform was not desirable due to the inflexibility 

of working on the Unix log-in nodes of these servers. The workflow has in general been to write 

code on a personal computer, then transfer the code over to Abel or TSD for testing and 

debugging of the data, then transfer the code back to the personal computer to continue code 

writing. Often there would be old versions of python or other dependencies on Abel and TSD 

and to update packages required emailing the support team with a request for software update. 

The software update might happen in a week or in some cases not at all.  

6.1.2 Poor bioinformatic software documentation  

The quality scores thresholds used by MuTect 

MuTect does not report in their documentation which baseQ-threshold value is used to filter 

out reads. Initial visualization of the VAF distribution of the mutations called by MuTect 

compared to the distribution of the same mutations using SAMtools mpileup indicated that the 

threshold values MuTect uses for the baseQ and mapQ must be low. Searching the MuTect 

documentations did not provide information regarding the value of this threshold and it is not 

provided as an optional parameter. We found that MuTect use a baseQ-threshold value of 5 by 

searching through the source code of MuTect on GitHub. This lesson highlights the importance 

of well documented bioinformatic scripts and software to be able to carry out reproducible 

research. 
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Understanding the SAMtools mpileup output to implement quality score 
analysis 

The SAMtools mpileup generated an incoherent output for the baseQ score. The baseQ output 

is found in column six of the mpileup containing the string of ASCII characters. This column 

is parsed by the script quality_score_analysis.py to generate plots of the quality score 

distribution where initial plotting revealed the presence of quality scores outside of the expected 

range. The expected range for Illumina platforms 1.8 + is from 0 to 41 with Phred +33. 

The example output below is from column six in the mpileup output and contain a mix of Phred 

+ 33 and Phred + 66. The ASCII characters "^","]","b","c" in the example output are from Phred 

+ 64 and the remaining characters are Phred + 33. The SAMtools documentation did not provide 

an explanation to how a mix of Phred scores could occur in the mpileup. 

b>^?=_=@=??]@A^AAbBBccBAcBBcB<LcBBBcBAA>BcBAABcBBcAb,AcCBC,CBB
CddCBBBdCCCBcBBBACCBBC?cdBC!8A!c!C!CBBCBB?CC7CABA!aaAB@B!Bc!CC
BC;CCABC!cCBAB!CB!BBd@B!?CB@ABC!A!CC!B`Bb!C!!!!!CCA?B<CC!BBCCC
CCCCAC!CCAACA!A!!!!!!A!=!=A! 

The appeared mix of Phred +33 and Phred + 66 left uncertainty in what integer quality to assign 

to these ASCII characters in the script quality_score_analysis.py. As illustrated in Figure 4 in 

chapter 1.1.3 the two Phred score systems use different parts of the string of ASCII characters. 

The integer values of Phred + 33 is the value of the ASCII character – 33 while Phred + 66 is 

the value of the ASCII character – 66. With quality scores appearing across the two Phred-

systems it was unclear whether they should be converted to integer values using the two 

systems, or if only Phred + 33 should be used with an extended range from 0 to 70. 

Three were three possible explanations for the mix of Phred + 33 and Phred +66. One was that 

the BAM files could be a mix of old and new sequencing data. This was not the case with this 

dataset as the BAM samples were sequenced in 2018 and the Phred + 33 system was 

implemented in 2011. The two other options would either be the Quality Score Recalibration 

performed by Broad institute, or SAMtools mpileup, thus developers of both tools were 

contacted for support.  

From the two options, the SAMtools support team was the first to provide an explanation and 

initially replied that this was an artifact of the BAQ score optimization. This could not be the 

case as the BAQ score optimization should only decrease the quality scores, never increase 

them. The second reply from SAMtools explained that mixed phred scores were a result of the 
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overlap detection mode in SAMtools mpileup. This mode changes the quality values in read 

pairs where the forward and reverse reads are long enough to overlap each other. Where that 

happens, the lower quality base in the overlapping pair will be set to zero and the higher quality 

one to the sum of the two original quality values if they agree, or to 0.8x the highest if they 

disagree. Consequently, the solution to this problem was to disable the read-pair detect with the 

option -x when running SAMtools mpileup. 

There is no known solution to the dataset 

One of the challenges with the experimental nature of the analysis is that there is no true solution 

set to use in benchmarking of our bioinformatic strategy. This includes the identified SNVs, 

VAF, tumor fraction and CNV. This is not unique for this project, as somatic mutation calling 

software developers face the same challenge in benchmarking their tools. A potential solution 

could be a dummy test set. This test could include using open source BAM files (for instance 

from the 1000 genomes project [60]) with a set of synthetic mutations inserted into the BAM 

files to evaluate whether the mutation calling software could identify them. Ideally, one could 

computationally generate a dummy sequencing dataset set, but for this to be biological accurate 

and capable of imitating prostate cancer means telling the computer all the parameters necessary 

for a sequencing BAM file to pass for a real tumor sample. Most of the parameters necessary 

to imitate a tumor sample are unknown and it is therefore difficult to perfectly simulate such a 

data set. Indeed, it is the identification of these parameters that is part of the goals in cancer 

research. This project has coped with the lack of a solution set by optimizing the accuracy of 

mutation calling strategies with complimentary usage of the software MuTect and SAMtools 

and visual inspecting of the SNVs in IGV as a method of validation. 
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6.2 The usage of SAMtools together with MuTect 
The use of SAMtools together with MuTect has been efficient as an optimization strategy for 

somatic variant calling. This approach could be integrated into optimization pipelines where 

MuTect is used simultaneously with a separate mutation calling software [61]. The 

complimentary usage of SAMtools together with MuTect has been especially valuable in 

discovering inconsistencies from the MuTect results in addition to detecting low prevalence 

overlapping somatic mutation. 

6.3 The alternating quality score threshold values 
The alternating threshold values generated by the script quality_score_analysis.py are either set 

to 5, 20 or 60 and address the issue of using a fixed threshold value that might either be too 

high or too low for the specific dataset. A quality score of 60 give an accuracy of 99.9999%, 

the score of 20 an accuracy of 99% and the score of 5 an accuracy of 68.4%. It is to be 

emphasized that the conversion is a mathematical model developed to facilitate comprehensible 

interpretation of the quality of a picture taken of the base during sequencing. A quality score of 

20 does not mean directly that the base was sequenced 100 times resulting in a wrong base call 

for one of the sequencing cycles.  

The use of the quality score of 5 in the alternating threshold method is based on the notion that 

the probability of the base being correct could be higher in certain cases. The presence of reads 

supporting an alternative base call across multiple samples adds statistical evidence to a correct 

call even with a quality score of 5. Since SNVs are rare events, the alternative read counts are 

more unusual than the reference read count which is why the alternating thresholds are derived 

using only the reads supporting the alternative base call. 

6.4 Evaluation of the strict and loose filters 
This project used three different user defined filters generating three different test sets. The 

strict filter had an SNV union set of 95, the intermediate loose filter where the criterion of VAF 

> 5% was removed generated a union set of 115, while the loose filter with the criterion of VAF 

> 5% removed and the new criteria for alternative read count >= 2 generated a union set of 121. 
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The strict criterion of VAF > 5% might be too strict considering the increased amount of SNVs 

in the union of sets in the loose filters. Inspecting the table in Appendix C reveal a number of 

SNVs with VAF below 5% where at least 10 of the reads support the alternative base count in 

tumor. The sample with the most increase of SNVs using the loose filter was the benign sample. 

Considering the low tumor content (0.0006) of the benign sample compared to the remaining 

samples, it might be reasonable to apply a separate filter for this sample to reveal more low-

frequency events and overlapping information. 

The integration of SNVs with tumor fraction and copy number data to estimate the cellular 

prevalence aims to assign a more accurate measuring value than the VAF for comparison. 

Including the SNVs with low VAF increases the number of datapoint as input to PyClone and 

has the potential to optimize the cellular prevalence estimate. 

6.5 Evaluation of the cross-sample mutation calling 
Applying a cross-sample mutation calling strategy has proven useful in discovering more 

overlaps between the samples and SNVs with low VAF. For instance, the TP53 mutation had a 

VAF of 4% in benign, 25% in cfDNA, 36% in sample 1 an 29% in sample 2. Using the strict 

filter union of sets would have filtered out the TP53 SNV in the benign sample and consequently 

we would have missed out on the overlapping information. Additional SNVs discovered with 

low VAF can be inspected in the table in Appendix C. 

6.6 Evaluation of the integration of SNVs, CNV and 
tumor fraction as input to PyClone 
The cellular prevalence estimate of PyClone is highly sensitive to the assigned copy number 

variation. This was observed through multiple runs of PyClone using different CNV and tumor 

fraction estimates. TitanCNA and ichorCNA generate multiple solutions for the copy number 

and tumor fraction estimate and choosing the optimal solution for these estimates is an 

additional challenge even though an optimal solution is suggested by the software tools. Testing 

TitanCNA and ichorCNA with more patients in future analysis could reveal new strategies of 

choosing an optimal solution. 

There are other challenges with the copy number estimates requiring attention. The loose 

filtered dataset included four SNVs located outside a segment reported by TitanCNA. Since the 
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SNVs was located at the maximum of 578702 bp from the nearest segment, the SNVs was 

manually allocated the copy number estimate from that segment. The alternative would have 

been to use the default values of minor_cn = 1, major_cn = 1 generated by 

build_pyclone_file.py. 

TitanCNA does not report copy number data for the X chromosome so the SNVs with this 

location has default values of normal_cn = 1, minor_cn = 1, major_cn =1. One option is to 

use the copy number data from ichorCNA instead as it reports a copy number for chromosome 

X. The result for chromosome X from ichorCNA was a copy number of 4 which was suspected 

to be a potential false estimate. Therefore, the default values were used for the four SNVs on 

chromosome X in this dataset. 

6.7 Measurements of similarities between the 
samples 
The two methods used in this project for measuring genetic relationships between samples are 

SNV overlapping and the cellular frequency estimates and it is suggested to use these two 

methods complementary to each other. Sample 2 had more SNV overlaps with cfDNA. There 

was also a subclone in sample 2 with high resemblance to cfDNA in terms of cellular 

prevalence, although this subclone only had two mutations. The larger subclone with high 

cellular prevalence across all samples and the SNV overlaps suggests that that the mutations 

with cancer priming effects were present in benign tissue from an early state, accumulating 

mutations in the tumor tissue. This then leads to a larger subclone dominating across all 

samples. In future research it could be valuable to investigate the benign tissue further , as well 

as the small subclone assigning sample 2 closer to cfDNA. 

6.8 Somatic mutations in benign tissue of the 
prostate 
The use of benign tissue as a case sample has proven valuable in this project. The benign tissue 

is initially defined as healthy tissue and used as the normal sample in mutations calling projects. 

However, there are evidence of low levels of primary tumor clones in benign tissue [62]. Had 

the benign tissue been used as the normal sample in this project, the somatic mutations in known 

cancer critical genes would have been filtered out as they were also present in the benign tissue.  
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6.9 The use of cfDNA in the analysis 
The use of cfDNA in the analysis highlights the potential of applying liquid biopsies in prostate 

cancer prognosis prediction. This patient had multiple overlapping SNVs between the cfDNA 

and tissue samples in addition to subclones with comparable cellular frequencies to the tissue 

samples, highlighting the evolutionary relationship between primary and metastatic cancer. 

Further research into cfDNA and relationship between primary and metastatic cancer is part of 

a larger project planned by the Department of Molecular Oncology at Radiumhospitalet. Here 

the developed sDiscovery toolbox will be of benefit as the tools can be adapted and applied for 

larger datasets. 

 

6.10  Ethical considerations  
The files used in this project are derived from biological samples from a patient with recurrent 

prostate cancer. The files contain DNA sequences which is considered sensitive and personal 

information. The DNA sequence is unique and can in theory be used to identify the individual 

and its relatives especially with the addition of a known disease. The project and its procedures 

are approved by Regional committees for medical and health research ethics (2013/595/REK 

south-east A). Further, all included patients have received information about the project, and 

signed their willingness to participate. 

It is not common practice to store sensitive files such as DNA sequencing data on a personal 

computer, nor to publish them on open source platforms such as GitHub or the Galaxy browser. 

The files are only available through TSD and are not provided as an appendix to this thesis. 

Continued research into the development of cancer is a necessity and a societal responsibility 

since it is one of the most common causes of deaths in Norway [63] and the number of new 

cancer diagnosis is linked to the continued increased life expectancy [64]. Some of the risks 

taken when accessing DNA sequences are compensated by the potential outcome of improving 

prognostics, diagnostics and treatment of cancer. It is an ethical consideration to be willing to 

take these, though relatively small risks and utilize all tools available to increase knowledge 

about something that could be a resource for future healthcare practices. In doing so, researchers 

have to take precautions so that the data generated for research is not misused. Steps such as 

we have taken in strictly storing raw data at the TSD. 
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7 Conclusion 
The main result of this thesis is an optimized somatic mutation calling strategy for projects 

where multiple related samples are available from the same individual. The scripts implemented 

in the sDiscovery toolbox enables this strategy. Additionally, the tools facilitate subclonal 

analysis with the software PyClone. The approach of using SAMtools complementary with a 

mutation calling software together with a cross-sample filtering strategy has proven to be useful 

in optimizing variant calling sensitivity and specificity.  

The benefit with this project has been the availability of multiple samples that differs in time 

and space. The multiple samples facilitate a comprehensive study of the mutational landscape 

of the patient. Samples taken at different time points enable detection of the genetic relationship 

between primary cancer and metastatic cancer, and samples taken at different areas of the tumor 

facilitates analysis of intra-tumor heterogeneity. The cross-samples approach  has optimized the 

computational analysis as the information across samples has been used to filter out technical 

noise and to improve variant calling. There are still many sources of errors in mutation calling, 

but we believe that some of the informed choices made in our strategy for variant calling have 

resulted in a more accurate dataset. 

The sDiscovery toolbox lays the groundwork for continued knowledge and research into the 

heterogeneous nature of cancer, and in particular prostate cancer. Further knowledge of the 

heterogeneity and the evolution of cancer could inform treatment decisions by providing the 

health practitioners with a more complete picture into of this complex disease. 
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8 Future perspectives 

8.1.1 Software improvement 

Implementing a pipeline 

The software could improve user experience by implementing a pipeline to automize each 

analytical step of the sDiscovery toolbox. The current version of the script requires usage of the 

Unix command-line interface which may appear complex to inexperienced users. In addition to 

relieve the user from manually running each analytical step, a pipeline could administer and 

control with the intermediate result files generated from each script. The main challenge with 

the implementation of a pipeline is that it has to be installed on TSD. It would require updating 

TSD with dependencies and write a SLURM [47] script to submit the job into the queue system 

for a computer node. 

Additional user experience considerations 

• The scripts could benefit from increased verbosity when the wrong type of file is passed 

as input on the command-line. This requires the writing of specific test to check that the 

input contains the expected content. 

• If the program continues in its current command-line version, a user-friendly tutorial 

could be made. 

Reducing memory costs 

The reading and parsing of the VCF and MAF files are a memory intensive part of the software. 

The files are converted into Pandas Dataframe, a data structure optimized for tabular datatypes 

and vectorized calculations. The mix of numerical and categorical datatypes in the Dataframes 

and extraction of multiple subsets contribute to high memory usage in the script discovery.py. 

Measures have been implemented to handle the mix of datatypes by predefining the datatypes 

to save Pandas from deciding the datatypes though iterations. Additional effort should be made 

in future version to reducing memory costs to facilitate usage of the script with more files than 

in this project. 
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Avoid usage of default values 

Future versions of build_pyclone_file.py should include functionality to avoid the usage of 

default values for DNA copy number data. Running this script with different datasets might 

reveal more SNVs located outside the segments reported by TitanCNA. The datasets in this 

project only had four such SNVs which were manually assigned the copy number data to the 

nearest segment. To apply functionality in the code to extend the segment in TitanCNA, 

decisions has to be made on what is an acceptable distance for a SNV to be assigned the copy 

number estimate of the nearest segment. 

8.1.2 Integrate with indel mutation calling data 

The program could integrate with indel mutation calling data to increase the number of 

datapoints for measuring similarity between samples. The project was initially set to include 

indel mutation calling data by Strelka [66] but the output from Strelka revealed only three 

remaining indels in the dataset after filtering with the strict filter. Due to the low number of 

indels the output was not used further in the project. In general, indel calling is a more difficult 

computational problem than SNV calling [49]. It could be interesting to incorporate similarity 

measures for indel calling data if future sample sets have a higher number of indels called by 

Strelka. The VCF files from Strelka are of a different format to MuTect so the best approach 

might be to develop a separate script to parse and filter Strelka output and integrate the result 

with the SNV output in a downstream analysis. 

8.1.3 Apply functional analysis 

The sDiscovery toolbox parses the annotation files containing additional info of the SNVs 

which can be used for further functional analysis. The program reads the MAF file and uses the 

two INFO fields variant classification, and SYMBOL but there are a vast number of other 

INFO fields available. Additional information to use could be the specific exon the mutation is 

located, which amino acid is affected by the mutations, and the predicted consequence of SNVs. 

The latter information is already included in the annotated MAFs and two such sources are the 

SIFT and PolyPhen-2 scores [68][69]. This information could extend the sDiscovery toolbox 

to include functional analysis of the SNVs. 
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Across patient analysis 

Testing the sDiscovery toolbox across patients with multiple samples each is the next logical 

step dependent of the sample and data availability. Comparing recurrent overlaps between 

patients and integrating it with the cellular prevalence estimate could inform intra-patient 

heterogeneity and further test the usage of PyClone as a tool for subclone analysis. An across 

patient analysis will likely expose additional strategies needed to optimize the tools further and 

could reveal common characteristics between the patients that can be prognostic for relapse and 

advanced disease. 
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Appendix A 

Source code 

The source code can be found at: 
https://github.com/karinabot/sDiscovery 
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Appendix B 

Config.yaml input to discovery.py 

working_dir: /path/to/current/directory 
results_dir: result 
 
# Specify the strict filter for tissue 
strict_filter: 
  minimum_tumor_coverage: &tum_s 15 
  minimum_normal_coverage: &nor_s 10 
  maximum_alt_read_normal: &alt_nor_s 1 
  minimum_alt_read_tumor: &alt_tum_s 5 
  minimum_vaf_tumor: &vaf_S 5 
 
loose_filter: 
    minimum_tumor_coverage: &tum_l 15 
    minimum_normal_coverage: &nor_l 10 
    maximum_alt_read_normal: &alt_nor_l 1 
    minimum_alt_read_tumor: &alt_tum_l 2 
    minimum_vaf_tumor: &vaf_l 0 
 
# Specify the samples for the analysis 
samples: 
  # Unique sample ID 
  Sample1: 
    # Paths where vcf and maf file for the sample is placed 
    vcf_file: path/to/sample1.vcf 
    maf_file: path/to/sample2.maf 
    type: 'tissue' 
 
  Sample2: 
    vcf_file: path/to/sample2.vcf 
    maf_file: path/to/sample2.maf 
    type: 'tissue' 
 
  Benign: 
    vcf_file: path/to/benign.vcf 
    maf_file: path/to/benign.maf 
    type: 'tissue' 
 
  cfDNA: 
    vcf_file: path/to/cfDNA.vcf 
    maf_file: path/to/cfDNA.maf 
    type: 'ref' 
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Appendix C  

Result table from convert_pileup.py 
GENE:POS cfDNA sample1 sample2 benign vaf-cfDNA vaf-sample1 vaf-sample2 vaf-

benign 
YBX1|1:43149119 19/173 48/202 31/222 6/214 10.98 23.76 13.96 2.8 
HCN3|1:155255648 36/179 22/124 47/158 4/114 20.11 17.74 29.75 3.51 
SPTA1|1:158612652 86/401 89/327 119/432 20/317 21.45 27.22 27.55 6.31 
RXRG|1:165398076 52/360 46/146 27/146 3/136 14.44 31.51 18.49 2.21 
OR2C3|1:247694985 70/356 75/291 122/403 10/333 19.66 25.77 30.27 3.0 
USP34|2:61544829 28/325 27/154 31/203 4/178 8.62 17.53 15.27 2.25 
SRGAP3|3:9074381 110/474 94/370 113/421 10/372 23.21 25.41 26.84 2.69 
UGT2A1|4:70455105 5/160 8/63 6/84 4/70 3.12 12.7 7.14 5.71 
HMGB2|4:174254696 18/117 40/133 16/131 3/117 15.38 30.08 12.21 2.56 
RNF145|5:158621738 0/192 3/131 0/168 2/150 0.0 2.29 0.0 1.33 
CUL9|6:43181238 56/335 29/136 40/219 7/160 16.72 21.32 18.26 4.38 
TRDN|6:123824885 99/407 68/212 87/292 16/306 24.32 32.08 29.79 5.23 
IKZF1|7:50467770 51/299 42/171 57/240 7/180 17.06 24.56 23.75 3.89 
CSMD1|8:2813125 58/198 11/82 38/111 0/108 29.29 13.41 34.23 0.0 
TTC39B|9:15211263 14/86 6/25 16/46 1/40 16.28 24.0 34.78 2.5 
LRSAM1|9:130265097 29/276 73/268 42/247 5/238 10.51 27.24 17.0 2.1 
ZNF511|10:135123347 69/273 99/267 100/337 17/358 25.27 37.08 29.67 4.75 
OR4D10|11:59245838 4/92 7/34 5/55 3/42 4.35 20.59 9.09 7.14 
CCDC88B|11:64108197 27/112 19/64 29/81 5/51 24.11 29.69 35.8 9.8 
CPT1A|11:68529123 74/476 49/218 50/333 14/277 15.55 22.48 15.02 5.05 
RAB39A|11:107833027 14/123 28/113 19/122 2/104 11.38 24.78 15.57 1.92 
TTC12|11:113214993 17/126 10/47 13/87 1/52 13.49 21.28 14.94 1.92 
CLEC4C|12:7882236 44/174 36/117 43/149 10/179 25.29 30.77 28.86 5.59 
ACACB|12:109687810 50/195 33/108 40/114 12/124 25.64 30.56 35.09 9.68 
NOS1|12:117672547 1/156 14/59 10/76 1/61 0.64 23.73 13.16 1.64 
KDM2B|12:122013754 40/219 31/159 44/181 9/185 18.26 19.5 24.31 4.86 
PXMP2|12:133277942 1/207 31/158 31/212 4/191 0.48 19.62 14.62 2.09 
ABAT|16:8851642 1/554 45/439 1/427 0/408 0.18 10.25 0.23 0.0 
TP53|17:7578176 107/424 85/233 97/330 14/334 25.24 36.48 29.39 4.19 
WDR16|17:9546427 50/205 27/91 40/141 8/153 24.39 29.67 28.37 5.23 
REXO1|19:1817266 61/241 56/222 51/259 11/242 25.31 25.23 19.69 4.55 
HSD11B1L|19:5687656 27/106 20/65 24/72 4/81 25.47 30.77 33.33 4.94 
IRGC|19:44223108 0/186 6/102 0/141 0/108 0.0 5.88 0.0 0.0 
FGF21|19:49259725 60/280 19/64 22/106 4/97 21.43 29.69 20.75 4.12 
BCR|22:23654017 2/181 6/75 4/109 3/79 1.1 8.0 3.67 3.8 
FAM109B|22:42473701 23/214 15/150 24/224 10/255 10.75 10.0 10.71 3.92 
CDKL5|X:18622381 94/231 66/108 74/154 9/129 40.69 61.11 48.05 6.98 
CNGA2|X:150912696 77/157 35/62 36/87 2/71 49.04 56.45 41.38 2.82 
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Result table from convert_pileup.py 

MT-ND4|MT:11900 0/2 77/132 219/451 28/377 0.0 58.33 48.56 7.43 
KLHDC7A|1:18808852 20/280 0/275 22/276 8/273 7.14 0.0 7.97 2.93 
ZNF445|3:44489511 35/413 11/356 48/400 14/373 8.47 3.09 12.0 3.75 
CASR|3:121980530 57/507 5/245 49/368 6/275 11.24 2.04 13.32 2.18 
MLXIPL|7:73011621 38/179 6/36 15/76 8/63 21.23 16.67 19.74 12.7 
TPRN|9:140094388 1/22 1/23 10/41 4/25 4.55 4.35 24.39 16.0 
FOLH1|11:49204779 3/125 3/126 6/166 6/148 2.4 2.38 3.61 4.05 
KL|13:33638052 43/299 6/170 31/212 4/245 14.38 3.53 14.62 1.63 
RTL1|14:101348162 30/318 1/116 22/150 1/96 9.43 0.86 14.67 1.04 
CACNA1A|19:13318777 1/40 3/23 6/34 4/21 2.5 13.04 17.65 19.05 
RFX1|19:14074744 29/152 2/179 32/159 8/152 19.08 1.12 20.13 5.26 
RASSF2|20:4776593 27/112 7/12 11/37 2/31 24.11 58.33 29.73 6.45 
GGT5|22:24628178 5/45 2/24 8/41 6/36 11.11 8.33 19.51 16.67 
TXLNG|X:16836984 4/84 2/50 8/77 1/51 4.76 4.0 10.39 1.96 
CCDC138|2:109404486 1/135 3/70 2/98 7/85 0.74 4.29 2.04 8.24 
ANKIB1|7:91980385 0/108 1/121 0/145 10/106 0.0 0.83 0.0 9.43 
DOCK4|7:111638549 1/242 0/86 0/103 6/106 0.41 0.0 0.0 5.66 
RNF135|17:29298159 0/109 1/285 0/301 16/264 0.0 0.35 0.0 6.06 
ZNF627|19:11728631 6/114 4/61 0/87 15/76 5.26 6.56 0.0 19.74 
POLR3H|22:41940016 1/117 0/221 0/293 12/242 0.85 0.0 0.0 4.96 
MMEL1|1:2535605 21/140 2/68 1/78 5/87 15.0 2.94 1.28 5.75 
RERE|1:8415602 14/108 1/41 3/59 3/53 12.96 2.44 5.08 5.66 
FLG|1:152281947 40/654 0/440 0/565 0/457 6.12 0.0 0.0 0.0 
IVL|1:152882862 15/134 0/18 0/45 1/26 11.19 0.0 0.0 3.85 
FMN2|1:240371079 16/96 4/66 1/65 0/53 16.67 6.06 1.54 0.0 
TGOLN2|2:85554616 21/301 1/225 2/281 9/259 6.98 0.44 0.71 3.47 
RP11-159G9.5|3:88108528 1/106 0/188 2/209 0/185 0.94 0.0 0.96 0.0 
RP11-159G9.5|3:88108540 1/104 0/174 2/191 0/155 0.96 0.0 1.05 0.0 
ABI3BP|3:100489650 12/163 0/64 0/73 0/72 7.36 0.0 0.0 0.0 
MECOM|3:168834494 21/159 0/69 0/106 0/79 13.21 0.0 0.0 0.0 
ENPEP|4:111441184 15/149 0/135 0/154 0/141 10.07 0.0 0.0 0.0 
FTMT|5:121188074 17/307 0/164 0/248 0/204 5.54 0.0 0.0 0.0 
NHLRC1|6:18122287 26/310 0/153 0/232 0/163 8.39 0.0 0.0 0.0 
MDC1|6:30673105 20/329 3/160 5/258 1/169 6.08 1.88 1.94 0.59 
EYS|6:65327324 23/303 1/217 0/308 0/222 7.59 0.46 0.0 0.0 
ZNF479|7:57187725 20/332 2/171 1/258 1/217 6.02 1.17 0.39 0.46 
NKX2-6|8:23564044 26/204 0/110 0/145 0/116 12.75 0.0 0.0 0.0 
WNK2|9:96021778 17/167 3/47 3/88 5/59 10.18 6.38 3.41 8.47 
SKIDA1|10:21805720 3/102 9/123 4/137 0/79 2.94 7.32 2.92 0.0 
KRTAP5-5|11:1651483 8/122 1/125 1/144 1/141 6.56 0.8 0.69 0.71 
KRTAP5-5|11:1651643 135/461 1/357 0/367 0/313 29.28 0.28 0.0 0.0 
INCENP|11:61912684 42/362 0/288 0/341 0/248 11.6 0.0 0.0 0.0 
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Result table from convert_pileup.py 

FAM186A|12:50746999 25/402 2/110 5/219 1/188 6.22 1.82 2.28 0.53 
DACH1|13:72440446 5/122 3/99 1/102 2/118 4.1 3.03 0.98 1.69 
ITGBL1|13:102106343 7/111 1/106 0/118 0/152 6.31 0.94 0.0 0.0 
CGRRF1|14:54996914 9/118 0/59 0/106 0/73 7.63 0.0 0.0 0.0 
CGRRF1|14:54996915 10/118 0/56 0/101 0/68 8.47 0.0 0.0 0.0 
PHGR1|15:40648390 6/105 0/63 0/96 0/74 5.71 0.0 0.0 0.0 
FBRS|16:30675580 14/41 1/16 2/29 1/24 34.15 6.25 6.9 4.17 
CORO6|17:27942877 16/148 3/57 2/78 3/55 10.81 5.26 2.56 5.45 
KRTAP4-9|17:39261726 17/323 0/162 0/285 0/210 5.26 0.0 0.0 0.0 
CPAMD8|19:17091465 13/148 0/43 1/66 2/53 8.78 0.0 1.52 3.77 
FAM182B|20:25755940 8/126 3/88 2/117 1/105 6.35 3.41 1.71 0.95 
FAM230A|22:20709111 7/96 1/24 2/46 1/29 7.29 4.17 4.35 3.45 
FAM230A|22:20709132 16/87 0/23 2/41 1/32 18.39 0.0 4.88 3.12 
ACRC|X:70823980 13/267 0/173 0/239 0/176 4.87 0.0 0.0 0.0 
PASD1|X:150840129 56/277 0/180 0/222 0/154 20.22 0.0 0.0 0.0 
RNF145|5:158621749 0/223 2/149 0/196 2/171 0.0 1.34 0.0 1.17 
TMPRSS6|22:37492722 0/416 8/238 0/359 0/389 0.0 3.36 0.0 0.0 
FAM171B|2:187559050 1/228 0/232 3/219 5/217 0.44 0.0 1.37 2.3 
ZCWPW2|3:28578617 1/43 1/23 3/38 1/22 2.33 4.35 7.89 4.55 
AC187652.1|7:302986 0/23 1/15 4/43 0/21 0.0 6.67 9.3 0.0 
MT-ND4|MT:11568 0/9 1/162 21/499 1/493 0.0 0.62 4.21 0.2 
AQP1|7:30961708 0/489 0/372 0/473 10/345 0.0 0.0 0.0 2.9 
DPY19L1|7:35009095 1/114 0/63 1/74 4/76 0.88 0.0 1.35 5.26 
IGHD|14:106306722 0/427 0/288 0/317 14/244 0.0 0.0 0.0 5.74 
FAM78B|1:166135234 10/272 0/227 0/254 0/229 3.68 0.0 0.0 0.0 
NGEF|2:233785159 3/184 0/87 1/121 0/90 1.63 0.0 0.83 0.0 
MDC1|6:30673228 17/281 4/121 1/165 3/124 6.05 3.31 0.61 2.42 
AC187652.1|7:303176 4/29 1/19 1/54 0/32 13.79 5.26 1.85 0.0 
SPDYE1|7:44046995 24/622 3/505 2/704 1/517 3.86 0.59 0.28 0.19 
RP11-
1220K2.2|7:141920279 

14/323 0/227 3/320 2/240 4.33 0.0 0.94 0.83 

GOLGA3|12:133353241 10/172 0/118 1/161 0/145 5.81 0.0 0.62 0.0 
RRN3|16:15170461 6/300 0/240 0/299 0/270 2.0 0.0 0.0 0.0 
ZNF700|19:12060739 10/290 1/192 1/246 2/222 3.45 0.52 0.41 0.9 
ZNF709|19:12575212 11/220 1/94 1/146 1/105 5.0 1.06 0.68 0.95 
ZNF93|19:20045193 9/291 1/211 0/265 0/219 3.09 0.47 0.0 0.0 
ZNF208|19:22156525 12/307 1/173 1/266 0/194 3.91 0.58 0.38 0.0 
ZNF780A|19:40580582 11/231 1/137 1/178 2/148 4.76 0.73 0.56 1.35 
ZNF813|19:53995214 14/304 1/193 0/278 0/222 4.61 0.52 0.0 0.0 
RBMXL3|X:114426032 10/247 0/173 1/210 0/156 4.05 0.0 0.48 0.0 
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Appendix D 

Config.yaml input to PyClone 

num_iters: 10000 
base_measure_params: 
  alpha: 1 
  beta: 1 
concentration: 
  value: 1.0 
  prior: 
    shape: 1.0 
    rate: 0.001 
 
density: pyclone_beta_binomial 
beta_binomial_precision_params: 
  #starting value 
  value: 1000 
  # Parameter for Gamma prior distribution 
  prior: 
    shape: 1.0 
    rate: 0.0001 
  # Precision of gamma proposal function for Metropolis Hasting step 
  proposal: 
    precision: 0.01 
 
working_dir: /path/to/current/directory 
trace_dir: trace 
 
# Specify the samples for the analysis 
samples: 
  # Unique sample ID 
  SAMPLE1: 
    # Path where YAML formatted mutations file for the sample is placed 
    mutations_file: yaml/sample1.yaml 
    tumour_content: 
      # The predicted tumour content for the sample. If you have no estimate set this to 1.0 
      value: 0.3968 
    # Expected sequencing error rate from sample 
    error_rate: 0.001 
  SAMPLE2: 
    mutations_file: yaml/sample2.yaml 
    tumour_content: 
      value: 0.3312 
    error_rate: 0.001 
  BENIGN: 
    mutations_file: yaml/benign.yaml 
    tumour_content: 
      value: 0.0006 
    error_rate: 0.001 
  cfDNA: 
    mutations_file: yaml/cfDNA.yaml 
    tumour_content: 
      value: 0.3348 
    error_rate: 0.001 
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Appendix E 

cfDNA input file to PyClone 

mutation_id ref_counts var_counts normal_cn minor_cn major_cn variant_freq 
YBX1:1:43149119 154 19 2 1 2 0.10982658959537600 
HCN3:1:155255648 143 36 2 1 2 0.20111731843575400 
SPTA1:1:158612652 315 86 2 1 2 0.21446384039900200 
RXRG:1:165398076 308 52 2 1 2 0.14444444444444400 
OR2C3:1:247694985 286 70 2 1 2 0.19662921348314600 
USP34:2:61544829 297 28 2 1 2 0.08615384615384620 
SRGAP3:3:9074381 364 110 2 1 2 0.23206751054852300 
UGT2A1:4:70455105 155 5 2 1 2 0.03125 
HMGB2:4:174254696 99 18 2 1 2 0.15384615384615400 
RNF145:5:158621738 192 0 2 2 2 0.0 
CUL9:6:43181238 279 56 2 2 2 0.16716417910447800 
TRDN:6:123824885 308 99 2 0 2 0.24324324324324300 
IKZF1:7:50467770 248 51 2 2 2 0.17056856187291000 
CSMD1:8:2813125 140 58 2 0 2 0.2929292929292930 
TTC39B:9:15211263 72 14 2 1 2 0.16279069767441900 
LRSAM1:9:130265097 247 29 2 1 2 0.10507246376811600 
ZNF511:10:135123347 204 69 2 1 1 0.25274725274725300 
OR4D10:11:59245838 88 4 2 1 2 0.043478260869565200 
CCDC88B:11:64108197 85 27 2 1 2 0.24107142857142900 
CPT1A:11:68529123 402 74 2 1 2 0.15546218487395000 
RAB39A:11:107833027 109 14 2 1 2 0.11382113821138200 
TTC12:11:113214993 109 17 2 1 2 0.1349206349206350 
CLEC4C:12:7882236 130 44 2 0 2 0.25287356321839100 
ACACB:12:109687810 145 50 2 0 2 0.2564102564102560 
NOS1:12:117672547 155 1 2 0 2 0.00641025641025641 
KDM2B:12:122013754 179 40 2 0 2 0.18264840182648400 
PXMP2:12:133277942 206 1 2 0 2 0.004830917874396140 
ABAT:16:8851642 553 1 2 1 2 0.0018050541516245500 
TP53:17:7578176 317 107 2 0 2 0.25235849056603800 
WDR16:17:9546427 155 50 2 0 2 0.24390243902439000 
REXO1:19:1817266 180 61 2 1 2 0.25311203319502100 
HSD11B1L:19:5687656 79 27 2 1 2 0.2547169811320760 
IRGC:19:44223108 186 0 2 1 2 0.0 
FGF21:19:49259725 220 60 2 1 2 0.21428571428571400 
BCR:22:23654017 179 2 2 1 1 0.011049723756906100 
FAM109B:22:42473701 191 23 2 1 1 0.10747663551401900 
CDKL5:X:18622381 137 94 1 0 1 0.40692640692640700 
CNGA2:X:150912696 80 77 1 0 1 0.4904458598726110 
MT-ND4:MT:11900 2 0 2 1 1 0.0 
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cfDNA input file to PyClone 

mutation_id ref_counts var_counts normal_cn minor_cn major_cn variant_freq 
KLHDC7A:1:18808852 260 20 2 1 2 0.07142857142857140 
ZNF445:3:44489511 378 35 2 1 2 0.08474576271186440 
CASR:3:121980530 450 57 2 1 2 0.11242603550295900 
MLXIPL:7:73011621 141 38 2 2 2 0.2122905027932960 
TPRN:9:140094388 21 1 2 1 2 0.045454545454545500 
FOLH1:11:49204779 122 3 2 1 2 0.024 
KL:13:33638052 256 43 2 0 2 0.14381270903010000 
RTL1:14:101348162 288 30 2 2 2 0.09433962264150940 
CACNA1A:19:13318777 39 1 2 1 2 0.025 
RFX1:19:14074744 123 29 2 1 2 0.1907894736842110 
RASSF2:20:4776593 85 27 2 1 2 0.24107142857142900 
GGT5:22:24628178 40 5 2 1 1 0.11111111111111100 
TXLNG:X:16836984 80 4 1 0 1 0.047619047619047600 
CCDC138:2:109404486 134 1 2 1 2 0.007407407407407410 
ANKIB1:7:91980385 108 0 2 2 2 0.0 
DOCK4:7:111638549 241 1 2 2 2 0.004132231404958680 
RNF135:17:29298159 109 0 2 2 2 0.0 
ZNF627:19:11728631 108 6 2 1 2 0.05263157894736840 
POLR3H:22:41940016 116 1 2 1 1 0.008547008547008550 
MMEL1:1:2535605 119 21 2 1 2 0.15 
RERE:1:8415602 94 14 2 1 2 0.12962962962963000 
FLG:1:152281947 614 40 2 1 2 0.06116207951070340 
IVL:1:152882862 119 15 2 1 2 0.11194029850746300 
FMN2:1:240371079 80 16 2 1 2 0.16666666666666700 
TGOLN2:2:85554616 280 21 2 1 2 0.06976744186046510 
RP11-159G9.5:3:88108528 105 1 2 1 2 0.009433962264150940 
RP11-159G9.5:3:88108540 103 1 2 1 2 0.009615384615384620 
ABI3BP:3:100489650 151 12 2 1 2 0.07361963190184050 
MECOM:3:168834494 138 21 2 1 2 0.1320754716981130 
ENPEP:4:111441184 134 15 2 1 2 0.10067114093959700 
FTMT:5:121188074 290 17 2 2 2 0.05537459283387620 
NHLRC1:6:18122287 284 26 2 2 2 0.0838709677419355 
MDC1:6:30673105 309 20 2 2 2 0.060790273556231000 
EYS:6:65327324 280 23 2 2 3 0.07590759075907590 
ZNF479:7:57187725 312 20 2 2 2 0.060240963855421700 
NKX2-6:8:23564044 178 26 2 0 2 0.12745098039215700 
WNK2:9:96021778 150 17 2 1 2 0.10179640718562900 
SKIDA1:10:21805720 99 3 2 1 1 0.029411764705882300 
KRTAP5-5:11:1651483 114 8 2 1 2 0.06557377049180330 
KRTAP5-5:11:1651643 326 135 2 1 2 0.2928416485900220 
INCENP:11:61912684 320 42 2 1 2 0.11602209944751400 
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cfDNA input file to PyClone 

mutation_id ref_counts var_counts normal_cn minor_cn major_cn variant_freq 
s 377 25 2 0 2 0.06218905472636820 
DACH1:13:72440446 117 5 2 0 2 0.04098360655737710 
ITGBL1:13:102106343 104 7 2 0 2 0.06306306306306310 
CGRRF1:14:54996914 109 9 2 2 2 0.07627118644067800 
CGRRF1:14:54996915 108 10 2 2 2 0.08474576271186440 
PHGR1:15:40648390 99 6 2 1 1 0.057142857142857100 
FBRS:16:30675580 27 14 2 1 2 0.3414634146341460 
CORO6:17:27942877 132 16 2 2 2 0.10810810810810800 
KRTAP4-9:17:39261726 306 17 2 2 2 0.05263157894736840 
CPAMD8:19:17091465 135 13 2 1 2 0.08783783783783780 
FAM182B:20:25755940 118 8 2 1 2 0.06349206349206350 
FAM230A:22:20709111 89 7 2 1 1 0.07291666666666670 
FAM230A:22:20709132 71 16 2 1 1 0.1839080459770120 
ACRC:X:70823980 254 13 1 0 1 0.04868913857677900 
PASD1:X:150840129 221 56 1 0 1 0.20216606498194900 
RNF145:5:158621749 223 0 2 2 2 0.0 
TMPRSS6:22:37492722 416 0 2 1 1 0.0 
FAM171B:2:187559050 227 1 2 1 2 0.0043859649122807000 
ZCWPW2:3:28578617 42 1 2 1 2 0.023255813953488400 
AC187652.1:7:302986 23 0 2 1 1 0.0 
MT-ND4:MT:11568 9 0 2 1 1 0.0 
AQP1:7:30961708 489 0 2 2 2 0.0 
DPY19L1:7:35009095 113 1 2 2 2 0.008771929824561400 
IGHD:14:106306722 427 0 2 2 2 0.0 
FAM78B:1:166135234 262 10 2 1 2 0.03676470588235290 
NGEF:2:233785159 181 3 2 1 2 0.016304347826087000 
MDC1:6:30673228 264 17 2 2 2 0.060498220640569400 
AC187652.1:7:303176 25 4 2 1 1 0.1379310344827590 
SPDYE1:7:44046995 598 24 2 2 2 0.03858520900321540 
RP11-
1220K2.2:7:141920279 

309 14 2 2 2 0.043343653250774000 

GOLGA3:12:133353241 162 10 2 0 2 0.058139534883720900 
RRN3:16:15170461 294 6 2 1 2 0.02 
ZNF700:19:12060739 280 10 2 1 2 0.034482758620689700 
ZNF709:19:12575212 209 11 2 1 2 0.05 
ZNF93:19:20045193 282 9 2 1 2 0.030927835051546400 
ZNF208:19:22156525 295 12 2 1 2 0.03908794788273620 
ZNF780A:19:40580582 220 11 2 1 2 0.047619047619047600 
ZNF813:19:53995214 290 14 2 1 2 0.046052631578947400 
RBMXL3:X:114426032 237 10 1 0 1 0.04048582995951420 
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Appendix F 

PyClone cellular prevalence results 
mutation_id cluster_id cluster_size benign cp sample1 cp sample2 cp cfDNA cp 
ABAT:16:8851642 1 62 0.79 0.14 0.09 0.22 
ABI3BP:3:100489650 1 62 0.84 0.05 0.05 0.25 
AC187652.1:7:302986 N/A N/A 0.72 0.47 0.53 0.42 
AC187652.1:7:303176 N/A N/A 0.77 0.31 0.35 0.47 
ACRC:X:70823980 1 62 0.89 0.96 0.97 0.91 
ANKIB1:7:91980385 1 62 0.84 0.05 0.04 0.24 
AQP1:7:30961708 1 62 0.84 0.06 0.05 0.24 
BCR:22:23654017 N/A N/A 0.83 0.05 0.04 0.24 
CASR:3:121980530 N/A N/A 0.73 0.29 0.3 0.29 
CCDC138:2:109404486 1 62 0.81 0.78 0.81 0.69 
CCDC88B:11:64108197 3 38 0.75 0.41 0.56 0.57 
CDKL5:X:18622381 3 38 0.81 0.13 0.13 0.26 
CGRRF1:14:54996915 1 62 0.89 0.96 0.97 0.91 
CLEC4C:12:7882236 3 38 0.9 0.96 0.97 0.91 
CNGA2:X:150912696 3 38 0.83 0.05 0.05 0.25 
CORO6:17:27942877 N/A N/A 0.83 0.05 0.05 0.25 
CPT1A:11:68529123 3 38 0.89 0.96 0.97 0.9 
CSMD1:8:2813125 3 38 0.9 0.96 0.97 0.91 
CUL9:6:43181238 3 38 0.78 0.35 0.4 0.48 
DACH1:13:72440446 1 62 0.83 0.07 0.08 0.27 
DPY19L1:7:35009095 1 62 0.88 0.95 0.96 0.89 
ENPEP:4:111441184 1 62 0.88 0.94 0.96 0.9 
EYS:6:65327324 1 62 0.89 0.95 0.96 0.9 
FAM109B:22:42473701 3 38 0.84 0.07 0.07 0.26 
FAM182B:20:25755940 1 62 0.84 0.05 0.05 0.24 
FAM186A:12:50746999 1 62 0.84 0.06 0.06 0.25 
FAM230A:22:20709111 N/A N/A 0.84 0.05 0.05 0.25 
FAM230A:22:20709132 N/A N/A 0.84 0.05 0.05 0.25 
FBRS:16:30675580 3 38 0.85 0.85 0.89 0.83 
FGF21:19:49259725 3 38 0.84 0.05 0.05 0.24 
FLG:1:152281947 1 62 0.81 0.13 0.15 0.31 
FMN2:1:240371079 N/A N/A 0.83 0.08 0.09 0.27 
FTMT:5:121188074 1 62 0.77 0.31 0.38 0.45 
GGT5:22:24628178 3 38 0.77 0.28 0.38 0.51 
GOLGA3:12:133353241 1 62 0.84 0.05 0.05 0.25 
HCN3:1:155255648 3 38 0.85 0.85 0.88 0.86 
HSD11B1L:19:5687656 3 38 0.89 0.96 0.97 0.9 
IGHD:14:106306722 1 62 0.83 0.05 0.04 0.25 
IKZF1:7:50467770 3 38 0.77 0.34 0.38 0.5 
INCENP:11:61912684 1 62 0.8 0.13 0.16 0.29 
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PyClone cellular prevalence results 

mutation_id cluster_id cluster_size benign cp sample1 cp sample2 cp cfDNA cp 
ITGBL1:13:102106343 1 62 0.84 0.05 0.05 0.25 
IVL:1:152882862 1 62 0.87 0.9 0.93 0.86 
KDM2B:12:122013754 3 38 0.84 0.05 0.05 0.25 
KL:13:33638052 2 2 0.89 0.96 0.97 0.9 
KRTAP4-9:17:39261726 1 62 0.89 0.95 0.96 0.9 
KRTAP5-5:11:1651483 1 62 0.89 0.96 0.97 0.91 
KRTAP5-5:11:1651643 1 62 0.84 0.05 0.04 0.24 
LRSAM1:9:130265097 3 38 0.89 0.96 0.97 0.9 
MDC1:6:30673228 1 62 0.83 0.05 0.05 0.25 
MECOM:3:168834494 1 62 0.81 0.09 0.06 0.22 
MLXIPL:7:73011621 3 38 0.84 0.05 0.05 0.25 
MMEL1:1:2535605 1 62 0.83 0.06 0.06 0.27 
MT-ND4:MT:11900 3 38 0.88 0.95 0.96 0.9 
NGEF:2:233785159 1 62 0.71 0.3 0.48 0.51 
NHLRC1:6:18122287 1 62 0.81 0.08 0.15 0.31 
NKX2-6:8:23564044 1 62 0.84 0.05 0.05 0.25 
OR2C3:1:247694985 3 38 0.84 0.07 0.07 0.27 
OR4D10:11:59245838 3 38 0.81 0.06 0.06 0.29 
PASD1:X:150840129 1 62 0.88 0.95 0.96 0.89 
PHGR1:15:40648390 1 62 0.82 0.11 0.14 0.3 
PXMP2:12:133277942 4 2 0.83 0.1 0.1 0.28 
RAB39A:11:107833027 3 38 0.83 0.05 0.05 0.26 
RASSF2:20:4776593 3 38 0.88 0.94 0.96 0.9 
RBMXL3:X:114426032 1 62 0.8 0.16 0.19 0.36 
REXO1:19:1817266 3 38 0.81 0.11 0.15 0.3 
RFX1:19:14074744 N/A N/A 0.89 0.96 0.97 0.9 
RNF135:17:29298159 1 62 0.84 0.05 0.05 0.25 
RNF145:5:158621738 1 62 0.84 0.05 0.05 0.25 
RP11-1220K2.2:7:141920279 1 62 0.84 0.05 0.05 0.25 
RP11-159G9.5:3:88108528 1 62 0.65 0.67 0.63 0.31 
RP11-159G9.5:3:88108540 1 62 0.89 0.96 0.97 0.9 
RRN3:16:15170461 1 62 0.82 0.81 0.82 0.73 
RXRG:1:165398076 3 38 0.83 0.05 0.04 0.26 
SKIDA1:10:21805720 N/A N/A 0.84 0.05 0.05 0.25 
SPDYE1:7:44046995 1 62 0.84 0.05 0.04 0.24 
SPTA1:1:158612652 3 38 0.63 0.64 0.62 0.28 
TGOLN2:2:85554616 1 62 0.88 0.94 0.95 0.89 
TMPRSS6:22:37492722 1 62 0.89 0.96 0.97 0.91 
TP53:17:7578176 3 38 0.84 0.05 0.04 0.24 
TPRN:9:140094388 3 38 0.78 0.32 0.4 0.49 
TTC12:11:113214993 3 38 0.89 0.96 0.97 0.9 
TTC39B:9:15211263 3 38 0.75 0.49 0.68 0.68 
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mutation_id cluster_id cluster_size benign cp sample1 cp sample2 cp cfDNA cp 
TXLNG:X:16836984 1 62 0.84 0.05 0.05 0.24 
UGT2A1:4:70455105 N/A N/A 0.83 0.07 0.05 0.23 
WDR16:17:9546427 3 38 0.83 0.06 0.05 0.23 
WNK2:9:96021778 N/A N/A 0.84 0.05 0.06 0.25 
YBX1:1:43149119 3 38 0.84 0.05 0.05 0.24 
ZCWPW2:3:28578617 N/A N/A 0.84 0.05 0.05 0.24 
ZNF445:3:44489511 N/A N/A 0.84 0.05 0.04 0.24 
ZNF479:7:57187725 1 62 0.74 0.32 0.49 0.52 
ZNF511:10:135123347 3 38 0.89 0.96 0.96 0.9 
ZNF627:19:11728631 1 62 0.74 0.26 0.29 0.34 
ZNF709:19:12575212 1 62 0.84 0.06 0.06 0.25 
ZNF780A:19:40580582 1 62 0.89 0.96 0.97 0.91 
ZNF813:19:53995214 1 62 0.89 0.96 0.97 0.91 
ZNF93:19:20045193 1 62 0.84 0.06 0.07 0.26 

 

 


