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Abstract 

 

Hereditary cancer studies have shed light on the understanding of cancer 

genetics. Inherited components are particularly important in breast cancer and 

ovarian cancer. Whole-exome sequencing (WES) that targets the protein-coding 

region of the genome has emerged as a powerful method to reveal genetic 

alterations in cancer. This thesis work focuses on uncovering the genetic basis 

underlying familial breast cancer and ovarian cancer. Using WES as the primary 

investigative tool, deleterious germ-line mutations in SMARCA4 were identified in 

all the small cell carcinoma of the ovary, hypercalcemic type (SCCOHT) families 

that we studied. Genomic analysis revealed that SCCOHT is universally 

characterized by the complete loss of SMARCA4. By performing WES analysis 

on French-Canadian, BRCA1 and BRCA2-negative breast cancer families 

followed by validation of the candidate gene in additional cases, RECQL was 

discovered as a new breast cancer susceptibility gene. These findings indicate 

the central roles of the SWI/SNF chromatin-remodeling complex and the DNA 

repair pathway in driving the development of SCCOHT and breast cancer, 

respectively, and provided novel targets for the therapeutic development of these 

diseases. Furthermore, motivated by accurately identifying somatic mutations 

with low allelic-fraction from WES data, I developed a variant caller using tumor 

sample and matched normal sample, plus a user-defined control panel of non-

cancer samples. In comparison to other existing tools, I showed superior 
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performance of this algorithm, especially for calling variants from low-quality 

cancer samples such as formalin-fixed and paraffin-embedded (FFPE) samples.  
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Abrégé 

 

Les études sur les cancer héréditaires ont aidé à la compréhension de la 

génétique du cancer. Les composantes héréditaires sont particulièrement 

importantes dans les cancers du sein et de l'ovaire. La technique du séquençage 

de l’exome (WES), qui cible la région codant pour la protéine dans le génome, a 

émergé comme une méthode puissante pour révéler des altérations génétiques 

liées au cancer. Le travail de doctorat présenté dans cette thèse porte sur la 

découverte de la base génétique sous-jacente du cancer du sein et de l'ovaire 

familial. En utilisant la technique WES comme outil d'enquête primaire, nous 

avons identifié les mutations délétères dans SMARCA4 présent dans tous les 

cas de carcinomes à petites cellules familiales de l'ovaire, de type hypercalcémie 

(SCCOHT) que nous avons étudié. L'analyse génomique a révélé que SCCOHT 

est universellement caractérisé par la perte totale de SMARCA4. Nous avons 

également effectué une analyse WES sur des familles québécoises avec cancer 

du sein sans mutations dans les gènes BRCA1 et BRCA2. Le criblage du gène 

candidate par séquençage de type Sanger dans des cas québécois 

supplémentaire a permis d’identifier RECQL comme un nouveau gène de 

susceptibilité au cancer du sein. Nos résultats indiquent l’importance des 

complexes de remodelage chromatique SWI/SNF dans le développement du 

SCCOHT et de la voie de réparation de l'ADN dans le développement du cancer 

du sein. L’identification de ces nouveaux gènes fournit des nouvelles cibles 

thérapeutiques de ces maladies. Dû l’importance des mutations somatiques à 
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faible fraction allélique dans les cancers, nous avons développé un outil appelé 

« variant caller ». Cet outil utilise les donnés WES d’un échantillon tumoral, un 

échantillon apparié sain ainsi qu’un panneau de commande définie par 

l'utilisateur d'échantillons non-cancéreux. En comparaison avec d'autres outils 

existants, nous avons démontré une performance supérieure de notre 

algorithme, en particulier pour les échantillons de cancer de faible qualité tels 

que des échantillons formaline fixé et paraffine intégrée « as formalin-fixed and 

paraffin-embedded (FFPE) ». 
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Chapter 1. General Introduction and Literature 

Reviews 

 

 

Cancer is a genetic disease that is characterized by unrestrained proliferations of 

cells as a result of DNA sequence alterations (Stratton, Campbell & Futreal 2009). 

Although copy number variants (CNVs) and other large-scale chromosomal 

rearrangements could be observed in tumor cells for over a hundred years, only 

in 1982 was the first point mutation identified in HRAS in bladder cancer (Rowley 

1973, Reddy et al. 1982, Tabin et al. 1982). This discovery launched a new era 

of searching for genes that are associated with various human cancers. In fact, 

many of the known cancer genes were uncovered by investigating inherited 

forms of cancer, thus emphasizing the importance of studying hereditary cancers 

(Foulkes 2008). Now with the completion of the Human Genome Project and the 

advance of massively parallel and high-throughput sequencing technologies, the 

identification of cancer genes has been significantly accelerated.  

 

This thesis first focuses on discovering cancer genes through the study of 

inherited cancers, using whole-exome sequencing (WES) – a high-throughput 

sequencing technology that targets all the known coding exons in the genome 

(known as exome) – as the primary investigative tool. The utility of WES in 

comprehensively studying somatic alterations will then be discussed. This 



 
 

 
 
 

13 

introduction will first describe inherited susceptibility to cancer, in particular, an 

overview of hereditary ovarian and breast cancers and their previously identified 

susceptibility genes. The introduction will then move on to a review of the WES 

technology, its data analysis aspect and issues in applying WES to cancer 

research. Finally, I will discuss our current understanding of cancer evolution.  
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1.1 Inherited Susceptibility in Cancer 

 

1.1.1 Overview of Hereditary Cancer 

 

Hereditary cancer is caused by a genetic alteration affecting cell function that is 

passed from generation to generation in a family. Individuals with family history of, 

for example, breast cancer, pancreatic cancer, colorectal cancer and ovarian 

cancer, have an approximately two-fold increased cancer risk, and the risk is 

further increased if multiple first-degree relatives are affected, or if the patients 

are diagnosed at a young age (Pharoah et al. 1997, Ford et al. 1998, Stratton et 

al. 1998, Johns, Houlston 2001, Permuth-Wey, Egan 2009). Hereditary cancer 

makes up about 5% of all cancers. Family history is present in higher proportion 

in prostate, breast and colorectal cancer, whereas in some cancer types, for 

example bone and salivary gland cancer, family history is rarely present 

(Hemminki, Sundquist & Bermejo 2008).  

 

1.1.2 Genetic basis of Hereditary Cancer 

 

The genetic bases of hereditary cancers have been explained by the “two-hit” 

model (Nordling 1953, Armitage, Doll 1957, Knudson 1971). In general, the 

initiation and development of tumor cells require a multitude of genetic changes, 

including the biallelic inactivation resulting in loss-of-function of a tumor-
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suppressor gene. In hereditary cancers, one germ-line inactivation of the tumor 

suppressor gene is inherited and a second, somatic mutation inactivates the wild-

type allele in the tumor cell. In sporadic cases, both inactivations are somatic 

(Knudson 1971). Therefore, inherited cancers are more likely to be early-onset 

than sporadic cancers. The somatic hit is not necessarily a point mutation. Large-

scale deletion, translocation or mitotic recombination resulting in loss of 

heterozygosity (LOH) at the position of the tumor-suppressor genes, and 

subsequently the absence of the wild-type protein, are frequently observed in the 

tumors (Foulkes 2008, Cavenee et al. 1983). 

 

The “two-hits” model was later revisited by Kinzler and Vogelstein. They 

described the initiation of tumor as a multi-step process, after discovering DNA 

repair genes in hereditary colorectal cancer (Kinzler, Vogelstein 1996, Kinzler, 

Vogelstein 1997). The original model offers strong support to explain, for 

example, the role of RB1 susceptibility to retinoblastoma and that of APC in 

familial adenomatous polyposis, by which the germ-line mutation hits a cell 

growth gene that directly control cell proliferation, cell-cycle checkpoints and cell 

death. The rate-limiting step triggering the tumorigenesis is the second hit 

targeting the same gene. By contrast, some DNA repair genes, such as 

mismatch-repair genes MLH1 and MSH2 in Lynch syndrome (hereditary 

nonpolyposis colorectal cancer), and homologous recombination-repair genes 

BRCA1 and BRCA2 in hereditary breast and ovarian cancers do not promote 

tumor initiation directly, but rather are important to maintain genome integrity. 
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Biallelic inactivation of these genes allows accumulation of new mutations and 

results in genetic instability; further molecular events (for example, the targeting 

of growth-regulating genes) are required to trigger the malignant transformation 

(Kinzler, Vogelstein 1996, Kinzler, Vogelstein 1997). 

 

1.1.3 Cancer Susceptibility Genes 

 

Numerous cancer susceptibility genes have been identified. The observation of 

recurrent deletion on chromosome 13 in retinoblastoma tumors led to the 

discovery of the first tumor-suppressor gene, RB1 (Knudson et al. 1976, Friend 

et al. 1986). Linkage analysis, which links the disease phenotype to polymorphic 

DNA markers so the causal allele can be localized, has identified a few rare but 

high-penetrance genes in common cancers (Foulkes 2008). However, the 

limitation of linkage studies is that large families with several affected generations 

are required to be able to identify new cancer susceptibility genes. Moreover, 

moderate to low-penetrance alleles may not be penetrant enough to cause a 

noticeable familial history of cancer, and therefore cannot be detected. Genome-

wide association studies (GWAS) revealed many common, low-risk alleles by 

testing the association of thousands of single-nucleotide polymorphisms (SNPs) 

with cancer cases. Those alleles are combined to confer a range of susceptibility 

in the population (Houlston, Peto 2004). 
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Furthermore, the candidate-gene approach, which tests the association of a 

specific variant with the disease, has identified several moderate-penetrance 

alleles in common cancers. Genes are selected based on the prior knowledge of 

their functions and their etiological roles in the disease (Tabor, Risch & Myers 

2002). Candidate-gene experiments can be conducted for a large cohort of case 

and control samples at the population level. However, most of the candidate-

gene studies allow for a small number of genes being examined at one time, and 

the selection of genes is limited by the given hypothesis. Thus, a hypothesis-free 

but cost-effective sequencing alternative is needed. The main focus of this thesis 

is the identification of ovarian cancer and breast cancer genes using high-

throughput sequencing technologies. What is known about the genetic basis of 

ovarian cancer and breast cancer is discussed in the next sections.  

 

 

1.1.4 Inherited Susceptibility in Ovarian Cancer 

 

1.1.4.1 Classification of ovarian cancer 

 

Ovarian cancer is the fourth leading cause of female cancer death in the 

developed world, accounting for nearly 4% of all female cancers (Bray et al. 

2013). Based on the histogenesis of origin, ovarian cancer can be broadly 

classified as epithelial and non-epithelial (Scully 1987, Kaku et al. 2003). 

Epithelial ovarian tumors are further clustered into histological groups as serous, 
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mucinous, endometrioid, clear cell, transitional, squamous cell, mixed-epithelial 

and undifferentiated tumors (Kaku et al. 2003). Non-epithelial ovarian tumors are 

further clustered into germ-cell, sex cord-stromal and miscellaneous tumors 

(Kaku et al. 2003, Witkowski et al. 2013). Moreover, based on the morphological 

and molecular studies, epithelial ovarian tumors are divided into two types 

(Figure 1.1). Low-grade types of tumors associated with low proliferative activity 

and slow progression have been characterized by mutations in BRAF, KRAS, 

and PTEN. High-grade types of tumors associated with aggressive activity and 

rapid progression have been characterized by mutations in TP53, BRCA1, 

BRCA2 and NF1 (Ho et al. 2004). In spite of this, the notion of ovarian tumor 

classification continues to change. Now it is believed that high-grade serous 

ovarian cancer (HGSC) are derived from the fallopian tube, whereas low-grade 

serous ovarian cancer is considered to be of ovarian origin (Vaughan et al. 2011). 

More and more subtypes of ovarian cancer are likely to be identified by 

comprehensive genomic analysis (The Cancer Genome Atlas Research Network 

2011, Jayson et al. 2014).   
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Figure 1.1: Classification of ovarian cancer based on the origins and 

molecular profiles.  

Ovarian cancers are derived from different tissues. High-grade serous ovarian 

cancers are probably derived from the surface of the ovary and/or the fallopian 

tube, which is universally characterized by TP53 mutations, and in some cases, 

associated with BRCA1, BRCA2 and NF1 mutations. Adapted with permission 

from Vaughan et al., Nature Reviews Cancer, 2011. 
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1.1.4.2 Genomic profile of epithelial ovarian cancer 

 

Invasive epithelial ovarian cancer displays several distinct genomic and 

transcriptional features across different subtypes, suggesting that ovarian tumors 

should be considered differently at the molecular level (Vaughan et al. 2011, 

Köbel et al. 2008). In HGSC, the mutational spectrum is relatively simple – only a 

few recurrent mutations have been observed in HGSC – but the genomic 

landscape is remarkably complicated. Genomic analysis showed that TP53 is 

prevalently mutated in 96% of all HGSC cases, followed by BRCA1 and BRCA2 

mutations in 22% of all cases. Other genes, such as NF1, RB1 and CDK12, have 

only been found mutated in only 2-6% of all cases. Meanwhile, at least 50% of 

the HGSC tumors showed recurrent CNVs, including amplifications on 

chromosome 3q, 8q and 20q, and deletions on chromosome 17, 18 and 19 (The 

Cancer Genome Atlas Research Network 2011).  

 

On the other hand, TP53 and the BRCA genes are rarely mutated in non-HGSC 

ovarian tumors. Many of the driving mutations in endometrioid, clear cell and 

mucinous ovarian tumors have been found in genes in the RAS signaling 

pathway, including PIK3CA, KRAS, and PTEN (Obata et al. 1998, Jones et al. 

2010). Interestingly, the number of CNVs in the clear cell cancer is similar to that 

seen in low-grade serous ovarian cancer but much lower than in HGSC (Kuo et 

al. 2010). Moreover, alterations in ARID1A have been related to aberrant 

regulation of chromatin remodeling, suggesting that epigenetic change may play 



 
 

 
 
 

21 

an important role in the tumorigenesis of clear cell ovarian cancer (Jones et al. 

2010).  

 

1.1.4.3 Susceptibility genes in hereditary ovarian cancer  

 

Approximately 7% of ovarian cancer patients have at least one affected, first-

degree female relative (Whittemore 1994). Germ-line mutations in BRCA1 and 

BRCA2 are the most frequently observed inherited risk, accounting for the 

majority of hereditary ovarian cancers (The Cancer Genome Atlas Research 

Network 2011, Foulkes et al. 2007). In fact, BRCA1 was discovered from families 

with the incidence of both breast and ovarian cancer (Miki et al. 1994). Other 

genes in the homologous recombination pathway, such as RAD51C, RAD51D, 

and BRIP1 confer susceptibility to ovarian cancer as well (Meindl et al. 2010, 

Walsh et al. 2011, Loveday et al. 2011) (Figure 1.2). Mismatch repair genes 

MSH2, MSH6 and MLH1, together with TP53 explain another small proportion of 

hereditary ovarian cancer. Most of these genes were found in non-HGSC 

subtypes (Walsh et al. 2011, Song et al. 2014).  
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Figure 1.2: Homologous recombination repair proteins of double-strand 

DNA breaks implicated in hereditary breast and ovarian cancer risk.  

The protein products of genes implicated in hereditary breast and ovarian cancer 

susceptibility are indicated in red (BRCA1 and BRCA2) and orange (Other 

homologous recombination genes linked to cancer risk). A. Double-strand DNA 

break is recognized by of ATM and ATR and other repair proteins are 

assembled. B. DNA is resected by the MRN complex, consisting of MRE11, 

 

BLM  
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RAD50 and NBS1. C. RAD51 is loaded. D. The RAD51 invades the homologous 

DNA strand. E. DNA repair by the DNA helicases. The homologous DNA strand 

provides a template for high-fidelity DNA synthesis and repair. Adapted with 

permission from Christine S. Walsh, Gynecologic oncology, 2015. 

 

1.1.4.4 Genetic basis of rare ovarian cancers 

 

The genetic basis of non-epithelial and miscellaneous ovarian tumors has not 

been well characterized yet, probably because those tumors are very rare. Germ-

cell tumor and sex cord-stromal tumors together account for only 10% of all 

ovarian cancers. Miscellaneous ovarian tumors are even rarer, accounting for 

less than 1% of all ovarian cancer cases (Scully 1987, Quirk, Natarajan 2005). 

Unlike epithelial ovarian tumors, germ-cell tumors also occur in the testicle and 

outside the gonads. Somatic mutations in KIT, a gene that is critical for the 

development of germ cells, have been commonly observed in testicular, ovarian 

and intracranial germ-cell tumors (Kemmer et al. 2004, Cheng et al. 2011, Wang, 

Lai 2014). However, no germ-line mutations of KIT have been found in familial 

germ-cell tumors. Germ-line mutations in the histone demethylase gene JMJD1C 

have been found in the germ-cell tumor of the brain (Wang, Lai 2014, Rapley et 

al. 2004). In some non-epithelial ovarian tumors, particularly Sertoli-Leydig cell 

tumors from the sex cord-stromal tumor category harbor germ-line or somatic 

mutations in DICER1, a member of RNase III endonuclease that cleaves 

precursor miRNA into mature miRNA (Heravi-Moussavi et al. 2012, Rio Frio et al. 

2011).  
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Perhaps the only well-characterized rare type of ovarian tumor is the granulosa 

cell tumor of the ovary- the most common subtype of sex cord-stromal tumors. 

Granulosa cell tumors are universally caused by a somatic mutation (p.C134W) 

in the transcription factor-encoding gene FOXL2 (Wang, Lai 2014, Shah et al. 

2009a, Jamieson et al. 2010, Caburet et al. 2015). Nevertheless, genetic causes 

in most of the ovarian tumor subtypes have not been identified yet. Specifically, 

prior to the work presented in this thesis, nothing was known about the molecular 

events underlying the development of the rare small cell carcinoma of the ovary, 

hypercalcemic type (SCCOHT), the most common type of undifferentiated 

ovarian tumor in women under age 40 (Clement 2005). Although rare, a few 

familial cases of SCCOHT have been reported, providing a great resource to 

study the genetic alterations in both inherited and non-inherited forms of this 

disease (Clement 2005, Lamovec, Bracko & Cerar 1995, Longy et al. 1996, 

Martinez-Borges et al. 2009). 

 

1.1.4.5 Clinical management of hereditary ovarian cancer 

 

Genetic testing for patients with increased risk of ovarian cancer offers effective 

strategies for the prevention and precise treatment of the disease. First, the 

identification of predisposing mutation carriers may significantly reduce the 

ovarian cancer incidence. For example, the provision of prophylactic salpingo-

oophorectomy, a surgery that removes the ovary and the fallopian tube, has 
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been associated with 70%-85% reduction in risk of ovarian cancer among 

BRCA1 mutation carriers (Domchek et al. 2010). Secondly, the identification of 

ovarian cancer susceptibility genes has provided several potential targets for 

treatment. The notion that genes from the homologous recombination DNA repair 

pathway are frequently mutated in hereditary ovarian cancer allowed the 

development of poly ADP-ribose polymerase (PARP) inhibitors, which block the 

PARP enzymes in repairing double-strand DNA breaks, and therefore induce cell 

death in the absence of DNA repair proteins (Lord, Ashworth 2012). Notably, a 

new approach that using the combination of platinum-based drugs and PARP 

inhibitors has improved clinical outcome in recurrent, platinum-sensitive HGSC 

patients (Luvero, Milani & Ledermann 2014).  

 

Finally, the identification of dominantly inherited cancer susceptibility genes may 

assist to the classification of diagnostically problematic ovarian tumors. Given the 

rarity of non-epithelial ovarian tumors and miscellaneous ovarian tumors, 

pathological misdiagnosis is not uncommon. As an example, SCCOHT is 

morphologically overlapped and therefore often mixed with granulosa cell and 

many other ovarian tumors (Clement 2005). Now, thanks to the identification of 

the FOXL2 mutations as a predisposing genetic event, granulosa cell tumors 

have a specific marker for diagnosis (Stewart et al. 2013). These advances show 

how molecular testing of causal mutations in ovarian tumors may significantly 

improve the prevention, diagnosis and treatment in ovarian cancers. 
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1.1.5 Inherited Susceptibility in Breast Cancer 

 

1.1.5.1 Overview of breast cancer 

 

Breast cancer is the most common and second leading cause of death in female 

cancers (Siegel et al. 2014). The major barrier to the improvement in breast 

cancer treatment is that the breast tumors are known to be highly heterogeneous, 

both pathologically and molecularly (Rakha et al. 2009). Gene-expression 

analysis using microarrays were able to distinguish various breast cancer 

subtypes. Most of the invasive breast cancers are hormone receptor-positive, 

characterized by overexpression of the estrogen receptor (ER) or the 

progesterone receptor (PR) (Perou et al. 2000). ER or PR-positive tumors are 

usually correlated with a luminal phenotype while hormone receptor-negative 

tumors are in general associated with a poor prognosis (Schnitt 2010). The later 

group is further divided into HER2 and basal-like subtypes. The HER2 group is 

defined by overexpression of human epidermal growth factor receptor 2 (HER2), 

whereas the basal-like subtype is defined by a ‘basal’ phenotype as described by 

pathologists (Schnitt 2010, Foulkes, Smith & Reis-Filho 2010). Basal-like tumors 

often lack over-expression of ER and HER2, but over-express cytokeratin 5 and 

epidermal growth factor receptor (EGFR) (Foulkes, Smith & Reis-Filho 2010). In 

term of treatment response, luminal tumors usually show better outcome in 

response to endocrine therapy. By contrast, basal-like tumors are sensitive to 

anthracycline or platinum-based chemotherapy (Badve et al. 2011). 
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1.1.5.2 Susceptibility genes in hereditary breast cancer 

 

1.1.5.2(i) BRCA1 and BRCA2 
 

Hereditary breast cancer accounts for approximately 10% of all breast cancer 

cases (Foulkes 2008). The two most important genes BRCA1 and BRCA2, 

together explain about 30% of hereditary breast cancer cases and 15% of all 

cases with a familial relative risk (the ratio of the disease risk for the family 

member of an affected individual to that for the general population) (Couch, 

Nathanson & Offit 2014). As the first discovered breast cancer gene, BRCA1 was 

cloned in 1994 from linked region on chromosome 17 using large families with 

cases of early-onset breast and ovarian cancers. Soon after that, BRCA2 was 

linked to a region on chromosome 13 using families with a high incidence of male 

breast cancer. Rare, germ-line mutations in both genes are considered to be 

highly penetrant. Most of the breast cancer-associated variants in the BRCA 

genes are frame-shift insertions or deletions, or nonsense mutations creating a 

stop codon and result in truncated, non-functional BRCA proteins (Collins 1996). 

Missense mutations located in the RING finger and BRCT domains for BRCA1, 

or in the DNA binding domain for BRCA2, are also highly penetrant (Couch, 

Nathanson & Offit 2014). Moreover, the loss of the wild-type allele is consistently 

observed in the tumors. Nevertheless, BRCA1 and BRCA2 are rarely mutated in 

sporadic cases (Venkitaraman 2002).  
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Both BRCA1 and BRCA2 have been implicated in a multitude of important 

processes, including DNA repair, cell-cycle checkpoint control, chromatin 

remodeling, and transcription. In particular, both proteins interact with RAD51 to 

form the RAD51 nuclear foci during the S phase and G2 arrest of cell cycle. The 

RAD51 loci localize to DNA damage regions and repair the double-strand breaks 

through homologous recombination. All evidence suggests that mutations in the 

BRCA genes can induce accumulated genomic instability (Venkitaraman 2002, 

Scully, Livingston 2000, Venkitaraman 2004). Interestingly, most breast tumors 

associated with BRCA1 cluster with basal-like tumors based on the gene 

expression profiles (Sotiriou et al. 2003, Schnitt 2010). Finally, the discovery that 

BRCA genes are part of the homologous recombination pathway has resulted in 

the intensive research into PARP inhibitors as an effective drug for BRCA1/2-

deficient patients (Lord, Ashworth 2012, Rouleau et al. 2010).  

 

1.1.5.2(ii) Other high-penetrance to moderate-penetrance genes 
 

Other high-penetrance breast cancer genes, including TP53, PTEN, STK11 and 

CDH1 account for less than 3% of all familial cases (Couch, Nathanson & Offit 

2014, Ripperger et al. 2008) (Figure 1.3). They were mostly discovered by 

linkage analysis or candidate gene approach in several rare, cancer-susceptibility 

syndromes associated with high incidence of breast cancer, such as TP53 in Li-

Fraumeni syndrome, PTEN in Cowden syndrome, and STK11 in Peutz-Jeghers 



 
 

 
 
 

29 

syndrome (Malkin et al. 1990, Liaw et al. 1997, Jenne et al. 1998). Many 

moderate-risk genes that increase the risk of cancer two to five times, such as 

ATM, CHEK2, and PALB2 together explain another 4% familial cases (Couch, 

Nathanson & Offit 2014, Ripperger et al. 2008) (Figure 1.3). Most of these genes 

were discovered by candidate-gene approach, based on their known functions 

related to the BRCA genes and the homologous recombination DNA repair 

pathway. For example, PALB2 was a Fanconi anemia gene interacting with 

BRCA2 (Rahman et al. 2006). At present, more and more researchers start to 

believe that more genes found in this category (high to moderate-penetrance) will 

explain only a small proportion of hereditary breast cancer cases.  
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Figure 1.3: The genetic landscape of breast cancer.  

Unexplained 
50% 

BRCA1 & 
BRCA2 

15% 

 
3% 

 
4% 

Known SNPs 
14% 

Other 
predicted 

SNPs 
14% 

CHEK2,ATM,PALB2,BRIP1, 
RAD51C,RAD51D,BARD1 
 

TP53,PTEN,LKB1,CDH1 

 

 

 

BRCA1 & 
BRCA2 

 

  

CHEK2 

ATM 

PALB2 

BRIP1 

RAD51 

BARD1 FGFR2 

MAP3K1 

LSP1 

TERT 
TOX3 

 

TP53 
PTEN 

LKB1 
CDH1 



 
 

 
 
 

31 

A. Identified breast cancer susceptibility genes. The Y-axis is the relative risk for 

breast cancer associated with mutations in the gene. Genes with high-risk alleles 

are highlighted in green and red. The moderate-penetrance genes are 

highlighted in purple. There are probably many more genes in this class, but they 

can be identified only by studying affected persons in breast cancer families. The 

common, low-risk genes are shown in blue and orange. Adapted with permission 

from Foulkes, New England Journal of Medicine, 2008. 

B. Pie chart shows the estimated percentage contribution of breast cancer 

alleles. Besides, BRCA1 and BRCA2 (purple), all the other high to moderate 

breast cancer genes (purple and green) are rare. Adapted with permission from 

Couch et al., Science, 2014. 

 

1.1.5.2(iii) Other low-penetrance genes 
 

GWAS has identified at least 94 loci associated with a small impact on breast 

cancer risk, and approximately 30% of all familial breast cancer cases can be 

explained by common variants conferring increased risk between 1.1 to 1.6 fold 

changes (Michailidou et al. 2013, Maxwell, Nathanson 2013, Michailidou et al. 

2015). The underlying mechanisms by which these variants contribute to breast 

cancer might be related to gene-gene interactions or combined effects on gene 

transcription (Ripperger et al. 2008). For example, three SNPs, namely 

rs35054928, rs2981578 and rs45631563 in the FGFR2 gene have been 

repeatedly identified in GWAS. Evidence suggested that rs35054928 affected the 

binding with FOXA1 and ERα, whereas rs2981578 affected the binding with 

E2F1. And three induced factors together enhance the expression of FGFR2 

(Meyer et al. 2013). Moreover, since the variants identified by GWAS are also 
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common in the healthy population, the clinical utility of them in predictive testing 

for breast cancer patients is controversial (Couch, Nathanson & Offit 2014, 

Ripperger et al. 2008).  

 

1.1.5.3 Founder mutations in breast cancer genes 

 

A founder mutation is defined as a specific mutation occurring in high frequency 

in an ethnically homogeneous as a consequence of a founder effect. A founder 

population typically results from the rapid growth of a small number of people 

with shared common ancestry. As an example, the French Canadian population 

of Quebec contains about six-million descendants of French settlers who 

colonized the Quebec region between 1608 and 1765, and is notable for the 

presence of numerous different founder mutations (Vézina et al. 2005, Laberge 

et al. 2005). With the founder effect, certain rare mutation associated with breast 

cancer may display higher frequency within the founder population than in 

ethnically mixed populations (Tonin et al. 1998, Narod, Foulkes 2004). In the 

Ashkenazi Jewish population, about 2-3% of individuals carry one of three 

specific founder mutations in BRCA1 and BRCA2, namely 185delAG 

(c.68_69delAG), 5382insC (c.5266dupC) in BRCA1 and 6174delT (c.5946delT) 

in BRCA2, and almost all familial breast cancer patients with Ashkenazi Jewish 

ancestors harbor one of the three mutations (Couch, Nathanson & Offit 2014, 

Narod, Foulkes 2004).  
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Founder mutations in breast cancer genes are also found in the French-

Canadian population, confirmed through haplotype analysis (Vézina et al. 2005, 

Oros et al. 2006). In a study of 564 French-Canadian women with early-onset 

breast cancer, nine founder mutations found in BRCA1, BRCA2, PALB2 and 

CHEK2 account for 6% of all cases  (Ghadirian et al. 2009). In another study of 

82 French-Canadian breast cancer families, 45% of them carried a BRCA1 or 

BRCA2 mutation, but only six out of 19 of those mutations were recurrent 

mutations (Cavallone et al. 2010).  

 

1.1.5.4 The hunt for additional breast cancer susceptibility genes 

 

More than half of the familial breast cancer cases remain unexplained by any 

known breast cancer susceptibility genes. Mutations in all the identified high to 

moderate-risk breast cancer genes apart from BRCA1 and BRCA2 are rare. In 

French-Canadian breast cancer families, only one founder mutation in PALB2 

was found among 71 BRCA1 and BRCA2 negative families (Tischkowitz et al. 

2013). Mutations in other genes, such as TP53 and CHEK2 were found in less 

than 2% of all families (Arcand et al. 2008, Novak et al. 2008). Most, however, do 

not harbor mutations in those five genes, or any other known breast cancer 

susceptibility genes. Therefore, further discovery efforts are warranted. It is 

possible that most of the remaining genetic contributions to this so-called missing 

heritability are due to the hundreds of common SNPs that remain to be identified 
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or fully characterized, but these cannot easily explain strong family histories 

spanning several generations.   

 

It is likely that other moderate-to-high-risk variants will be uncovered through 

hereditary breast cancer studies. However, researchers have suggested that 

non-BRCA1 or BRCA2 related hereditary breast cancer cases are genetically 

heterogeneous. Therefore, in order to discover exceptionally rare breast cancer 

alleles, a careful study design aiming to reduce the underlying genetic 

heterogeneity is required (Hilbers et al. 2012, Hilbers et al. 2013). Recently, with 

the advance of WES, a group in Finland revealed that FANCM gene was 

significantly associated with hereditary, tripe-negative breast cancer patients in 

the Finish founder population (Kiiski et al. 2014). By focusing on sequencing the 

entire exonic regions, WES provides a unique opportunity to identify novel breast 

cancer susceptibility genes. Detailed introduction of WES follows in the next 

section. 
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1.2 Whole-Exome Sequencing and Data Analysis 

 

1.2.1 Overview of Massively Parallel Sequencing   

 

In 2005, a landmark publication described a method – now is referred as next-

generation sequencing (NGS) – able to process massive pyrophosphate-based 

sequencing in parallel (Margulies et al. 2005). In contrast to Sanger sequencing 

that relies on the chain termination before reading the nucleotides, sequencing-

by-synthesis technology enables massively parallel sequencing by reading the 

nucleotides as they are incorporated into growing DNA strands (Fuller et al. 

2009).  

 

Sequencing-by-synthesis technology has been adopted in all the commercialized 

NGS platforms (Fuller et al. 2009). The sequencing read length from Illumina 

HiSeq systems is around 100-bases, and one DNA fragment can be sequenced 

from both ends such that paired reads are generated. Similar to Sanger 

sequencing, a Phred-scaled base quality score is used in NGS to quantify the 

probability of observing an error at the base (Nielsen et al. 2011). In Illumina, an 

accurate base calling usually has a quality score greater than 30, which infers 

that the probability of base accuracy is more than 99.9% (Quail et al. 2012).  
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The development of NGS soon revolutionized the sequencing market. Now it is 

possible to identify the disease-related variants by comparing the DNA sequence 

of a patient to a normal genome, at an unprecedented speed and affordable cost. 

Although whole-genome sequencing of a large number of samples is not feasible 

yet, some strategies such as targeted re-sequencing of PCR amplicon and 

whole-exome sequencing have been developed to capture and enrich the 

genomic regions of interest so sequencing time and cost are further reduced (Ng 

et al. 2009, Mamanova et al. 2010). 

 

1.2.2 Introduction to WES Technology 

 

WES is an approach of targeted re-sequencing of all protein-coding regions in 

the human genome (Ng et al. 2009). Although the exome accounts for only 1% of 

the genome, it harbors most of the rare but highly penetrant, disease-causing 

mutations (Choi et al. 2009). Previous work using positional cloning of coding-

only region has been highly successful in identifying mutations in monogenic 

diseases and hereditary cancers. Since WES is testing all exons simultaneously, 

it is considered to be an efficient strategy to search for variants (Bamshad et al. 

2011). Therefore, WES is rapidly entering the field of genetic and clinical 

research before whole-genome sequencing (WGS) (Samuels et al. 2013) (Figure 

1.4).  
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Figure 1.4: The rapid spread of WES application in the field of genetics.  

Results are produced by PUBMED search of papers using the term of ‘exome’. 

Reproduced with permission from Sameuls et al., Trends in Genetics, 2013. 

 

 

NGS technology requires several steps; among the most important is library 

preparation. Typical steps in the library preparation of WES include 1) shearing 

genomic DNA into small fragments; 2) attaching sequencing adapters to both 

ends of the fragment for the following sequence-by-synthesis initiation; 3) 

selecting targeted fragments based on hybridization against oligonucleotide 

microarrays or in-solution capture-probes; and 4) eluting and PCR amplifying the 

hybridized fragments to achieve an enriched library of the exome (Figure 1.5).  

As such, all sequencing throughput is focused on the enriched region, which 
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allows faster data processing and higher per-base coverage for exons, and finally 

enables more reliable variant calling in the downstream analysis (Haas, Katus & 

Meder 2011, Majewski et al. 2011).  

 

 
 
 
 
Figure 1.5: Procedure of WES.  

Typical steps in WES include 1) DNA capture and PCR amplification to achieve 

an enriched library of the exome; 2) DNA sequencing using the next generation 

technology; 3) WES data analysis. Adapted with permission from Bamshad et al., 

Nature Reviews Genetics, 2011. 
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1.2.3 Analyzing WES Data 

 

1.2.3.1 Sequence alignment 

 

After receiving millions of short sequence reads generated by the sequencer, the 

first step is to reconstruct the genome or the exome. One way is to assemble the 

reads to long contiguous sequences sharing the same original template DNA. 

However, due to the limitation of read length, performing de novo assembly for 

millions of short reads is time-consuming and computational costly (Paszkiewicz, 

Studholme 2010).  

 

Alternatively, the location of where the obtained sequences were generated from 

the genome can be determined, such that short reads can be aligned to a 

previously assembled reference genome from the same species (Flicek, Birney 

2009). A mapping quality score is used to measure how confident that a read is 

not misplaced (Li, Ruan & Durbin 2008). In particular, by using the paired-end 

method, the length of the sequence to be aligned is increased, and therefore, 

significantly reduces the probability of multiple mapping locations. As the 

alignment approach is widely applied in current NGS data analysis, numerous 

algorithms have been developed to enable higher accuracy and faster 

processing (Li, Ruan & Durbin 2008, Langmead et al. 2009, Li, Durbin 2009). As 

an example, Burrows-Wheeler Aligner (BWA) first indexes the reference genome 

using an effective data compression algorithm called Burrows-Wheeler transform 
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to allow fast matching of the sequence reads to the reference sequence (Li, 

Durbin 2009).  

 

Additionally, some algorithms focus on incorporating the effects of genomic 

alterations in the alignments to improve the identification of single-nucleotide 

variants (SNVs), small insertions or deletions (indels) and large-scale structural 

variants. For instance, IndelRealigner implemented in the Genome Analysis 

Toolkit package (GATK) can target a candidate indel region and locally re-align 

the nearby reads by minimizing the number of mismatching bases to recover 

more gap events (DePristo et al. 2011).  

 

1.2.3.2 Point mutation and indel calling 

 

Calling SNVs and small insertions or deletions (indels) is essentially the 

identification of sites with an alternative base rather than the reference base. An 

easy way to call variants is to count the number of alleles at each position, by 

which takes into account the base quality and mapping quality. A heterozygous 

variant is called when the percentage of the non-reference allele is between 20% 

and 80% (Nielsen et al. 2011). This method works for calling germ-line variants 

with high read-depth. More sophisticated algorithms like SAMtools package uses 

a probabilistic approach to identify the most likely genotype at each position 

using the base qualities of reads covering that position, such that statistical 

measurement is provided (Li 2011). To achieve high-quality variant calls, many 
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analytical pipelines, such as the GATK Best Practices and our in-house 

bioinformatics workflow are developed to suit various research projects (Auwera 

et al. 2013).  

 

1.2.3.3 Variant calling errors 

 

Sequencing error rate in NGS is overall higher than Sanger sequencing. In 

Illumina, the average error rate is between 0.2% to 0.8% (Quail et al. 2012, 

Kircher, Stenzel & Kelso 2009). Increased sequencing read-depth could reduce 

the chance of calling random errors. But for some specific site, systematic error 

can occur repeatedly at a frequency as high as a heterozygous variant. In the 

Illumina platforms, increased base-calling errors have been observed toward 

read ends, in high GC content and inverted repeat regions (Ledergerber, 

Dessimoz 2010, Nakamura et al. 2011). Meanwhile, mapping reads to the 

reference genome is confounded by repetitive regions, regions affected by gap 

events, and the presence of mismatched bases in the read (Trapnell, Salzberg 

2009). Other sources of errors likely exist and may not be characterized yet. For 

instance, low-frequency, C>A/G>T artifacts were found particularly in WES 

because the DNA acoustic shearing process for WES can induce DNA oxidation 

(Costello et al. 2013). Contamination of foreign DNA in the sample can be 

another major source of artifacts, which again, should be corrected in variant 

calling (Flickinger et al. 2015).  
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1.2.3.4 Variant annotation 

 

Variant annotation provides necessary information to identify which variant 

among other candidates is associated with the disease phenotype. First, SNVs 

are annotated by variant types, such as nonsense or missense mutations. 

Missense mutations can be further annotated by tools such as Sorting Intolerant 

from Tolerant (SIFT), PolyPhen-2, and MutationTaster to predict how likely the 

protein change is damaging (Ng, Henikoff 2003, Schwarz et al. 2010, Adzhubei, 

Jordan & Sunyaev 2013). Other information about the variant can also be useful 

for decision-making, for example, how conserved the residue is across species; 

what the allele frequency is from 1000 Genome project; whether the variant has 

been seen in diseases; and our knowledge about the affected gene. Some 

package like ANNOVAR can perform different types of annotations for a large list 

of candidate variants efficiently (Wang, Li & Hakonarson 2010). Other annotation 

databases, such as Online Mendelian Inheritance in Man (OMIM) can be used to 

interpret the association of human phenotypes to their causative genes 

(Amberger, Bocchini & Hamosh 2011).  

 

1.2.3.5 Calling copy number changes 

 

Calling CNVs or other structural variants, such as inversions and translocations 

using WES data has been challenging to researchers. Due to the fact that WES 

captures only 1% of the genome, the chance of sequencing the CNV breakpoints 
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is slim. Thus, detecting CNVs in WES can only be inferred by the read-depth 

method. Nevertheless, the accuracy of read-depth reflecting true variant is 

confounded by exome capturing bias, complexity of mapping homologous exons 

and experimental batch effect. Hence, additional methods for read-depth 

normalization are required. Some tools such as XHMM and FishingCNV have 

suggested analyzing a group of samples together, to which similar experimental 

protocols are used, such that batch-to-batch variations can be removed (Fromer 

et al. 2012, Shi, Majewski 2013). Recently, a novel method using “off-target” 

reads from the exome capture has been developed to allow uniformly distributed 

copy number information for CNV calling (Kuilman et al. 2015). 
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1.3 Application of Whole-Exome Sequencing Data in Cancer  

 

1.3.1 Complexities of Sequencing Cancer Samples 

 

Unlike germ-line samples, cancer samples can suffer from low quantity, quality 

and purity. As fresh frozen tumor sample from surgical resection is not always 

available, most of the tumor DNA for cancer research is obtained from diagnostic 

biopsy or formalin-fixed and paraffin-embedded (FFPE) sample. As the size of 

biopsy for diagnosis is minimized, the amount of DNA that can be extracted is 

limited (Meyerson, Gabriel & Getz 2010). Tumor samples are FFPE-preserved 

for easier slicing and staining in the microscopically histological analysis, but 

DNA is usually degraded and cross-linked with proteins (Gilbert et al. 2007). 

Finally, a cancer sample is a mixture of tumor and normal cells. Thus, extraction 

protocols with additional steps of purification, as well as a high efficient exome 

capture kit designed for low DNA inputs are needed. Meanwhile, an assessment 

of tumor content in the sample before sequencing is advisable where possible. 

  

1.3.2 Calling Low allelic-fraction, Somatic Mutations 

 

Low allelic-fraction variants are commonly observed in tumor samples. The ratio 

of DNA harboring the mutation in the tumor can be reduced by normal cell 

contamination during sample preparation or by local CNVs; for example in tumor 

cells where the wild type allele happens to have duplications in that region. 
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Moreover, populations of cancer cells are known to be heterogeneous, in that 

some cancer drivers may present only in a subclone of tumor cells at early 

stages of the disease (Meyerson, Gabriel & Getz 2010, Gundry, Vijg 2012). 

Subclonal variants cannot be overlooked because they may expand later in a 

changing environment, for instance by treatment, and therefore, result in therapy 

resistance or relapse (Stratton, Campbell & Futreal 2009, Mullighan et al. 2008). 

For this purpose, many variant callers focus on increasing the sensitivity of 

detecting low-fraction variants, especially SNVs, the simplest class of mutation 

(Wilm et al. 2012, Cibulskis et al. 2013, Gerstung, Papaemmanuil & Campbell 

2013, Yost et al. 2013). However, given the fact that the rate of somatic, point 

variation is approximately one per million bases, any variant callers should 

control the false-positive rate as low as 10−6 errors per base (Meyerson, Gabriel 

& Getz 2010). 

 

Several methods have been designed for calling somatic mutations using tumor 

and matched normal samples (Table 1.1). Among many tools based on Bayesian 

probabilistic models, MuTect is probably the most popular one (Wang et al. 

2013). MuTect calculates the log-likelihood ratio of each variant, and a true event 

is called when it exceeds a threshold that is defined by the expected mutation 

rate and allowed false positive rate. The algorithm of MuTect significantly 

increases the sensitivity to detect low-fraction variants, but substantially 

decreases the specificity (Wang et al. 2013). For this reason, users need to apply 
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additional filtering steps to remove false positive calls, such as using a panel of 

normal samples to filter missed germ-line variants or false positive calls. 

 

Some algorithms, including LoFreq, deepSNV, and Mutascope are designed to 

distinguish low allelic-fraction SNVs from errors by interpreting the probability as 

the frequency of the event at each specific position of the genome (Wilm et al. 

2012, Yost et al. 2013, Gerstung et al. 2012). Typically, they test the probability 

of observing a certain number of reads with the altered base under a null model 

that defines background error distribution of that specific site, or under an 

alternative model allowing for true variants. LoFreq treats each read of 

sequencing at the site as a Bernoulli trial associated with the base quality score. 

Given a binomial distribution, each Bernoulli trial can have a distinct success 

probability and the p-value is computed from the sum of the probabilities 

obtained from each Bernoulli trial. Similarly, Mutascope estimates the error rate 

using the sequencing of matched normal sample followed by a binomial test and 

then classified germ-line or somatic mutations using a Fisher’s exact test.  

 

Based on the algorithm of deepSNV, Shearwater further improves the 

measurement of site-specific error rate by using the observed errors from a large 

cohort of control samples, and then models a beta-binomial distribution where 

the prior knowledge of whether the allele was reported in cancer database is 

incorporated to increase the sensitivity (Gerstung, Papaemmanuil & Campbell 

2013). However, because deepSNV, Shearwater and Mutascope are designed 
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for targeted re-sequencing, in which reads covering specific amplicon have 

identical genomic starting positions, the way they filter amplicon-related false-

positives may not be suitable for WES, in which random shotgun DNA fragments 

are sequenced.  

 

Table 1.1: Summary of computational tools for detecting somatic mutations 

from tumor sample. 

Program Method Application Reference 

MuTect Bayesian probability 
with post-filtering 
 

WES (Cibulskis et al. 2013) 

VarScan2 Fisher exact test and 
FDR correction 
 

WES (Koboldt et al. 2012) 

LoFreq Binomial probability 
and Bonferroni 
correction 
 

WES (Wilm et al. 2012) 

JointSNVMix 
 

Binomial mixture model 
 

WES (Roth et al. 2012) 

SNVMix 
 

Binomial mixture model 
 

WES (Larson et al. 2012) 

SomaticSniper 
 

Bayesian probability 
with post-filtering 
 

 (Larson et al. 2012) 

Strelka 
 

Bayesian probability 
with post-filtering 
 

WES (Saunders et al. 2012) 

DeepSNV Binomial probability 
and Bonferroni or FDR 
correction 
 

TRS* (Gerstung et al. 2012) 

Shearwater Binomial probability 
with prior knowledge  

TRS (Gerstung, 
Papaemmanuil & 
Campbell 2013) 

Mutascope Binomial probability and 
Fisher exact test 

 

TRS (Yost et al. 2013) 

*TRS=Targeted re-sequencing. 
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1.3.3 Identification of LOH  

 

As mentioned earlier, the ratio of the mutant allele count and total read count can 

be used to decide the heterozygous or homozygous status of the variant. An 

event of LOH is called at which a variant presents a ratio close to 50% in the 

normal sample and 100% in the tumor sample. However, those cut-offs become 

unclear when read-depth bias and normal cell contamination are present. In 

VarScan 2, Fisher’s exact test is performed to determine if the ratio in the tumor 

is statically different than in the germ-line (Koboldt et al. 2012). Moreover, 

chromosomal rearrangements resulting in LOH of cancer-driving genes can be 

inferred by identifying allelic imbalance events at heterozygous sites. Algorithms 

such as ExomeCNV and ExomeAI segment the genome based on similar allelic 

ratios of nearby SNPs, so LOH region and region with allelic imbalance (AI) 

resulting from copy number changes can be revealed (Sathirapongsasuti et al. 

2011, Nadaf, Majewski & Fahiminiya 2015). ExomeAI is also able to identify 

allelic-imbalanced regions when the matched normal sample is absent, and a 

control database of WES data is used to filter false positive calls.  

 

1.3.4 WES to Study FFPE Samples 

 

FFPE tissue blocks are commonly used in clinical laboratories, because they are 

easier for archiving. However, FFPE samples are not ideal for molecular testing, 
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due to DNA damage resulting from the fixation process. For example, formalin 

can induce DNA-protein crosslinking and subsequent DNA fragmentation. This 

affects the quantity and quality of the DNA yield and therefore results in smaller 

insert size (the distance between properly mapped forward and reverse read 

pairs) and greater coverage variability in sequencing (Spencer et al. 2013). 

Moreover, increased C to T or G to A transitions have been observed in FFPE 

samples (Spencer et al. 2013, Williams et al. 1999, Jasmine et al. 2012). 

Because fresh-frozen surgical biopsies are rare, robust WES of FFPE samples 

and methods developed specifically for analyzing WES data of FFPE samples 

are highly demanded (Spencer et al. 2013, Van Allen et al. 2014). 
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1.4 Cancer Evolution and Tumor Progression 

 

1.4.1 Understanding The Dynamic Evolution of Cancer 

 

Cancer is evolved from a single common ancestor cell with acquired somatic 

mutations conferring a growth advantage to the tumor microenvironment. The 

underlying driving force is genomic instability, which randomly creates genetic 

variants in the cancer genome (Nowell 1976). These variants are broadly divided 

into two groups. “Driver” mutations are acquired mutations giving advantages to 

the clonal expansion and are positively selected by the environmental pressure; 

whereas the remainders are “passenger” mutations, which are generated in the 

common ancestor cell by chance, but are not required during the tumor 

progression (Stratton, Campbell & Futreal 2009).  

 

As a result of the genetic diversity and natural selection, the tumor cell population 

can be one dominant, “winning” clone, or most likely a mixture of multiple sub-

clones. Each of the sub-clones may be capable of invading tissues, and giving 

rises to metastasis and relapse (Yates, Campbell 2012). Moreover, the clonal 

architecture can be re-shaped by a changed environment provided by, such as a 

distant organ or a cancer treatment. Some previous subclones carrying organ-

specific or treatment-resistant variants may find themselves able to expand with 

better fitness in response to the changed environment (Yachida et al. 2010, 

Marusyk, Almendro & Polyak 2012). Thus, understanding the dynamic process of 
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cancer evolution is critical for the prediction of cancer metastasis and treatment 

outcome.  

 

1.4.2 Cancer Metastasis and Relapse 

 

Metastasis is the most deadly feature of cancer. Several models have been 

proposed to explain the progression patterns. In a linear model, the most 

advanced and aggressive clone evolves as dominant in the primary tumor, and 

then gives rise to the metastasis. In a parallel model, the metastatic cells 

disseminate early from the original tumor cells and evolve independently with the 

primary tumor (Klein 2009). In the self-seeding model, tumor cells can colonize 

not only distant sites, but also the primary tumor itself (Kim et al. 2009). 

Sequencing analysis in the paired, primary and metastatic tumors suggested that 

some variants with high frequencies in the metastatic stage were present as low 

frequent, subclonal variants in the primary tumor (Shah et al. 2009b, Ding et al. 

2010). Previous work in pancreatic cancer suggested that additional, de novo 

mutations were required for metastasis (Yachida et al. 2010). Similarly, recurrent 

tumors usually respond poorly to the initial therapy, indicating the emergence of 

therapy-resistant variants either pre-existing before the treatment, or newly 

gained during the treatment (Marusyk, Almendro & Polyak 2012). Genomic study 

of drug response in acute myeloid leukaemia suggested that the relapse clone 

required additional mutations to expand, either from the major clone in the 

primary tumor, or the subclone that escaped from the first-line treatment (Ding et 
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al. 2010). Taken together, cancer heterogeneity is considered as the major 

barrier in treating patients with secondary cancer and relapse. 

 

1.4.3 Studying Tumor Progression  

 

To understand the mechanism underlying the tumor progression, many studies 

applied NGS with multi-sampling strategies by comparing the genomes of tumor 

samples collected at different locations, different time points, or both, depending 

on the objective of the study (Yates, Campbell 2012). Remarkably, cancer 

heterogeneity exists among different types of tumors, different patients, different 

tumors within a single patient, as well as different cells within a single tumor 

(Marusyk, Almendro & Polyak 2012). Considering that NGS randomly sequences 

DNA fragments representing the genome of an individual cell within a tumor 

sample, variants from a subclone can be covered. To determine whether a 

variant is subclonal, the fraction of reads supporting a variant can be used to 

reflect the allele frequency of the variant in the tumor cell population (Yates, 

Campbell 2012). However, the ratio of mutant reads should be normalized by 

local CNVs and the level of normal cell contamination. Several subclonal variants 

contributed to the metastasis and therapy-resistance have been successfully 

identified in breast cancer, pancreatic cancer, and acute myeloid leukemia 

(Yachida et al. 2010, Ding et al. 2010). These variants can be present at low 

frequency at the diagnostic stage, but highly enriched at the relapse stage (Ding 

et al. 2012). Therefore, accurate identification of low allelic-fraction variants is 
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warranted. Finally, a study of renal carcinomas demonstrated the capability of 

WES in the tumor progression analysis (Gerlinger et al. 2012). It should be 

noticed that non-genetic factors, such as cancer stem cells, might also contribute 

to the cancer heterogeneity and tumor progression through self-renewal 

(Hanahan, Weinberg 2011). However, this thesis is mainly focusing on 

understanding the development of cancer from the genetic aspect. 
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1.5 Rationale and Objectives of Study 

 

Recent advances in WES have revolutionized the study of Mendelian or 

monogenic disease. Advantages of WES include a “hypothesis-free” analysis for 

gene discovery with higher coverage in a shorter time frame. Hereditary cancer is 

a genetic disorder, and the application of WES in inherited forms of cancers has 

proved adept at revealing causal genetic events in a cost-effective manner. 

Moreover, genes identified from familial cancers often explain non-hereditary 

cancers. These discoveries in cancer genetics have informed the implementation 

of genetic testing, targeted therapy and precision cancer medicine.  

 

Our group has developed a WES pipeline which automates the computational 

analysis of WES data and enables me to study a large number of samples 

concurrently. The first objective of this thesis is to discover new cancer 

genes from cancer families, using WES as the primary investigative tool. As 

somatic mutations arisen from hematopoietic stem cells can be mis-interpreted 

as germ-line variants from deep sequencing of blood-derived DNA, variants 

identified from blood samples will be validated in segregation analysis of the 

cancer families. In the first project, I focused on SCCOHT – a type of 

miscellaneous ovarian cancer, for which the genetic defect is unknown. A few 

SCCOHT families have been identified and my collaborators collected three of 

them, allowing me to study the inherited factors in SCCOHT. I aim to identify the 
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causal gene or genes underlying familial SCCOHTs. To better understand this 

disease, the landscape of the SCCOHT genome will be characterized using WES 

data from either familial or non-familial cases. 

 

Using WES to uncover new breast cancer susceptibility genes is more 

challenging, because barring BRCA1 and BRCA2 mutations, moderate to high 

penetrant breast cancer alleles are exceptionally rare. This indicates that pre-

selection of the breast cancer cases under study is needed to reduce the 

underlying heterogeneity. Thus, I hypothesize that by focusing on the French-

Canadian population with known population-specific mutations in breast cancer 

susceptibility genes, I will have a better chance to identify novel genes with 

breast cancer associated alleles. This approach will allow me to identify genes 

for which multiple families share a common mutant allele, using a limited number 

of breast cancer families. As discussed above, I will likely find alleles conferring a 

relative risk for breast cancer of three to five, with a frequency of 0.001 among 

the general French Canadian population by WES.  

  

Challenges remain in detecting somatic mutations. DNA derived from FFPE 

samples is commonly present in low quantity and quality. Tumor purity is difficult 

to be inferred from pathological examination. These issues profoundly affect the 

accuracy of variant calling. In particular, low allelic-fraction variants are 

commonly observed in tumor samples, owing to normal tissue contamination, 

local copy number change and the nature of cancer heterogeneity. When the 
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number or ratio of non-reference reads observed from WES data is low, true 

variants can be buried among artifacts. Furthermore, subclonal variants present 

at low frequency in the primary stage may significantly contribute to clonal 

expansion and therapy-resistance, thus emphasizing the importance of precisely 

detecting low-fraction variants. 

 

The second objective of this thesis is to improve our knowledge of somatic 

mutations in the cancer exome. In an attempt to understand in somatic 

mutations contributing to cancer progression, multiple tumor samples collected in 

the diagnostic, metastatic and recurrent stages from a single patient will be 

analyzed using WES. Finally, current softwares are insufficient to identify low 

allelic-fraction SNVs on the whole-exome level, with high sensitivity and low false 

positive rate. However, low allelic-fraction variants can be important in driving 

cancer development and relapse. Therefore, I will develop a computational tool 

dedicated to accurately call low allelic-fraction, somatic SNVs from WES data of 

tumor samples. My goal is to reach high sensitivity and improved specificity using 

this method. 
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Chapter 2. Genomic Characterization Revealed 

SMARCA4 Alterations as the Major Genetic Cause of 

Malignant Small Cell Carcinoma of the Ovary, 

Hypercalcemic Type 

 

Part of the figures and tables from this Chapter are published as: 

 

“Germline and Somatic mutations in SMARCA4 characterize the small cell 

carcinoma of the ovary, hypercalcemic type” Leora Witkowski, Jian Carrot-

Zhang (co-first author), Steffen Albrecht, Somayyeh Fahiminiya, Nancy Hamel, 

Eva Tomiak, David Grynspan, Emmanouil Saloustros, Javad Nadaf, Barbara 

Rivera, Catherine Gilpin, Ester Castellsagué, Rachel Silva-Smith, François 

Plourde, Mona Wu, Avi Saskin, Madeleine Arseneault, Rouzan G Karabakhtsian, 

Elizabeth A Reilly, Frederick R Ueland, Anna Margiolaki, Kitty Pavlakis, Sharon 

M Castellino, Janez Lamovec, Helen J Mackay, Lawrence M Roth, Thomas M 

Ulbright, Tracey A Bender, Vassilis Georgoulias, Michel Longy, Andrew 

Berchuck, Marc Tischkowitz, Inga Nagel, Reiner Siebert, Colin J R Stewart, 

Jocelyne Arseneau, W Glenn McCluggage, Blaise A Clarke, Yasser 

Riazalhosseini, Martin Hasselblatt, Jacek Majewski & William D Foulkes, Nature 

Genetics, 46, 438-443 (2014). 

 

Ownership of copyright in this article remains with the Authors. Author 

contributions are stated in the Contribution of the Authors section. 
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2.1 Introduction 

 

SCCOHT is a rare type of miscellaneous ovarian tumor, featuring with early age 

of onset and the presence of hyperchromatic cells (Clement 2005). In a study of 

150 SCCOHT cases, a mean diagnosis age of 23.9 years was reported, with 

62% of them having hypercalcemia (Young, Oliva & Scully 1994). The long-term 

survival rate with an early stage of the disease was reported as 33%, suggesting 

that SCCOHT is also a highly aggressive tumor (Young, Oliva & Scully 1994). 

Before our work, no SCCOHT-specific markers had been available, and the 

genetic cause of SCCOHT had never been identified. Therefore, no effective 

treatments have been developed for SCCOHT. Although most patients 

underwent surgery, recurrence was found in 65% of 126 SCCOHT cases studied 

(Estel et al. 2011). A few SCCOHT families presenting autosomal dominant 

transmission have been identified (Lamovec, Bracko & Cerar 1995, Longy et al. 

1996, Martinez-Borges et al. 2009). Using WES as the primary investigative 

tools, I studied the genetic cause underlying familial SCCOHTs, validated the 

candidate gene in additional SCCOHT cases, and finally characterized the 

landscape of the SCCOHT genomes using data obtained from WES (Figure 2.1). 
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Figure 2.1: SCCOHT study design.  

WES was originally used to detect variants in three SCCOHT families. As DNA was unavailable for the affected mothers 

from families 1 and 3, DNA from the unaffected fathers was used, in order to rule out germ-line variants unrelated to the 

disease. I looked for deleterious variants that were present in the affected daughter and were not present in the 

unaffected father. Adapted from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014. 
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2.2 Materials and Methods 

 

2.2.1 Library Preparation 

 

Whole-exome library preparation, exome capture and sequencing were performed 

using our standard protocols at the McGill University and Génome Québec 

Innovation Centre. Blood-derived DNA (3 μg) from each subject underwent exome 

capture using Agilent SureSelect V4 kit following the manufacturer's protocols. 

The sequencing was subsequently performed using Illumina HiSeq 2000 with 

paired-end 100-bp reads. For FFPE tissue-derived DNA, 50 ng for each case was 

captured using the Nextera Rapid-Capture Exome kit and was sequenced on an 

Illumina HiSeq 2500 sequencer.  

 

2.2.2 Pipeline of WES Data Analysis 

 

WES data was processed using our in-house data analysis pipeline (Figure 2.2). 

Sequencing reads generated from the sequencer first underwent quality control 

using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc). Adaptor 

sequences and low-quality bases were removed from reads using the Fastx toolkit 

(http://hannonlab.cshl.edu/fastx_toolkit/). High-quality trimmed reads were then 

aligned to the UCSC hg19 reference genome with BWA version 0.5.9 (Li, Durbin 

2009). Only read pairs with both mates present were subsequently used. Indels 

were re-aligned using GATK IndelRealigner (McKenna et al. 2010). GATK was 

http://hannonlab.cshl.edu/​fastx_​toolkit/


 
 

 
 
 

61 

also used to assess capture efficiency and coverage of consensus coding 

sequence (CCDS) bases (McKenna et al. 2010). Reads that were marked as PCR 

duplicates by Picard were removed (http://picard.sourceforge.net/). SNVs and 

indels were called by SAMtools mpileup and annotated by ANNOVAR (Li 2011, 

Wang, Li & Hakonarson 2010).  

 

 

 

Figure 2.2: Pipeline of WES data analysis used in this study.  

Three major steps are performed in this pipeline, including sequencing read 

alignment, variant calling and filtering, and variant annotation. 1000 Genomes = 

1000 Genomes Project database; EVS = NHLBI Exome Sequencing Project 

Exome Variant Server; Mutation class = variants most likely to damage the protein 

(nonsense, splice-site, missense mutations and frame-shift indels). 
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2.2.3 Mutation Detection 

 

To remove common variants and false positive calls in germ-line samples, only 

variants with a minimum of 5 reads supporting the alternative variant were 

retained. Then, only variants representing >5% or >15% of reads were called as 

SNVs or indels, respectively. Only heterozygous variants, defined as allelic-

fraction between 20-80% were retained. The Integrative Genomics Viewer (IGV) 

was used for the manual visualization and examination of all variants called 

(Robinson et al. 2011). Variants that had been previously reported in Single 

Nucleotide Polymorphism Database (dbSNP), or NHLBI Exome Sequencing 

Project Exome Variant Server (EVS), or our in-house non-cancer (~1000 exomes 

sequenced in our group) database were further excluded for further analysis. 

 

2.2.4 Genome-wide AI analysis 

 

ExomeAI was performed to identify the region with allelic imbalance or LOH 

across the genome (Nadaf, Majewski & Fahiminiya 2015). All polymorphic 

variants with total read count greater than or equal to 10, mapping quality of 

greater than or equal to 30 and BAF between 0.05 and 0.95 were considered in 

the AI analysis, where BAF is the read count of non-reference base divided by the 

total read coverage at the variant site.  
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2.3 Results 

 

2.3.1 The Discovery of SMARCA4 in Familial SCCOHT Cases  

 

Using WES data of DNA from two individuals in each of the three SCCOHT 

families, I identified 221, 233, and 433 nonsense, missense and UTR variants 

from family one, family two and family three, respectively (Figure 2.3, Table 2.1). 

Those variants were either shared between affected mother and daughter (family 

two), or present in the affected daughter, but not in the unaffected father (family 

one and family three, where mother’s DNA was not available). After excluding 

variants reported in 1000 genome with minor allele frequency less than 0.0005, 

178, 168 and 335 variants were retained in each family, respectively. Six genes 

(SMARCA4, LAMB2, CDYL, LGALS12, PRSS8, NEFH) were commonly mutated 

in more than one family (Table 2.1, Table 2.2). Mutations in CDYL, NEFH and 

PRSS8 were in UTRs. SMARCA4 was the only gene mutated in affected women 

in all three families.  
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Figure 2.3: Pedigrees of three families studied by WES.  
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In family 1, members II:2 and III:1 correspond to samples FA1a and FA1b, respectively, in Table 2.2. In family 2, members 

II:2 and III:2 correspond to samples FA2a and FA2b, respectively, in Table 2.2. In family 3, members II:2 and III:1 

correspond to samples FA3a and FA3b, respectively, in Table 2.2. SAB, spontaneous abortion; SCCOHT, small cell 

carcinoma of the ovary, hypercalcemic type; YST, yolk sac tumor; PSU, cancer, primary site unknown; +/+, wild-type for 

the familial SMARCA4 mutation; +/− , heterozygous for the familial SMARCA4 mutation. A diagonal line through a symbol 

indicates that the person is deceased. WES was carried out using DNA from individuals II:1 and III:1 (family 1); II:2 and 

III:2 (family 2); and II:1 and III:1 (family 3). Individual II:4 from family 3 is at high risk for SCCOHT and has consented to a 

preventive bilateral oophorectomy. Adapted from Witkowski & Carrot-Zhang, Nature Genetics, 2014. 



 
 

 
 
 

66 

 

 

Table 2.1: Variant prioritization steps in the analysis of combined exome data of 4 affected individuals. 

    Reproduced from Witkowski & Carrot-Zhang, Nature Genetics, 2014. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Variant prioritization FA1a FA2a FA2b FA3a 

Nonsynonymous, splicing, coding indel and UTRS 221 233 433 

After excluding variants reported in 1000 genome (MAF < 0.0005) 178 168 335 

shared variants in  Family 1 and 2 12*  

Shared variants in Family 1 , 2 and 3 3** 

* 12 variants corresponding to 6 genes : SMARCA4, LAMB2, CDYL, LGALS12, PRSS8, NEFH (mutations in 

CDYL, NEFH, PRSS8 were in UTRs) 

**3 variants corresponding to 1 gene: SMARCA4 
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Table 2.2: List of variants in genes mutated in affected members of at least two families.   

Only variants with MAF < 0.0005 are listed. Adapted from Witkowski & Carrot-Zhang, Nature Genetics, 2014. 

 
Genomic 

Position 
Variation 

Reference 

allele 

Altenate 

allele 
FA1b FA2a FA2b FA3a Protein Change Gene rsID 

MAF from 

1000genomes 
EVS MAF 

chr3: 

49159227 

nonsynonymous 

SNV 
C G het - - - p.D1664H LAMB2 . 0 0 

chr3: 

49167110 

nonsynonymous 

SNV 
G A - het Het - p.T482I LAMB2 . 0 0 

chr6: 

4776911 
5' UTR G C - het Het - 

 
CDYL . 0 0 

chr6: 

4935926 

nonsynonymous 

SNV 
T C het - - - p.I158T CDYL . 0 0 

chr8: 

10469846 

nonsynonymous 

SNV 
C A - het - - p.D588Y RP1L1 rs200344135 0 0.000554 

chr8: 

10480144 

nonsynonymous 

SNV 
G A - - het - p.R190C RP1L1 rs202110498 0.0005 0.001564 

chr11: 

63276410 
stopgain SNV C T - het het - p.R68X LGALS12 rs141304527 0 7.70E-05 

chr11: 

63279237 
stopgain SNV C A het - - - p.S143X LGALS12 . 0 0 

chr11: 

76867116 

nonsynonymous 

SNV 
G A - het het - p.R150Q MYO7A rs202245413 0 0.000241 

chr11: 

76891513 

nonsynonymous 

SNV 
G A - - - het p.E894K MYO7A . 0 7.90E-05 

chr14: 

65234378 
splicing C T - het het - 

 
SPTB . 0 0 

chr14: 

65241845 

nonsynonymous 

SNV 
T G - - - het p.K1614Q SPTB . 0 0 

chr14: 

65262093 

nonsynonymous 

SNV 
C T - het - - p.D536N SPTB rs145675502 0.0005 0.000692 

chr16: 

2983169 

nonsynonymous 

SNV 
G C - - - het p.G278R FLYWCH1 . 0 0 

chr16: 

2983203 

nonsynonymous 

SNV 
A G - het het - p.Y289C FLYWCH1 . 0 0 
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chr16: 

31146859 
5' UTR C A - het het - 

 
PRSS8 . 0 0 

chr16: 

31146928 
5' UTR A G het - - - 

 
PRSS8 . 0 0 

chr17: 

8076664 
3' UTR G A - - - het 

 
TMEM107 . 0 0 

chr17: 

8076835 
3' UTR T C - - het - 

 
TMEM107 rs201558321 0 0 

chr17: 

8076910 
3' UTR G C het - - - 

 
TMEM107 . 0 0 

chr19: 

11097152 
stopgain SNV C T - het het - p.Q215X SMARCA4 . 0 0 

chr19: 

11132398 
splicing C G - - - het 

 
SMARCA4 . 0 0 

chr19: 

11145809 
splicing G A het - - - 

 
SMARCA4 . 0 0 

chr20: 

57766673 

nonsynonymous 

SNV 
C T - - - het p.S200F ZNF831 rs201581384 0 0.003226 

chr20: 

57768704 

nonsynonymous 

SNV 
G T - het het - p.G877V ZNF831 rs200405760 0 0.000652 

chr22: 

29885572 

nonframeshift 

insertion 
AGT 

AGTTCC

CTGAGA

AGGCCA

AGT 

- - het - 
p.S654delinsFPE

KAKS 
NEFH . 0 0 

chr22: 

29886718 
3' UTR C G het - - - 

 
NEFH . 0 0.000155 

chrX: 

49031926 
3' UTR G A - het het - 

 
PRICKLE3 . 0 0 

chrX: 

49034411 

nonsynonymous 

SNV 
G A - - - het p.R296C PRICKLE3 . 0 0 

 

MAF = Minor allele frequency; het = heterozygous; rsID: ID of previously seen variants from dbSNP.  
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Therefore, I focused on mutations identified in the SMARCA4 gene. In family one, 

a germ-line splice-site mutation, c.4071+1G>A, was found in the affected 

daughter, and was later confirmed in the affected mother by Sanger (Figure 2.3, 

Figure 2.4). The daughter's tumor showed LOH in the genome-wide AI analysis 

using WES data (Table 2.3). Additionally, Sanger sequencing identified a somatic 

mutation in the mother's tumor, c.1027delG, encoding p.Val343Cysfs*68. In family 

two, WES data showed that the mother and daughter carried an 

identical SMARCA4 germ-line mutation, c.643C>T, encoding p.Gln215. The 

daughter's tumor carried a frameshift mutation, 

c.1687_1700delAACCTCACGGAGCT, encoding p.Asn563Glyfs*82 (Figure 2.4). 

The mother's tumor was unavailable. In family three, WES data showed that the 

daughter carried an intronic mutation 3 bp from an intron-exon junction, c.2617-

3C>G, which was inherited from the mother (Figure 2.4). The tumor showed LOH 

for this mutation (Table 2.3). My colleague later confirmed that this mutation 

disrupted the splice site, causing a part of intron 18 retained in the cDNA leading 

to the introduction of a premature stop codon, and therefore resulted in a 

transcript subjected to nonsense-mediated decay (Witkowski et al. 2014). 
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Figure 2.4: Location of mutations found in SMARCA4 in SCCOHT.  
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Numbers in each lollipop correspond to the case numbers in Table 2.3. A representation of the primary structure of the 

protein is shown with exon locations noted above. For cases with unknown family history in which two mutations were 

found in tumors with no corresponding germline DNA, mutations were arbitrarily denoted as 'somatic mutation 1' and 

'somatic mutation 2'. It is possible, however, that one of these mutations is a germline mutation. QLQ = Gln, Leu, Gln motif; 

HAS = helicase/SANT-associated domain; BRK = Brahma and Kismet domain; DEXDc = DEAD-like helicase superfamily 

domain; SNF2_N = SNF2 family N-terminal domain; HELICc = helicase superfamily C-terminal domain; Bromo = 

bromodomain. Reproduced from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014. 
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Table 2.3: SCCOHT with at least one SMARCA4 mutation.  

Reused from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014. 

 

Sample 

ID 
Germline Mutation Somatic Mutation 1 Somatic Mutation 2 IHC 

Familial 

FA1a 
c.4071+1 G>A Not Applicable 

c.1027_1027delG p.Val343Cysfs*68 Not Applicable Loss 

FA1b LOH Not Applicable Loss 

FA2a 

c.643 C>T p.Gln215* 

Not Available Not Applicable Loss 

FA2b 
c.1687_1700delAACCTC

ACGGAGCT 
p.Asn563Glyfs*82 Not Applicable Loss 

FA3a 
c.2617-3 C>G Not Applicable 

Not Available Not Applicable Loss 

FA3b LOH Not Applicable Loss 

FA4a 
c.3239G>A p.Gly1080Asp 

LOH Not Applicable Normal 

FA4b  c.1326_1326delC  p.Ser442Argfs*59 Not Applicable Loss 

Non-familial cases 

NF1 
c.1224_1226delGCT

insAG  
p.Leu409Glyfs*2 Not present Not Applicable Loss 

NF2 c.1663 C>T p.Gln555* LOH Not Applicable Loss 

NF3 Not Present c.3496C>T Gln1166* LOH Loss 

NF4 c.3638_3638delA p.Lys1213Argfs*3 Not present Not Applicable Loss 

NF5 c.3480_3481insG p.Leu1161Alafs*15 Not present  Not Applicable Loss 

NF6 Not Present c.2129_2129delC p.Lys711Serfs*63 c.1378C>T Gln460* Loss 

NF7 Not Present c.2245_2246insA Met749Asnfs*75 Not Present Loss 

Unknown 

UN1 Not Available  c.561C>G p.Thr187* c.2362C>T Gln788* Loss 

UN2 Not Available  c.3676C>T p.Gln1226* Not Present Loss 

UN3 c.2932C>T p.Arg978*  LOH Not Applicable Loss 
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UN4 Not Present  c.3531_3531delC p.Trp1178Glyfs*38 
c.4687_4687

delG 

p.Ile1564Serfs

*32 
Loss 

UN5 Not Present c.2275-1G>T Not Applicable LOH Loss 

UN6 Not Available c.2838_2838delC p.Phe947Leufs*3 LOH Loss 

UN7 c.1141 C>T p.Arg381*  LOH Not Applicable Loss 

UN8 Not Available c.2190_2191insG p.Tyr731Valfs*10 LOH Loss 

UN9 Not Available c.1420+1 G>T Not Applicable Not Present Normal 

UN10 Not Available c.2049_2049delC p.Val684Trpfs*90 Not Present Loss 

UN11 Not Available c.3244_3244delT p. Phe1082Leufs*24 Not Present Loss 

UN12 Not Available c.2766G>A p.Trp922* Not Present Loss 

UN13 Not Available c.3546+1 G>T Not Applicable LOH Loss 

UN14 Not Available c.2915T>C p.Leu972Pro 
c.3168+1G>

C 
Not Applicable Loss 

UN15 Not Available  c.1761+2T>A Not Applicable LOH Loss 

UN16 Not Available  c.233_237delinsACC Ser78Tyrfs*3 LOH Loss 
 

Not Applicable = germline and somatic mutation already identified; Not Available = DNA/tissue sections not available; Not present 

= no mutation present; IHC=immunohistochemistry 
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2.3.2 Validation of SMARCA4 in More SCCOHT Cases 

 

In the second phase of this study, I analyzed WES data from 12 SCCOHT 

tumors. I first targeted on SMARCA4 to validate that deleterious SMARCA4 

mutations are common in SCCOHTs. I found that SMARCA4 mutations were 

present in all the 12 cases, including two cases showing bi-allelic alterations 

(Table 2.3). The locations of identified mutations were scattered along the gene, 

and nearly all of them were predicted to truncate part of the functional domains of 

the protein, suggesting the tumor suppressor role of SMARCA4 in SCCOHT 

(Figure 2.4). Given the fact that the loss of SMARCA4 protein was observed in 

the vast majority of SCCOHT cases studied, we suggest that SMARCA4 gene is 

fully inactivated in SCCOHT cases, resulted from bi-allelic alterations or silencing 

epigenetic modification. 

 

WES was carried out using FFPE samples, because fresh SCCOHT biopsies 

were not readily available. Recent developments in library preparation have 

achieved comparable sequencing depth for FFPE samples, allowing reliable 

variant calling similar to data from frozen samples (Table 2.4).  
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Table 2.4: Coverage of samples sequenced by WES.  

Reproduced from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014. 

 
 a) blood samples sequenced by WES.  

 

 

 

b) tumor samples sequenced by FFPE-WES. 

 

Sample Mean 

coverage 

%CCDS 

bases >=5x 

coverage 

%CCDS 

bases >=10x 

coverage 

%CCDS 

bases >=20x 

coverage 

%CCDS 

bases >=50x 

coverage 

FA1b (T) 57 97 95 90 55 

NF1 24 92 78 48 12 

NF2 147 98 97 96 87 

UN3 44 95 90 79 36 

UN4 88 98 96 93 76 

UN5 68 97 95 89 60 

UN6 78 97 95 90 70 

UN8 11 81 54 15 0 

UN9 51 96 93 83 43 

UN14 43 96 89 71 32 

UN15 3 29 6 0 0 

UN16 76 97 96 91 63 

 

CCDS = Coverage of consensus coding sequence; FA1(f) and FA3(f) = fathers 

from family 1 and 3.  

Sample 
Mean 

coverage 

%CCDS 

bases >=5x 

coverage 

%CCDS 

bases >=10x 

coverage 

%CCDS 

bases >=20x 

coverage 

%CCDS 

bases >=50x 

coverage 

FA1(f) 118.04 96.5 95 90.9 73.3 

FA1b 82.85 95.8 93.3 86.5 61.3 

FA2a 123.34 96.5 95.2 91.7 75.6 

FA2b 106.57 96.2 94.5 89.8 70 

FA3(f) 134.01 96.6 95.5 92.6 79.1 

FA3b 129.84 96.7 95.6 92.7 78.9 
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Although DNA from FFPE samples showed greater fragmentation and coverage 

variability, LOH was identified in all but one case, which only one SMARCA4 

mutation was found (Figure 2.5, Figure 2.6). The only case (UN9), which had a 

mono-allelic mutation (c.1420+1G>T) in SMARCA4 but no LOH on chromosome 

19p, showed weak staining of SMARCA4 from IHC (Figure 2.6).  
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Figure 2.5: The distribution of library insert sizes for sequencing reads.  

A) germ-line sample and B) FFPE sample. The distribution of insert size is 

determined from the distance between properly mapped forward and reverse 

read pairs. Insert sizes in FFPE samples tend to be smaller than high-quality 

samples, due to formalin-induced DNA fragmentation. 

 A 

B  
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Figure 2.6: Genome-wide AI analysis on SCCOHT samples.  

Region with LOH is known in pink. The top 3 rows show tumors with no LOH. Rows 4 and 5 show the matched normal 

and tumor sample, where row 4 is matched normal DNA and row 5 is tumor DNA with LOH on chr19p. chr19p is the 

region where SMARCA4 is located. Reproduced from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014.  
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Additionally, my colleagues performed Sanger sequencing and 

immunohistochemistry (IHC), targeting SMARCA4 or SMARCA4 protein in more 

SCCOHT cases. In total, 23 of 26 cases showed at least one germ-line or 

somatic mutation in SMARCA4, and 38 of 43 tumors showed loss of SMARCA4 

expression (Table 2.3, Figure 2.6). Of the five remaining cases, three cases were 

revised to non-SCCOHT by two reference pathologists. A fourth family with 

SCCOHT was also analyzed using Sanger sequencing. A missense mutation, 

c.3239G>A (encoding p.Gly1080Asp), was found in the affected mother and 

daughter. The mother's tumor showed LOH and retained SMARCA4 staining, 

whereas the daughter's tumor had a c.1326delC mutation (encoding 

p.Ser442Argfs*59) and showed loss of SMARCA4 staining.  

 

2.3.3 Mutational Profiles of SCCOHTs 

 

When we published our first paper with 12 SCCOHT tumors undergoing WES, 

most of the matched normal tissues were not available to identify germ-line 

variants. In an attempt to reveal all the possible, cancer-driving genes in 

SCCOHT tumors, a combined list of all the variants identified in the tumors were 

intersected with a list of more than 600 cancer-related genes obtained through 

FoundationOne (http://www.foundationone.com/genelist1.php), and previous 

studies in a pediatric central nervous system tumor, namely atypical 

teratoid/rhabdoid tumor (ATRT), as well as ovarian serous cystadenocarcinoma 

(top 100 mutated genes indicated obtained from the cBioPortal) (The Cancer 
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Genome Atlas Research Network 2011, Lee et al. 2012, Cerami et al. 2012) 

(Table 2.5). Genes with variants found in ATRTs were included because those 

tumors were universally characterized by deleterious SMARCB1 mutations (Lee 

et al. 2012). Germ-line mutations in SMARCA4 have also been reported in two 

ATRT cases (Schneppenheim et al. 2010, Hasselblatt et al. 2011). We therefore, 

suspected some genetic similarities between SCCOHT and ATRT. 
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Table 2.5: List of genes used for mutational profiling.  

Colors correlate to list from which gene was chosen. Reproduced from Witkowski & Carrot-Zhang et al., Nature Genetics, 

2014. 

ABHD2 BPIFB3 CNTNAP2 FANCL IFNA1 MAP2K4 NXPH2 PANX3 RNF43 TNRC6A 

ABL1 BRAF COL16A1 FAT2 IFNA13 MAP3K1 ODAM PAX5 RPTOR TOP1 

ACADL BRCA1 COL19A1 FBXW7 IGF1R MAPK10 ODF1 PBRM1 RUNX1 TP53 

ACSM2B BRCA2 COL27A1 FCRLB IGHMBP2 MAS1L ODZ4 PCDH17 SALL2 TP63 

ADD3 BRD7 COLEC11 FGF10 IKBKE MBD5 OGDHL PCDH9 SCN7A TP73 

ADH1B BRIP1 CP FGF14 IKZF1 MCART1 OLFM3 PCMTD1 SEC14L4 TRABD 

AFF3 BTK CREBBP FGF19 IL36A MCL1 OR10A7 PDE1C SEC16A TRAK1 

AHCYL2 BTN1A1 CRKL FGF23 IL7R MDM2 OR10G7 PDGFRA SEPT2 TRHDE 

AKAP3 BTN2A1 CRLF2 FGF3 INHBA MDM4 OR10H1 PDGFRB SERPINF1 TRIO 

AKD1 C10ORF113 CSF1R FGF4 IRF4 MED12 OR10H5 PDK1 SETD2 TRPC4AP 

AKT1 C10orf137 CSH1 FGF6 IRS2 MED25 OR10J3 PHF2 SF3B1 TRPM1 

AKT2 C10orf140 CSN3 FGFR1 IRX1 MEF2B OR10T2 PIK3CA SFXN3 TSC1 

AKT3 C11orf42 CT47B1 FGFR2 IRX3 MEN1 OR10X1 PIK3CG SH3BP4 TSC2 

ALK C11orf63 CTCF FGFR3 ITGA2 MET OR11G2 PIK3R1 SHB TSHR 

AMPD2 C14orf101 CTNNA1 FGFR4 ITGA7 METTL2A OR1L8 PIK3R2 SHPRH TSNAXIP1 

ANKRD17 C16orf62 CTNNB1 FLT1 ITGAV MFSD6 OR2A12 PKHD1 SLC37A2 TUBB4Q 

ANKS4B C16orf89 CXCR3 FLT3 JAK1 MITF OR2F2 PKLR SLC4A11 UBQLN3 

ANP32C C18orf1 CYLC1 FLT4 JAK2 MKI67 OR2M2 PLA2G7 SLC8A1 UCK1 

AP3B1 C19orf26 CYP4A11 FMN2 JAK3 MLH1 OR2T34 PLA2R1 SMAD2 UGT2B10 

APAF1 C21orf29 CYP4F22 FOXH1 JHDM1D MLL OR2V2 PLAT SMAD4 UGT2B4 

APBA2 C2orf78 DAD1 FOXK2 JMJD7-PLA2G4B MLL3 OR2W1 PLCB2 SMARCA4 USHBP1 

APC C5orf40 DAXX FOXL2 JUN MPL OR4C13 PLEKHM3 SMARCB1 VENTX 

APOL5 C9ORF171 DDR2 GABRA6 JUP MPO OR4C15 PLIN4 SMARCC2 VHL 
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AR CABS1 DEFB118 GABRB1 KAT6A MRE11A OR4C46 PLUNC SMC6 VMO1 

ARAF CACNA1B DHDH GABRB2 KAT6B MRPL53 OR4F21 PLXNA2 SMO VN1R5 

ARFRP1 CACNA1C DHTKD1 GABRG1 KCNB1 MSH2 OR4F5 PMS2 SNX33 VPS26A 

ARGFX CAMSAP1 DNAH8 GADD45GIP1 KCND1 MSH6 OR4K1 POLR3D SOCS1 VSIG2 

ARHGEF7 CARD11 DNAH9 GAS2L2 KDM5A MSL3 OR4K13 POMC SOX10 WDR6 

ARID1A CASP4 DNMT3A GATA1 KDM5C MTOR OR4K2 POTEC SOX2 WDR66 

ARID2 CASP5 DOPEY2 GATA2 KDM6A MUTYH OR4L1 POTED SPANXN3 WISP3 

ARMC10 CATSPER1 DOT1L GATA3 KDMB1 MVP OR4S2 PPBP SPEN WNT 

ARMCX5 CBFB DPP10 GDA KDR MYC OR51A4 PPP2R1A SPOP WT1 

ASB11 CBL EGF GID4 KEAP1 MYCBP2 OR51G1 PPP2R5E SPTA1 XPO1 

ASB12 CBLC EGFR GNA11 KHSRP MYCL1 OR52L1 PRDM1 SRC ZBTB26 

ASB2 CCND1 EIF3IP1 GNA13 KIAA0284 MYCN OR52N5 PREX1 SSBP2 ZC3H8 

ASB8 CCND2 ELOVL4 GNAQ KIAA1486 MYD88 OR56A1 PRKAR1A SSBP3 ZFP30 

ASMTL CCND3 EMSY GNAS KIAA2026 MYF5 OR5B17 PRKDC ST3GAL3 ZG16B 

ASXL1 CCNE1 EP300 GOLGA5 KIF2B MYH7 OR5B2 PROKR2 STAG2 ZMYM3 

ATM CCT7 EPHA3 GPHB5 KIT MYO6 OR5B21 PRRC2A STAG3 ZMYND19 

ATP2B2 CD79A EPHA5 GPR101 KLHL6 MYO9B OR5D16 PRRG2 STARD13 ZNF217 

ATP8B3 CD79B EPHB1 GPR119 KRAS MYST4 OR5F1 PSORS1C2 STAT4 ZNF28 

ATR CDC73 EPS8L2 GPR124 KRT222 MYT1 OR5H2 PTCH1 STK11 ZNF295 

ATRX CDH1 ERBB2 GPR149 KRT72 NCKAP5 OR5L2 PTEN STRBP ZNF326 

AURKA CDK12 ERBB3 GPR65 KRTAP10-1 NCOA7 OR5M10 PTK2B SUFU ZNF429 

AURKB CDK4 ERBB4 GRIA3 KRTAP19-4 NF1 OR5M11 PTPN11 TAAR6 ZNF433 

AVP CDK6 ERG GRIN2A KRTAP27-1 NF2 OR5P2 PTPN7 TAS2R1 ZNF441 

AXL CDK8 ESR1 GSK3B LAML NFATC1 OR5R1 PYROXD1 TAS2R42 ZNF479 

B3GALT4 CDKN1B ESRP1 GUK1 LDB3 NFE2L2 OR6A2 RAD50 TAS2R50 ZNF546 

B3GNT3 CDKN2A ESRP2 GZMA LEPREL1 NFKBIA OR6B3 RAD51 TBC1D21 ZNF658 

B4GALNT3 CDKN2B EXTL3 HECW1 LIMCH1 NID2 OR6C75 RAF1 TBP ZNF681 

BAF200 CDKN2C EZH2 HES1 LIMK1 NKX2-1 OR6C76 RARA TBX1 ZNF70 

BAP1 CEBPA FABP3 HGF LNX1 NLRP13 OR7C1 RASGRF2 TCF20 ZNF703 
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Dark Blue = FoundationOne; Green = ATRT; Orange = TCGA; Purple = FoundationOne and TCGA; Light Blue = 

FoundationOne and ATRT; Pink = ATRT and TCGA; Red = FoundationOne, ATRT and TCGA. 

 

BARD1 CELSR2 FAM123B HIBCH LRP1B NOTCH2 OR7D4 RASSF10 TET2 ZNF786 

BAT2 CGREF1 FAM167B HIST1H1A LRRC15 NPM1 OR8B4 RB1 TFAP2D ZNF804B 

BAf180 CHEK1 FAM24A HIST1H1C LRRIQ3 NPPB OR8D1 RBBP4 TGFBR2 ZNF813 

BCL11B CHEK2 FAM46C HIST1H1T LTK NRAS OR8H3 RBMXL1 THEG 
 

BCL2 CHIA FAM47B HIST1H2AM LYPLA2P1 NRG2 OR8J1 RC3H1 TIGD5 
 

BCL2L2 CHRNA4 FAM75A6 HIST1H2BH MACC1 NTNG1 OR9A2 RCAN3 TINAG 
 

BCL6 CHRND FANCA HIST1H3B MAF NTNG2 OR9G4 REG4 TJP2 
 

BCOR CIC FANCC HIST1H4H MAGI2 NTRK1 OVCH1 RET TMED7-TICAM2 
 

BCORL1 CLDN17 FANCD2 HORMAD1 MAN1A2 NTRK2 P2RY10 RHBDF1 TMEM126A 
 

BLM CLEC4F FANCE HRAS MAP1A NTRK3 PAGE2 RICTOR TNF 
 

BPIFA1 CLSPN FANCF IDH1 MAP2K1 NUP93 PAK3 RNA-PolII TNFAIP3 
 

BPIFB2 CNKSR3 FANCG IDH2 MAP2K2 NVL PALB2 RNF31 TNFRSF14 
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Overall, a total of 35 genes overlapped, of which SMARCA4 was the most 

recurrently mutated gene (Table 2.6). The other gene mutated in more than two 

samples is the proto-oncogene RET. Of note, mutations in this gene have been 

previously seen in our dataset of non-cancer samples. A splicing variant in 

MYH7, which is a member of the myosin superfamily of genes with mutations 

causing myopathies, was shared by two samples. Again, this gene has been 

mutated in our control dataset. Three known cancer genes have been observed, 

including NF2, RAD50 and IGF2, which were mutated in individual samples. 

However, mutations in those three genes were only present in samples with 

SMARCA4 mutations, suggesting that they may not be the major, cancer-driving 

events.
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Table 2.6: Mutation Profile comparison results.  

Reproduced from Witkowski & Carrot-Zhang et al., Nature Genetics, 2014. 

 

Position Gene 
cDNA or 

Protein Change 
Variation Type 

F
A

1
b

(T
) 

N
F

1
*
 

N
F

2
 

U
N

3
 

U
N

4
 

U
N

5
 

U
N

6
 

U
N

9
 

U
N

1
4

 

U
N

1
6

 MAF 

1000geno

mes 

MAF 

EVS 

chr10:124671222 FAM24A p.M24I Missense het - - - - - - - - - 0 0 

chr10:129903826 MKI67 p.T1733I Missense - het - - - - - - - - 0 0 

chr10:43601928 RET p.W324C Missense - - - - - - het - - - 0 0 

chr10:43615063 RET p.Y826S Missense - - - - - het - - - - 0 0 

chr10:88441401 LDB3 p.A177V Missense - - - het - - - - - - 0 0 

chr11:123909467 OR10G7 p.M81K Missense - - - - - - - het - - 0 0 

chr11:65789055 CATSPER1 p.A535T Missense - - - - - - het - - - 0 0 

chr11:723327 EPS8L2 p.P477fs 
Frameshift 

insertion 
- - - - - - - - het - 

0 0 

chr14:23900692 MYH7 T/C Splicing - - - het het - - - - - 0 0 

chr15:40591094 PLCB2 p.S252F Missense - - - - - - het - - - 0 0 

chr15:43814359 MAP1A p.V230M Missense - - - - - - - - - het 0 0 

chr15:99250917 IGF1R p.R74L Missense - - - het - - - - - - 0 0 

chr16:3843600 CREBBP p.V335I Missense - - - - - - - het - - 0 0 

chr16:67860422 TSNAXIP1 p.N399S Missense - - - het - - - - - - 0 0 

chr19:11095960 SMARCA4 p.79_79del 
nonframeshift 

deletion 
- - - - - - - - - hom 0 0 

chr19:11102000 SMARCA4 G/T Splicing - - - - - - - het - - 0 0 

chr19:11106958 SMARCA4 p.Q555X stopgain SNV - - hom - - - - - - - 0 0 

chr19:11121123 SMARCA4 p.S730fs 
frameshift 

insertion 
- - - - - - - - - - 0 0 

chr19:11123624 SMARCA4 G/T Splicing - - - - - het - - - - 0 0 

chr19:11132619 SMARCA4 p.P946fs frameshift deletion - - - - - - het - - - 0 0 

chr19:11134249 SMARCA4 p.L972P Missense - - - - - - - - het - 0 0 

chr19:11134266 SMARCA4 p.R978X stopgain SNV - - - het - - - - - - 0 0 



 
 

   86 
 
 

chr19:11136185 SMARCA4 G/C Splicing - - - - - - - - het - 0 0 

chr19:11141554 SMARCA4 p.1178_1178del frameshift deletion - - - - het - - - - - 0 0 

chr19:11145809 SMARCA4 G/A Splicing het - - - - - - - - - 0 0 

chr19:11170479 SMARCA4 p.I1534fs frameshift deletion - - - - het - - - - - 0 0 

chr19:12126957 ZNF433 p.R242Q Missense - - - - - - - het - - 0 0 

chr19:14910161 OR7C1 p.A263E Missense - - - - - - - het - - 0 0 

chr19:42795291 CIC p.T791P Missense - - - - - - - het - - 0 0 

chr1:158648254 SPTA1 p.R250H Missense het - - - - - - - - - 0 0 

chr20:3218583 SLC4A11 p.A43V Missense - het - - - - - - - - 0 0 

chr20:39746921 TOP1 p.M645I Missense - - - - het - - - - - 0 0 

chr20:57429476 GNAS p.Q323H Missense - - - - - - - het - - 0 0 

chr20:57429479 GNAS p.S387A Missense - - - - - - - het - - 0 0 

chr20:57429484 GNAS p.R326P Missense - - - - - - - het - - 0 0 

chr20:57429488 GNAS p.T390P Missense - - - - - - - het - - 0 0 

chr20:57429497 GNAS p.R393G Missense - - - - - - - het - - 0 0 

chr20:57429539 GNAS p.Q344H Missense - - - - - - - het - - 0 0 

chr22:30057203 NF2 p.G146C Missense - - het - - - - - - - 0 0 

chr2:149247048 MBD5 p.P1050A Missense - - - - - - het - - - 0 0 

chr2:74044083 C2orf78 p.D911E Missense - - het - - - - - - - 0 0 

chr4:74124265 ANKRD17 p.G41C Missense - - - het - - - - - - 0 0 

chr5:131953924 RAD50 p.I1109M Missense - - - - het - - - - - 0 0 

chr5:54398524 GZMA p.Y5C Missense - - - - - - - - het - 0 0 

chr6:41903784 CCND3 p.A186V Missense - - - - - - het - - - 0 0 

chr6:46675732 PLA2G7 p.I346V Missense - - - - het - - - - - 0 0 

chr6:51890718 PKHD1 p.A1297V Missense - - - - - - - het - - 0 0 

chr6:76600958 MYO6 p.E961K Missense - - - - - - het - - - 0 0 

chr7:57188114 ZNF479 p.W336X stopgain SNV - - - het - - - - - - 0 0 

chr7:57188128 ZNF479 p.K332Q Missense - - - het - - - - - - 0 0 

chr8:37698761 GPR124 p.A969S Missense - - - - - - - - - het 0 0 

chr9:138709859 CAMSAP1 p.P1412L Missense - - het - - - - - - - 0 0 

chrX:129149954 BCORL1 p.D1069A Missense - - - - het - - - - - 0 0 

 
Red cells highlight mutations found in SMARCA4. Hom = Homozygous; Het = Heterozygous; MAF = Minor allele 
frequency
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2.3.4 Genomic Analysis of Paired tumor and Normal Samples Revealed 

Recurrent, Somatic Aberration in SCCOHT 

 

To characterize the landscape of somatic alterations in SCCOHT, I then 

performed WES analysis on 14 SCCOHT tumors and their matched normal 

tissues. Apart from SMARCA4, no other genes showed recurrent, somatic 

mutations in those cases. Mutation rate analysis revealed fewer mutations per 

megabase (Mb) in the coding regions in SCCOHT than in high-grade serous 

ovarian cancers (HGSCs) (Figure 2.7). Of note, the splicing variant of MYH7 and 

one of the two RET variants discussed above were present in the germ-line 

samples of the carriers. The other RET variant was somatic. The only recurrent 

AI aberration identified in SCCOHT was on chr19p, surrounding SMARCA4. In 

contrast, HGSC, which is known for its aneuploidy, showed multiple recurrent AI 

aberrations across the genome. Taken together, our genomic analysis suggests 

that SCCOHTs have a remarkably simple genome, as the only, recurrent 

genomic abnormality is related to SMARCA4.  
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Figure 2.7: Mutation rate of SCCOHT, ATRT, and HGSC.  

Mutation rate is calculated as the ratio of the number of somatic mutations and 

the total number of sites sequenced in the sample. Only sites with total 

coverage larger than 20X are used for the calculation. Besides the SCCOHT 

(blue) samples sequenced in this study (N=12), ATRT (red) samples obtained 

from our collaborators (N=20) and publically available HGSC (yellow) samples 

from The Cancer Genome Atlas (TCGA) consortium (N=16) were used. 
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2.4 Discussion 
 

 

SMARCA4 encodes an ATPase subunit in the SWI/SNF chromatin-remodeling 

complex (Witkowski, Foulkes 2015). Deleterious mutations in SMARCA4 and 

differences in SMARCA4 expression have been found in many cancer cell lines 

and primary cancers (Wong et al. 2000, Roberts, Orkin 2004, Sun et al. 2007, 

Kadoch et al. 2013). Other genes in the SWI/SNF chromatin-remodeling complex 

have been implicated in cancers, such as SMARCB1 in schwannomatosis and 

SMARCE1 in spinal meningiomas (Lee et al. 2012, Smith et al. 2012, Smith et al. 

2013). Germ-line mutations in SMARCA4 are also known to rarely predispose 

ATRTs (Schneppenheim et al. 2010, Hasselblatt et al. 2011, Witkowski et al. 

2013). Similarly, rhabdoid tumor predisposition syndrome is largely associated 

with mutations in SMARCB1 (Brennan, Stiller & Bourdeaut 2013).  

 

A previous study from Poland also identified SMARCA4 mutations in two cases 

of SCCOHT (Kupryjańczyk et al. 2013). The authors also implied a resemblance 

of SCCOHT and rhabdoid tumors, which is in line with the pathological re-

examination of our study (Witkowski et al. 2014). In this study, WES analysis of a 

larger number of SCCOHT cases confirmed that SMARCA4 is the only 

recurrently mutated gene in SCCOHT, and that SCCOHTs, like ATRTs, have a 

remarkably simple genome and harbor fewer somatic mutations and 



 
 

   90 
 
 

chromosomal-wide alterations than other cancers, aside from the deficiency in 

the SWI/SNF chromatin-remodeling complex (Lee et al. 2012). 

 

The presence of SMARCA4 mutations in all the familial cases studied, the high-

incidence of SMARCA4 alterations in SCCOHT and the lack of other recurrent 

mutations observed in the tumors showed that SCCOHT is largely a monogenic 

disorder. Therefore, genetic testing in SMARCA4 mutations followed by salpingo-

oophorectomy may aid the prevention of this disease (Berchuck et al. 2015). In a 

recent study, a synthetic lethality approach was developed to treat SMARCA4-

deficient non-small-cell lung carcinomas (Oike et al. 2013). However, further 

work is required to investigate the mechanism of tumorigenesis related to 

SMARCA4 mutations in SCCOHT, and therefore to ultimately improve the 

treatment of SCCOHT. 

 

As discussed in Chapter 1, SCCOHTs are difficult for pathologists to diagnose, 

because they are morphologically overlapped with many other ovarian tumors 

(Clement 2005). Although missense mutations in SMARCA4 have been reported 

in other types of ovarian tumors, such as HGSCs and clear cell ovarian cancers 

via The Catalogue of Somatic Mutation in Cancer (COSMIC) database, thus far, 

nonsense mutations have only been seen in SCCOHTs among all types of 

ovarian cancers. Moreover, similar to the absence of SMARCB1 staining, which 

was observed in the vast majority of rhabdoid tumors, nearly all the SCCOHTs in 

this study showed loss of SMARCA4 staining. Therefore, our findings suggested 
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that SMARCA4 can be a considered as a specific, immunohistochemistry marker 

for SCCOHT diagnosis – a lack of SMARCA4 staining in an ovarian cancer 

should distinguish SCCOHT from its morphological mimics.  
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Chapter 3. WES study of familial breast cancer cases 

based on the French-Canadian founder population 

identifies RECQL as a new breast cancer 

susceptibility gene 

 

Part of the figures and tables from this Chapter are published as: 

 

“Germline RECQL mutations are associated with breast cancer 

susceptibility” Cezary Cybulski, Jian Carrot-Zhang, Wojciech Kluźniak, Barbara 

Rivera, Aniruddh Kashyap, Dominika Wokołorczyk, Sylvie Giroux, Javad Nadaf, 

Nancy Hamel, Shiyu Zhang, Tomasz Huzarski, Jacek Gronwald, Tomasz Byrski, 

Marek Szwiec, Anna Jakubowska, Helena Rudnicka, Marcin Lener, Bartłomiej 

Masojć, Patrica N Tonin, Francois Rousseau, Bohdan Górski, Tadeusz Debniak, 

Jacek Majewski, Jan Lubinski, William D Foulkes, Steven A Narod & Mohammad 

R Akbari. Nature Genetics, 47, 643-646 (2015) 

 

Permission was granted to reproduce figures and tables in Chapter 3. Author 

contributions are stated in the Contribution of The Authors section. 

 

3.1 Introduction 
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Breast cancer is the most common and second leading cause of death in female 

cancers. Familial breast cancer accounts for approximately 10% of all breast 

cancer cases (Foulkes 2008). However, BRCA1 and BRCA2 together explain 

only 15% of all familial cases. Other genes with pathogenic mutations conferring 

moderate to high risk of breast cancer, such as PALB2, ATM, CHEK2, BRIP1 and 

RAD51C, contribute to another 7% at most (Couch, Nathanson & Offit 2014). 

Therefore, approximately 60% familial cancer remains unexplained. It has 

become clear that the remainder of the “missing heritability” for breast cancer 

cannot be attributed to a small number of undiscovered moderate-to high-

penetrance breast cancer susceptibility genes. By targeting the entire coding 

regions in the genome, WES will likely reveal novel, moderate to high penetrant 

variants, but those variants will be exceptionally rare. The situation is quite 

different in founder populations, where single alleles can contribute substantially 

to the burden of disease attributable to all mutations in a breast cancer 

susceptibility gene. By focusing on the French-Canadian population, novel genes 

with breast cancer associated alleles will likely be identified, using a limited 

number of breast cancer families.  
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3.2 Materials and Methods 

 

WES data were generated as described in section 2.2.1 and analyzed using the 

pipeline as described in section 2.2.2. In brief, BWA version 0.5.9 was used for 

short read alignment (Li, Durbin 2009). SNVs and indels were called by 

SAMtools mpileup version 0.1.17 (Li 2011). Mutation class, and minor allele 

frequency in public databases were annotated by ANNOVAR (Wang, Li & 

Hakonarson 2010). Custom scripts were used to combine and identify shared 

variants among families. XHMM was used to identify rare CNVs from germ-line 

samples (Fromer, Purcell 2014). Finally, ExomeAI was used to call somatic 

mutations using tumor and its matched normal tissue (Nadaf, Majewski & 

Fahiminiya 2015). 
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3.3 Results 

 

3.3.1 Filtration and Prioritization of Raw Variants 

 

In order to identify novel breast cancer susceptibility genes, after receiving WES 

results from 51 French-Canadian, unrelated breast cancer patients with family 

history, I first confirmed that no case carried mutations in known breast cancer 

genes, including BRCA1, BRCA2, PALB2 and TP53 (Figure 3.1). Then, variants 

from all cases were combined and filtered using the following steps: 1) variants 

with minor allele frequencies greater than 0.001 from the 1000 genome and 

NHLBI database were filtered; 2) synonymous, non-frameshift, and UTR variants 

were not considered; 3) variants seen previously in our in-house control dataset 

(>1000 non-cancer samples) more than five times were filtered. I excluded those 

variants assuming them to be benign or low-penetrance variants. Finally, 2659 

rare variants passed filters.  
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Figure 3.1: Chronology of identifying new breast cancer genes.  

The ZNF280A variant was included for validation because it was the only variant 

present in more than two samples from 51 cases, even though this variant had a 

higher minor allele frequency (MAF >0.1%) in EVS (Exome Variant Server of 

more than 6000 individuals studied by the NHLBI). 

 

 

I then prioritized those variants using the following steps: 1) variant recurrently 

observed in more than one family was considered as potential French-Canadian 

founder mutations related to breast cancer, and was therefore prioritized. A total 

WES on  unrelated, BRCA1/2 negative 
French-Canadian familial breast cancer 
cases. Cases with known breast cancer 
mutations were ruled out: 51 cases used for 
downstream analysis  

Rule out common SNPs (MAF > 0.1%) 

Focus on mutations present in more than one 
families: ZNF280A, SMC4, PTPRG 

Focus on genes significantly mutated among 
studied breast cancer cases: RECQL  

Validate ZNF280A, SMC4, PTPRG and RECQL  in 
addtional ~1000 French-Canadian breast 
cancer cases and ~7000 French-Canadian  
newborns  
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of 330 variants fell into this category. 2) Gene with different variants observed in 

more than one family, which might be a candidate breast cancer susceptibility 

gene, but unlikely to represent founder mutations in the French-Canadian 

population. I found that 953 genes were recurrently mutated in the 51 cases.    

 

3.3.2 Identifying Candidate Breast Cancer Susceptibility Genes  

 

3.3.2.1 Identification of French-Canadian founder mutation in SMC4 

 

I first set out to identify two families with the same protein-truncating variant 

(nonsense mutation, essential splice-site mutation, frameshift insertion or 

deletion) in a previously unrecognized gene with biological relevance to cancer 

(Figure 3.1). No candidates fell into this class. Of note, a frameshift deletion, 

c.1362delC encoding p.S454fs in ZNF280A was found in three cases, whereas 

10 carriers were found in 6,259 individuals reported from the NHLBI exome 

database. Although this database is not specifically from French-Canadian 

individuals, it was sufficiently large to warrant further investigation of our 

candidates, and is often used as a reference source of comparison in WES 

projects containing defined phenotypes (Awadalla et al. 2014, Behlouli et al. 

2014, Santen et al. 2013).  

 

The next step was to look for instances where more than one family possessed 

the same non-protein truncating, but likely deleterious novel variants in the same 
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gene. As a result of this search, four variants were selected in candidate genes 

including PTPRG (receptor protein tyrosine phosphatase), and SMC4 (structural 

maintenance of chromosomes 4), based on their protein functions that were 

potentially relevant to cancer (Table 3.1). All variants were seen twice in the case 

cohort, and were predicted to be protein-damaging variants (polyphen2 score 

larger than 0.95).  

 

Table 3.1: Candidate mutations present in two or more 51 French-Canadian 

breast cancer families subjected to WES. 

 

Gene name Frequency Protein 

Change 

Polyphen2 

Score 

Protein Function relevant to BC 

AATK 2/51 p.P94R 0.992 Tyrosine kinase involved in 

apoptosis 

PTPRG 2/51 p.L1039P 1 Receptor for a Protein Tyrosine 

Phosphatase 

PRKCD 2/51 p.V30M 0.999 Threonine kinase involved in 

growth, apoptosis & differentiation 

regulation, cancer metabolism 

SMC4 2/51 p.R827C 0.997 Condensin. Implicated in structural 

maintenance of chromosomes 

 

 

Moreover, seven copy number variants were recurrently detected in our cases 

(Table 3.2). A deletion spanning seven exons in IKL (integrin-linked kinase) gene 

(chr11:6629924-6631266) was observed in two samples.  
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Table 3.2: Copy number variants detected in more than one samples.  

 
Location CNV Frequency Gene Description 

chr1:144916570-

144931708 

DUP 2/51 PDE4DIP 

 

Phosphodiesterase 4D interacting 

protein 

 

chr1:22328168-

22336350 

DEL 4/51 CELA3A Chymotrypsin-like elastase 

family 

 

chr5:814876-825366 DEL  2/51 AADAC Arylacetamide deacetylase 

chr6:31616976-

31630487 

DUP 2/51 BAG6 BCL2-associated athanogene 6 

chr10:135340900-

135379033 

DUP 3/51 CYP2E1 

 

Cytochrome P450, family 2, 

subfamily E, polypeptide 1 

chr11:6629924-

6631266 

DEL 2/51 ILK Integrin-linked kinase, over-

expression of this gene is 

implicated in tumor growth and 

metastasis 

chr13:21721325-

21746643 

DUP 2/51 SKA3 Spindle and kinetochore 

associated complex subunit 3 

 

DUP=duplication; DEL=deletion. 

 

3.3.2.2 Identification of truncating mutations in RECQL 

 

I then looked for genes where two or more mutations were seen in the same 

gene. Among 953 genes recurrently mutated in the case cohort, 17 had at least 

two truncating mutations. To prioritize, I tested those genes for excess mutation 

burden as compared to our 1,095 in-house non-cancer samples as controls, and 

ranked them by their p-values after Fisher’s exact test (Table 3.3). 15 genes 

showed statistical significance.  
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Table 3.3: Significantly mutated genes among 51 French-Canadian breast 

cancer cases.  

a) Genes with protein-truncating mutations enriched in 51 French-

Canadian breast cancer cases. Only rare, truncating mutations are counted here. 

Fisher’s exact test is used to compare the frequency of variants in the case 

cohort to the control cohort of 1095 non-cancer, WES samples. The p-values are 

corrected for false discovery rate (FDR) using the Benijamini-Hochberg approach 

(considering the total of genes with truncating mutations in 2 or more cases).  

 

Gene Rank Fisher's  

p-value 
Q value Number 

of case 

mutated 

Number 

of case 
Number 

of control 

mutated 

Number 

of control 

RECQL 1 0.00151 0.0110 3 51 3 1095 
USHBP1 2 0.00194 0.0110 2 51 0 1095 
OR1D2 3 0.00194 0.0110 2 51 0 1095 
AGMO 4 0.00566 0.0120 2 51 1 1095 
HK3 5 0.00566 0.0120 2 51 1 1095 
LDB3 6 0.00566 0.0120 2 51 1 1095 

CNTN4 7 0.00566 0.0120 2 51 1 1095 
SMPD1 8 0.00566 0.0120 2 51 1 1095 

EPX 9 0.0110 0.0156 2 51 2 1095 
SLC38A10 10 0.0110 0.0156 2 51 2 1095 
EIF2AK4 11 0.0110 0.0156 2 51 2 1095 
C1orf56 12 0.0110 0.0156 2 51 2 1095 
KIF4B 13 0.0178 0.0216 2 51 3 1095 

MAN2C1 14 0.0178 0.0216 2 51 3 1095 
STARD9 15 0.0353 0.0400 2 51 5 1095 
MYO15A 16 0.0964 0.102 2 51 10 1095 

SSPO 17 0.124 0.125 2 51 25 1095 

 

 

b) Genes with nonsense and missense mutations enriched in 51 French-

Canadian breast cancer cases. Only rare mutations are counted here. Only 

genes that passed Fisher’s exact test p < 0.05 cutoff are listed. 

 

Gene Rank Fisher's p-

value 
Q value No. 

Case 

mutated 

No. 

Case 
No. 

Control 

mutated 

No. 

Control 

PRIC285 1 8.32E-05 0.0397 3 51 0 1095 

RANBP9 2 0.00132 0.123 4 51 8 1095 
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AP1G1 3 0.00151 0.123 3 51 3 1095 

ODZ4 4 0.00194 0.123 2 51 0 1095 

ANKRD5 5 0.00194 0.123 2 51 0 1095 

CSDA 6 0.00194 0.123 2 51 0 1095 

CPQ 7 0.00194 0.123 2 51 0 1095 

TROAP 8 0.00331 0.197 4 51 11 1095 

GPR126 9 0.00539 0.238 4 51 13 1095 

RPP30 10 0.00566 0.238 2 51 1 1095 

RGS18 11 0.00566 0.238 2 51 1 1095 

SNRPA 12 0.00566 0.238 2 51 1 1095 

CEP44 13 0.00566 0.238 2 51 1 1095 

LRRC31 14 0.00577 0.238 3 51 6 1095 

SYCE1L 15 0.00577 0.238 3 51 6 1095 

SLC23A3 16 0.00799 0.238 3 51 7 1095 

DCST1 17 0.00822 0.238 4 51 15 1095 

C12orf42 18 0.0107 0.238 3 51 8 1095 

STAC2 19 0.0107 0.238 3 51 8 1095 

OC90 20 0.0107 0.238 3 51 8 1095 

VAMP4 21 0.0110 0.238 2 51 2 1095 

CALN1 22 0.0110 0.238 2 51 2 1095 

BTK 23 0.0110 0.238 2 51 2 1095 

UNC119B 24 0.0110 0.238 2 51 2 1095 

ZMYND11 25 0.0110 0.238 2 51 2 1095 

BFSP2 26 0.0110 0.238 2 51 2 1095 

DUSP1 27 0.0110 0.238 2 51 2 1095 

INPP1 28 0.0110 0.238 2 51 2 1095 

OR6C76 29 0.0110 0.238 2 51 2 1095 

FOCAD 30 0.0119 0.238 4 51 17 1095 

KCNAB2 31 0.0138 0.238 3 51 9 1095 

NCOA2 32 0.0138 0.238 3 51 9 1095 

DAB2 33 0.0138 0.238 3 51 9 1095 

ARHGEF37 34 0.0173 0.238 3 51 10 1095 

CYP4A11 35 0.0173 0.238 3 51 10 1095 

GPRIN3 36 0.0173 0.238 3 51 10 1095 

SMC5 37 0.0173 0.238 3 51 10 1095 

ETV4 38 0.0173 0.238 3 51 10 1095 

CADM4 39 0.0178 0.238 2 51 3 1095 

PGBD3 40 0.0178 0.238 2 51 3 1095 

LIPT2 41 0.0178 0.238 2 51 3 1095 

PTGR2 42 0.0178 0.238 2 51 3 1095 

EDN3 43 0.0178 0.238 2 51 3 1095 

LRRC8D 44 0.0178 0.238 2 51 3 1095 

OR6A2 45 0.0178 0.238 2 51 3 1095 

ZNF25 46 0.0178 0.238 2 51 3 1095 

OR52D1 47 0.0178 0.238 2 51 3 1095 

PRKCH 48 0.0178 0.238 2 51 3 1095 

OR10A4 49 0.0178 0.238 2 51 3 1095 

BEND2 50 0.0178 0.238 2 51 3 1095 

HOGA1 51 0.0178 0.238 2 51 3 1095 

OR1D2 52 0.0178 0.238 2 51 3 1095 

LRRC28 53 0.0178 0.238 2 51 3 1095 

DAPL1 54 0.0178 0.238 2 51 3 1095 

EPX 55 0.0214 0.238 3 51 11 1095 
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DNMT3B 56 0.0214 0.238 3 51 11 1095 

FBXO4 57 0.0214 0.238 3 51 11 1095 

RECQL 58 0.0214 0.238 3 51 11 1095 

ULK2 59 0.0214 0.238 3 51 11 1095 

GSG2 60 0.0214 0.238 3 51 11 1095 

BRDT 61 0.0214 0.238 3 51 11 1095 

TBX10 62 0.0214 0.238 3 51 11 1095 

SLC2A9 63 0.0214 0.238 3 51 11 1095 

COL23A1 64 0.0220 0.238 4 51 21 1095 

ARID1A 65 0.0220 0.238 4 51 21 1095 

IFT172 66 0.0252 0.238 4 51 22 1095 

PCDHB11 67 0.0259 0.238 3 51 12 1095 

LDLR 68 0.0259 0.238 3 51 12 1095 

MEI1 69 0.0259 0.238 3 51 12 1095 

SAMD9 70 0.0259 0.238 3 51 12 1095 

ACOXL 71 0.0259 0.238 3 51 12 1095 

CLCA2 72 0.0259 0.238 3 51 12 1095 

STK24 73 0.0260 0.238 2 51 4 1095 

ZNF121 74 0.0260 0.238 2 51 4 1095 

CLEC1A 75 0.0260 0.238 2 51 4 1095 

APPL1 76 0.0260 0.238 2 51 4 1095 

NOP58 77 0.0260 0.238 2 51 4 1095 

HCAR1 78 0.0260 0.238 2 51 4 1095 

ISCA2 79 0.0260 0.238 2 51 4 1095 

HTR3E 80 0.0260 0.238 2 51 4 1095 

CCDC121 81 0.0260 0.238 2 51 4 1095 

MAGEA6 82 0.0260 0.238 2 51 4 1095 

MAGEA10 83 0.0260 0.238 2 51 4 1095 

CRISP1 84 0.0260 0.238 2 51 4 1095 

GMPR2 85 0.0260 0.238 2 51 4 1095 

SCAI 86 0.0260 0.238 2 51 4 1095 

RERG 87 0.0260 0.238 2 51 4 1095 

MB21D2 88 0.0260 0.238 2 51 4 1095 

ANGPTL1 89 0.0260 0.238 2 51 4 1095 

HSPH1 90 0.0260 0.238 2 51 4 1095 

DNAJC3 91 0.0260 0.238 2 51 4 1095 

CADM2 92 0.0260 0.238 2 51 4 1095 

LGI2 93 0.0260 0.238 2 51 4 1095 

HES4 94 0.0260 0.238 2 51 4 1095 

ADTRP 95 0.0260 0.238 2 51 4 1095 

CDYL 96 0.0260 0.238 2 51 4 1095 

FIBCD1 97 0.0309 0.249 3 51 13 1095 

SLC18A3 98 0.0309 0.249 3 51 13 1095 

STRA6 99 0.0309 0.249 3 51 13 1095 

PLAA 100 0.0309 0.249 3 51 13 1095 

CDK5RAP2 101 0.0323 0.249 4 51 24 1095 

COL6A3 102 0.0338 0.249 6 51 50 1095 

OR8K5 103 0.0353 0.249 2 51 5 1095 

PEX19 104 0.0353 0.249 2 51 5 1095 

NKX6-2 105 0.0353 0.249 2 51 5 1095 

HOXB2 106 0.0353 0.249 2 51 5 1095 

HADHB 107 0.0353 0.249 2 51 5 1095 

ANKRD65 108 0.0353 0.249 2 51 5 1095 
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SLC17A3 109 0.0353 0.249 2 51 5 1095 

MARS2 110 0.0353 0.249 2 51 5 1095 

MANF 111 0.0353 0.249 2 51 5 1095 

KRTAP4-11 112 0.0353 0.249 2 51 5 1095 

ARL13B 113 0.0353 0.249 2 51 5 1095 

ENDOG 114 0.0353 0.249 2 51 5 1095 

THOC1 115 0.0353 0.249 2 51 5 1095 

CPA4 116 0.0353 0.249 2 51 5 1095 

TSEN2 117 0.0353 0.249 2 51 5 1095 

PROL1 118 0.0353 0.249 2 51 5 1095 

ACOT1 119 0.0353 0.249 2 51 5 1095 

SLC26A8 120 0.0353 0.249 2 51 5 1095 

HRASLS5 121 0.0353 0.249 2 51 5 1095 

ZNF148 122 0.0353 0.249 2 51 5 1095 

PDSS2 123 0.0353 0.249 2 51 5 1095 

ATG7 124 0.0353 0.249 2 51 5 1095 

FAM73A 125 0.0353 0.249 2 51 5 1095 

TAS2R41 126 0.0353 0.249 2 51 5 1095 

TGS1 127 0.0353 0.249 2 51 5 1095 

GIGYF1 128 0.0362 0.249 4 51 25 1095 

STAG3 129 0.0363 0.249 3 51 14 1095 

UACA 130 0.0363 0.249 3 51 14 1095 

CNOT1 131 0.0363 0.249 3 51 14 1095 

CCDC168 132 0.0408 0.250 7 51 67 1095 

IL17RD 133 0.0423 0.250 3 51 15 1095 

SMCR8 134 0.0423 0.250 3 51 15 1095 

ZNF672 135 0.0423 0.250 3 51 15 1095 

CLSTN1 136 0.0423 0.250 3 51 15 1095 

TNFRSF18 137 0.0423 0.250 3 51 15 1095 

DDX1 138 0.0458 0.250 2 51 6 1095 

USP16 139 0.0458 0.250 2 51 6 1095 

SLC5A4 140 0.0458 0.250 2 51 6 1095 

DTNB 141 0.0458 0.250 2 51 6 1095 

RAB3GAP1 142 0.0458 0.250 2 51 6 1095 

IQCF1 143 0.0458 0.250 2 51 6 1095 

HCK 144 0.0458 0.250 2 51 6 1095 

MLF1 145 0.0458 0.250 2 51 6 1095 

ABHD4 146 0.0458 0.250 2 51 6 1095 

S1PR3 147 0.0458 0.250 2 51 6 1095 

LUZP4 148 0.0458 0.250 2 51 6 1095 

GPR64 149 0.0458 0.250 2 51 6 1095 

CHRND 150 0.0458 0.250 2 51 6 1095 

AHCYL1 151 0.0458 0.250 2 51 6 1095 

EXTL2 152 0.0458 0.250 2 51 6 1095 

MCOLN2 153 0.0458 0.250 2 51 6 1095 

DBF4 154 0.0458 0.250 2 51 6 1095 

CHRNB3 155 0.0458 0.250 2 51 6 1095 

CHAC2 156 0.0458 0.250 2 51 6 1095 

TDRD12 157 0.0458 0.250 2 51 6 1095 

BMP3 158 0.0458 0.250 2 51 6 1095 

P2RY2 159 0.0458 0.250 2 51 6 1095 

RNFT2 160 0.0458 0.250 2 51 6 1095 

NKX2-3 161 0.0458 0.250 2 51 6 1095 
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HAO2 162 0.0458 0.250 2 51 6 1095 

KRT23 163 0.0458 0.250 2 51 6 1095 

IPO5 164 0.0458 0.250 2 51 6 1095 

NPHS1 165 0.0486 0.250 3 51 16 1095 

KAT6B 166 0.0486 0.250 3 51 16 1095 

EML2 167 0.0486 0.250 3 51 16 1095 

CHD9 168 0.0486 0.250 3 51 16 1095 

DEPDC5 169 0.0486 0.250 3 51 16 1095 

ABCA12 170 0.0498 0.250 4 51 28 1095 

TMEM132C 171 0.0498 0.250 4 51 28 1095 

 

 

 

When only rare, protein-truncating mutations were considered, RECQL, which 

was mutated in three families with three different mutations (c.132_135delGAAA, 

p.Lys45fs; c.426delT, p.Ser142fs; c.1138A>T, p.Lys380*), was ranked as the 

most significantly mutated gene in the list (Figure 3.2, Table 3.3a).  
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Figure 3.2: RECQL truncating mutations identified in French-Canadian and Polish breast cancer cases.  

Three mutations were found in 51 French-Canadian familial breast cancer cases using WES. One different mutation was found 

in two cases from 475 French-Canadian, high-risk breast cancer cases using Sanger sequencing. Recurrent mutation 

(p.Arg215*) was genotyped in 1,013 high-risk or unselected breast cancer cases. Adapted from Cybulski et al., Nature 

Genetics, 2015. 
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My colleagues further tested the carrier status in affected relatives in two French-

Canadian pedigrees (harboring c.132_135delGAAA and c.426delT mutations) by 

Sanger sequencing. Both families had a positive family history of ovarian cancer. 

They confirmed that RECQL mutations were segregated with the disease in the 

families (Figure 3.3). Interestingly, although the presence of RECQL mutations 

was confirmed in tumors from carriers, LOH was not observed as tested by 

Sanger sequencing (Cybulski et al. 2015).  

 

Meanwhile, a group in Poland who collaborated with us also found two, different 

truncating mutations in RECQL from 144 Polish breast cancer families studied by 

WES (Cybulski et al. 2015) (Figure 3.2). Therefore, in total, we found five 

patients (2.6%) who carried different truncating mutations in this gene among a 

total of 195 French-Canadian and Polish cases studied by WES. In comparison, 

0.2% (8/4300) individuals carrying truncating mutations in RECQL were reported 

in the NHLBI exome database (P = 0.0002), suggesting a marked difference 

between the prevalence of the truncating mutation in this gene in our breast 

cancer cases and in healthy individuals.  
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Figure 3.3: Pedigrees corresponding to two French-Canadian RECQL 

mutation carriers.  

a) Family carrying c.132_135delGAAA (p.Lys45fs); b) family carrying c.426delT 

(p.Ser142fs). Adapted from Cybulski et al., Nature Genetics, 2015. 
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3.3.2.3 Identification of French-Canadian founder mutations in ATM and 

CHEK2 

 

Finally, I searched for potentially interesting mutations in lower-penetrance breast 

cancer susceptibility genes, including known, moderate-risk genes such as ATM, 

CHEK2, and BRIP1. Although these genes are known breast cancer 

susceptibility genes, any observed mutations might potentially represent novel 

found mutations in the French-Canadian population and were therefore of 

interest. I found four missense variants in ATM and one protein-truncating variant 

in CHEK2 (Table 3.4). One variant in ATM showed higher minor allele frequency 

in public databases (>0.001), but was predicted to be protein damaging (Table 

3.4).  

 

Table 3.4: Mutations identified in moderate-risk breast cancer susceptibility 

genes from 51 French-Canadian breast cancer cases.  

 

Gene 
Protein 

change 

MAF from 1000 

genome 

MAF from 

EVS 

Polyphen2 

score 

ATM 

p.V410A 0.0005 0.00177 0.434 

p.L1715P 0 0 1 

p.K1964E 0 0 0.053 

p.G2023R 0.0014 0.002308 1 

CHEK2 p.D82fs 0 0 NA 

 

EVS=Exome Variant Server of more than 6000 individuals studied by the NHLBI. 
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3.3.3 Validating Candidate Genes in Larger Case and Control Cohort 

 

Having a list of candidate variants, the next step was to establish the likelihood 

that each variant is causal to the disease, rather than a population-specific 

polymorphism, since it is possible that a French-Canadian specific variant might 

be identified as a consequence of investigating the French-Canadian population. 

Thus far, four genes, ZNF280A, PTPRG, SMC4 and RECQL were determined as 

the most plausible candidates. The PTPRG and SMC4 variants had never been 

seen in public databases before. The ZNF280A variant was found at high-

frequency in our cases (6.5%), although 0.16% individuals carried this variant in 

NHLBI. RECQL was the most significantly enriched gene with truncating 

mutations in our cases, compared to our control samples. 

 

3.3.3.1 Validation of SMC4 mutation in additional French-Canadian breast 

cancer cases and controls 

 

In the first round of validation, the presence of potential founder variants (variants 

in ZNF280A, PTPRG, and SMC4) in 1077 unselected French-Canadian breast 

cancer cases was investigated (Table 3.5a). Those cases were unselected for 

family history, and all three variants were seen again, with a frequency of 0.65%, 

0.84% and 0.46%, respectively. Meanwhile, the frequency of those variants was 

assessed in the French-Canadian population using a large number of health 
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controls, based on the established observation that founder populations often 

harbour population-specific variants not seen in public databases. Because the 

ZNF280A variant was not enriched in additional breast cancer cases (found only 

in 7/1064 cases), it was not prioritized for further study in the controls. SMC4 and 

PTPRG variants showed a frequency of 0.10% (2/1932) and 0.45% (8/1745) in 

French-Canadian newborns, respectively (Table 3.5b). Because of the high 

frequency of the PTPRG variant present in controls, it was categorized as a 

French-Canadian population-specific variant (P > 0.05).  

 

Table 3.5: Validation of potential disease-related founder mutations. 

a) Genotyping results of French-Canadian breast cancer cases. 
 

Variant ID Gene DNA Change Protein  

Change 

Frequency 

chr22:22868593 ZNF280A c.1362delC p.S454fs 7/1064 

chr3:160143862 SMC4 c.C2479T p.R827C 9/1077 

chr3:62257164 PTPRG c.T3116C p.L1039P 5/1077 

 

 

b) Genotyping results of French-Canadian newborns. ZNF280A variant 

was excluded because of its higher minor allele frequency from NHLBI exome 

database and decreased frequency in cases as above.  

 

Variant ID Gene DNA Change Protein  

Change 

Frequency 

chr3:160143862 SMC4 c.C2479T p.R827C 2/1932 

chr3:62257164 PTPRG c.T3116C p.L1039P 8/1745 
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Finally, the SMC4 variant was further pursued in 76 additional high-risk French-

Canadian breast cancer cases (defined as aged less than 50 years at diagnosis 

or had at least two affected first-or second-degree relatives) and 7111 French-

Canadian newborns (including the 1932 controls used above) (Table 3.6). 

Overall, 10 carriers were found in all cases studied (0.87%), whereas 13 carriers 

were found in controls (0.18%). Our findings suggested that the SMC4 mutation 

was significantly associated with French-Canadian breast cancer cases 

(P=0.000545), which showed an enriched frequency among the French-

Canadian population.  

 

Table 3.6: Summary of the identification and validation of SMC4 variant in 

French-Canadian breast cancer cases and controls. 

 

SMC4 (p.R827C)  

FC families  2/51 

Frequency  0.0392 

FC unselected or high-risk cases 10/1153 

Frequency 0.00867 

FC newborns 13/7111 

Frequency  0.001552 

P-value P=0.000545 
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3.3.3.2 Validation of RECQL mutation in additional breast cancer cases 

and controls 

 

The validation of RECQL was conducted in both French-Canadian and Polish 

population. In the first phase, all 14 coding exons of RECQL were screened by 

Sanger sequencing among a non-overlapping set of 475 Polish and 475 French-

Canadian patients with family history (Figure 3.2). Although none of the five 

original RECQL mutations identified by WES were observed in additional cases, 

two different truncating mutations in this gene were found (c.643C>T encoding 

p.Arg215* in French-Canadian cases; c.1667_1667+3delAGTA encoding 

p.Lys555fs in Polish cases) (Cybulski et al. 2015). Both mutations identified by 

Sanger sequencing were seen twice in each population (Figure 3.2).  

 

Because the mutations identified from the validation phase were recurrent 

mutations, they were considered as more likely founder mutations, and therefore, 

they were further screened in additional breast cancer cases and control cohorts 

of each population (Figure 3.2). In the French-Canadian cohort, 538 high-risk 

breast cancer cases (defined same as above) and 7,136 French-Canadian 

newborns were used. The recurrent mutation (c.634C>T; p.Arg215*) was 

detected in five cases and one control. Thus, the frequency of this mutation 

among the two higher-risk sets of French-Canadian cases (475+538) was 0.69% 

(7/1,013) compared to 0.014% (1/7,136) in controls (P = 0.000003). Likewise, the 

Polish group also validated that the Polish mutation (c.1667_1667+3delAGTA) in 
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RECQL was significantly associated with breast cancer (P = 0.008).  An odds 

ratio of 5.4 was reported by the Polish group, suggesting RECQL as a high-

penetrance breast cancer susceptibility gene (Cybulski et al. 2015) (Figure 3.2).     

 

Six missense variants in RECQL were identified in the French-Canadian breast 

cancer cases either by WES or Sanger sequencing (Figure 3.4). All of them were 

located in the Helicase domain or DNA-binding domain. Three of them were 

located in conserved residues across species (Figure 3.4). Those three variants 

had minor allele frequency less than 0.01% reported from The Exome 

Aggregation Consortium (ExAC), which contains ~60,000 unrelated individuals 

(http://exac.broadinstitute.org/). C-scores obtained from CADD algorithm 

indicated that two of them were possible pathogenic (Kircher et al. 2014). 

However, whether these missense variants in RECQL are associated with breast 

cancer risk requires further functional studies.  
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Figure 3.4: Six missense mutations in RECQL identified from French-

Canadian breast cancer cases.  

ExAC = The Exome Aggregation Consortium (http://exac.broadinstitute.org/). 

CADD score above 15 is usually considered as deleterious.  

 

 

3.3.4 WES of RECQL Mutation Carriers’ Tumors 

 

Three tumors (two of them were breast cancer and one was ovarian cancer) and 

matched normal samples were obtained from two RECQL-carrier families for 

WES. In line with previous results from Sanger sequencing, no obvious LOH of 

RECQL mutations was observed. Moreover, I did not find any somatic mutation 

in RECQL, suggesting the other allele is likely to be functional. However, 

genome-wide AI analysis identified genomic rearrangements in tumors with 
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heterozygous RECQL mutations, including chromosome 3p, 4p, 8p and 17, 

which were recurrently observed in three tumors analyzed (Figure 3.5). 

Additionally, one TP53 mutation in each tumor (c.G440A, encoding p.Gly147Glu; 

c.C139T encoding p.His47Tyr; c.374_375insG encoding p.Thr125fs) were 

identified, suggesting they play a role along with RECQL mutation in initiating 

tumor formation.  
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Figure 3.5: Recurrent AI regions identified from RECQL+ tumors.  

  

Chromosomes are labled in colors. As shown in the top raw, AI event in chr8p and chr7 (p,q) were seen in the three tumors. 
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3.4 Discussion 

 

A new breast cancer susceptibility gene RECQL was identified via WES analysis 

of familial breast cancer cases based on the French-Canadian founder 

population. This gene encodes a member of the RecQ DNA helicase family that 

is essential for helicase activity. The RecQ helicases prevent the breakdown of 

DNA replication forks during DNA double-strand repair through the homologous 

recombination pathway (Chu, Hickson 2009, Wu, Brosh 2010). Other genes in 

this family, BLM, WRN and RECQL4 have been implicated in Bloom, Werner and 

Rothmund-Thomson syndromes, respectively, which are associated with 

increased incidence of cancer (Chu, Hickson 2009). Moreover, BLM and 

RECQL5 have been recently linked to increased susceptibility to breast cancer 

(Thompson et al. 2012, He et al. 2014). Before this work, no hereditary disorders 

had been linked with mutations in RECQL.   

 

In RECQL-knockout mice, aneuploidy, spontaneous chromosomal breakage and 

translocation events have been observed, suggesting a role for RECQL in 

maintaining genomic stability (Sharma et al. 2006). These observations imply 

RECQL may be a tumor suppressor gene, although complete loss of RECQL 

was not observed from sequencing the RECQL mutated tumors. Previous work 

suggested that mitotic cell death was induced by suppressing the expression of 

RECQL, leading us to hypothesize that RECQL-induced tumorigenesis may 

occur via RECQL haploinsufficiency (Futami et al. 2008). In terms of treatment, it 
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has previously been suggested that down-regulation of RECQL in combination 

with TOP1 inhibitors could be more effective in treating cancer patients (Berti et 

al. 2013). Given the fact that RECQL mutations are rare among breast cancer 

patient, further work is required to determine the clinical usefulness of genetic 

testing of RECQL in breast cancer.  

 

Germ-line mutations in SMC4 (p.R827C) are also found to be associated with 

breast cancer susceptibility. The missense variant identified through this cohort is 

likely to represent founder mutation in the French-Canadian population. SMC4 is 

believed to play an essential role in chromosome condensation at mitosis 

(Losada, Hirano 2005). Expression of SMC4 has been suggested as a marker of 

prognostic prediction in various types of cancers (Wang et al. 2005, Zhou et al. 

2012, Jinushi et al. 2014, Zhao et al. 2015). Down-regulation of SMC4 may affect 

genomic stability in breast cancer cell lines (Kulawiec et al. 2008). However, the 

identified SMC4 variant is not located in a known functional domain and therefore 

functional study is required to assess the pathogenicity of this variant. 

 

Other interesting variants were identified in genes potentially relevant to cancer. 

Missense variants in AATK and PRKCD were found in two French-Canadian 

breast cancer families. CNTN4, SMPD1, PRIC285, CSDA, SMC5 and SNRPA 

were significantly mutated in the breast cancer case cohort. Moreover, novel 

variants in known breast cancer susceptibility genes ATM and CHEK2 were 

identified. Further work in genotyping these variants in a larger number of breast 
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cancer cases and population-specific controls is needed to demonstrate where 

these variants are associated with breast cancer.  
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Chapter 4. WES analysis of primary, metastatic and 

recurrent ovarian carcinomas in a BRCA1-positive 

patient 

 

Methods, figures and tables from this Chapter are published in BMC Cancer: 

 

“Exome profiling of primary, metastatic and recurrent ovarian carcinomas 

in a BRCA1-positive patient” Jian Zhang (name before marriage), Yuhao Shi, 

Emilie Lalonde, Lili Li, Luca Cavallone, Alex Ferenczy, Walter H Gotlieb, William 

D Foulkes and Jacek Majewski, BMC cancer, 13:146 (2013). 

 
 
Copyright on any open access article in a journal published by BioMed Central is 

retained by the authors. Author contributions are stated in Contribution of The 

Authors section. 

 

4.1 Introduction 

 

Ovarian cancer is the leading cause of death from gynecological cancer in 

western countries. Approximately 20% of ovarian cancer patients carry an 

inactivating mutation in either BRCA1 or BRCA2 gene, and 15% of them are 

diagnosed before age 60 (The Cancer Genome Atlas Research Network 2011, 

Zhang et al. 2011). These observations suggested the pathogenesis of these two 
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genes in ovarian cancer. DNA-damaging chemotherapeutic drugs for BRCA1 

and BRCA2 mutation carriers have shown significantly improved outcomes in 5 

years, but this survival advantage decreases over time (Bolton et al. 2012, 

Candido-dos-Reis et al. 2015). These findings emphasized the importance of 

combining genetic testing and targeted therapy. Moreover, uncovering other 

genes responsible for ovarian cancer relapse after therapy will be helpful for 

developing more effective treatments. 

 

To understand the interaction between genetics and treatment response, DNA 

from four sources (blood, primary tumor, omental metastasis and relapse 

following standard post-operative therapy with carboplatin and paclitaxel) were 

obtained from a single patient carrying a deleterious mutation in BRCA1 (Lee et 

al. 2010). WES analysis was then performed to allow us identifying subsequent 

mutations to the BRCA1 inactivation and gaining insights into the mechanism 

driving cancer progression. 
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4.2 Materials and Methods 

 

4.2.1 Clinical History and Tumor samples used for WES 

 

The subject of this study was a 48 year-old patient who had undergone total 

abdominal hysterectomy for menorrhagia and left salpingectomy for ectopic 

pregnancy in the past. She had a family history of breast cancer, and was taken 

to the operating room in September 2003 by general surgery for a suspected 

diverticular abscess. She was found to have diffuse abdominal carcinomatosis 

with multiple masses throughout the abdominal cavity. Primary tumor and 

omental metastatic tumor samples were taken at this time. Final pathology 

revealed a poorly differentiated serous ovarian cancer. Despite only minimal 

residual disease being present at the end of the primary surgical resection 

followed by three courses of neo-adjuvant chemotherapy with carboplatin and 

paclitaxel, the tumor clinically recurred after only three months of chemotherapy. 

She then underwent optimal secondary interval cytoreduction with no residual 

disease. The recurrent sample was taken at this time.  

 

The patient was referred to the medical genetics service and a deleterious 

missense BRCA1 mutation (c.5521A>C, p.S1841R), situated in the highly 

conserved BRCT domain of BRCA1 was identified and found to be segregating 

with breast and ovarian cancer in her family (Figure 4.1). Despite further 
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chemotherapy including adjuvant carboplatin-paclitaxel, paclitaxel consolidation, 

and cisplatin with gemcitabine, liposomal doxorubicin, topotecan, and 

thalidomide (all of which resulted in short-lived partial responses), the patient 

died of recurrent disease in August 2007. DNA extracted from the blood used for 

clinical BRCA1 testing was subjected to WES. Reproduced from Zhang et al. 

BMC cancer, 2013. 
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Figure 4.1: Pedigree of the proband.  

The person whose germ-line and tumor DNA was sequenced is indicated with an arrowhead (ovarian adenocarcinoma, 

age 48). Clear evidence of segregation between the mutation and breast and ovarian cancer is seen by the presence of 

triple-negative BRCA1-related breast cancer in her sister and daughter, who both carry the p.S1841R allele. Other 

carriers are indicated, with untested obligate carriers indicated as (+/−). Reproduced from Zhang et al. BMC cancer, 2013. 
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4.2.2 Tumor Samples Used For WES 

 

All examined tumor blocks contained poorly differentiated serous 

adenocarcinoma (Figure 4.2). The histotype was ascertained in routine 

histological slides obtained from the same tumor, which was fixed in formalin and 

sections were obtained from paraffin-embedded tissue. This was done because 

cell morphology was not preserved well enough to provide information on the 

histotype of the malignant cells. The serous histotype was further demonstrated 

by immunohistochemistry: the neoplastic cells of all tumor samples stained 

strongly and diffusely for CA-125, p16, TP53, Ki-67 and WTI. They failed to stain 

for caldesmon, fascin and only very weakly and focally for B-cadherin. This 

immunohistochemical profile is consistent with serous differentiation. 

Reproduced from Zhang et al. BMC cancer, 2013. 
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Figure 4.2: Photomicrographs.  

Representative frozen tissue was collected at the time of surgery, sections were stained with hematoxylin and eosin and 

DNA was extracted from the frozen tumors. Because the frozen sections were quite thick, they have not photographed 

well. Images represented here are the paraffin-embedded tumors that reflect the frozen sections that were used for DNA 

extraction. A) The poorly differentiated original tumor appeared to be arising from the right ovary (OV). Solid proliferation 

of highly atypical epithelial cells with enlarged, pleomorphic nuclei and macronucleoli. B) Metastases were widespread, 

and a biopsy was taken from the omentum (OMN). Solid sheet of malignant cells displaying the same microscopic 

features as the primary ovarian carcinoma. The tumor cells invade the adjacent fibrofatty tissue of the omentum. C) At 

laparotomy, the recurrent tumor was found on the surfaces of pelvic and abdominal organs and was biopsied (REC). The 

OV  
57% 

OMN 

76% 

REC 

72% 

Estimated 
tumor content: 
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malignant cells are smaller than the primary ovarian and the omentum carcinoma cells. They have clear, cytoplasmic and 

smudgy nuclear substance, and occasional giant macronuclei and nucleoli. These features may be a reflection of 

degenerative effects of previous chemotherapy. Estimated tumor content based on the allele frequency of BRCA1 

mutation (discussed above) is indicated. Adapted from Zhang et al. BMC cancer, 2013. 
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4.2.3 Somatic Mutation Detection 

 

Exome of each sample was captured from a total of 3 μg of genomic DNA, using 

the Illumina TruSeq exome enrichment kit, according to manufacturer’s protocols. 

WES data were generated and processed using the pipeline described above. 

Next, I applied additional quality control measures to all identified raw variants 

based on the following criteria: 1) The average Phred-like score is no less than 

20 for SNPs and 50 for indels; 2) the total read coverage is no less than five 

reads; 3) at least three and 10% of covering reads had to support the alternate 

base.  

 

I further filtered the variants against dbSNP and 1000 genome project dataset 

(http://www.1000genomes.org), as well as previously identified variants by our 

lab from more than 100 germ-line, WES samples unrelated to cancer. Only 

variants that have not been previously observed in any of the control exomes 

were considered to be potentially functional and selected for downstream 

analysis. The mutant allelic-fraction of the variants was calculated as: 

 

 

In order to validate our WES results, variants with supporting reads increased by 

at least 10% from the primary tumor to the metastasis or the recurrence were 

selected for validation using Sanger sequencing. The PeakPicker software was 
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applied to quantitatively measure the allele proportion of selected SNVs (Ge et 

al. 2005). The allele proportion from Sanger sequencing data was calculated as: 

 

 

To compare the allelic-fraction from WES and the allele proportion from Sanger 

sequencing, we converted the allele proportion to mutant allelic-fraction as: 

                    

 
Adapted from Zhang et al. BMC cancer, 2013. 

 

4.2.4 Copy Number Variant Detection 

 

CNV detection was done by comparing normalized read-depth between the 

blood and each of the primary, metastatic, and recurrent tumors, using a 

modified algorithm based on ExomeCNV, which was later adapted in 

FishingCNV (Shi, Majewski 2013, Sathirapongsasuti et al. 2011). In brief, read-

depth was first converted to Reads Per Kilobase of exon model per Million 

mapped reads (RPKM) for each exon, and then the RPKM values were 

normalized as: 
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Normalized RPKM values serve as input for DNAcopy, which segments 

chromosomal regions based on similar log ratios (Venkatraman, Olshen 2007). In 

this study, because the use of WES data is still not well proven in CNV detection, 

we refrained from attempting to identify small structural variants and 

concentrated on larger segments, which we can detect with high confidence. In 

order to identify large-scale rearrangements, the outputs of DNAcopy were then 

smoothed by removing small CNV calls and merging adjacent segments. 

Adapted from Zhang et al. BMC cancer, 2013. 
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4.3 Results 

 

4.3.1 Somatic Mutations Identified by WES in Multiple Tumor Sets 

 

Overall, I identified 39 somatic mutations in the primary and a greater number of 

somatic mutations in the metastasis and recurrent tumor (Table 4.1). However, I 

found that all mutations specific to the primary tumor, the metastasis tumor or the 

recurrent tumor were identified from poor alignments or variant callings (all 

variants detected in the three tumor samples but also present in the blood 

sample were excluded). And on visual inspection of the data via IGV, the 

remaining mutations were also detected in other tumors with small numbers of 

supporting reads. 

 

Table 4.1: Number of variants called from WES.  

Adapted from Zhang et al. BMC cancer, 2013. 

 

Sample 

name 

Raw 

variants 

Variants 

after 

quality 

control 

Rare 

variants 

after 

filtering 

Somatic 

variants 

Validated 

somatic 

variants 

OV 463944 200059 90 39 24/26 

OMN 514227 230935 106 47 24/26 

REC 487007 222994 95 52 24/26 

 
OV= primary tumor; OMN=metastatic tumor; REC=recurrent tumor after 

chemotherapy. 
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4.3.2 Incomplete LOH of BRCA1 Mutation Suggesting Tumor Impurity 

 

I then proceeded to examine the change in frequency of the BRCA1 missense 

mutation (p.S1841R) and observed that the allelic-faction of this mutation was 

increased as 0.48 in the blood, 0.57 in the primary tumor, 0.76 in the metastasis, 

and 0.72 in the recurrence. In Sanger sequencing validation, this mutation 

showed a consistent increase in ratio: 0.39 in the blood, 0.50 in the primary 

tumor, 0.68 in the metastasis, and 0.78 in the recurrence.  

 

Of note, the measurements from WES appear more accurate than from Sanger 

sequencing, because allelic-fraction from WES (0.57) of the inherited BRCA1 

mutation in the blood sample was closer to the expected 0.5, representing 

heterozygosity. Although we observed an increase in ratio of this mutation during 

disease progression, we did not observe complete loss of the wild-type allele in 

the tumors. However, a previous investigation of BRCA1 mutations in tumors 

showed frequent LOH events (The Cancer Genome Atlas Research Network 

2011). Thus, the allelic-fraction of the BRCA1 mutation in the three tumor 

samples should be close to 1, instead of 0.57 to 0.76. Hence, we speculated that 

the tumor DNA extracted for WES may contain a considerable proportion of non-

malignant tissue. Moreover, it appears in the paraffin section image that the 

primary tumor contains a considerable amount of non-malignant tissue, whereas 

the percentage of malignant tissue in the omental metastasis and recurrence is 
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higher (Figure 4.2). Thus, I re-estimated the tumor cell content in the three tumor 

samples used for WES, based on the allelic-fraction of the BRCA1 mutation. 

Therefore, estimated tumor content in the primary, the metastasis and the 

recurrence is 57%, 76% and 72%, respectively (Figure 4.2). 

 

4.3.3 Validation of Identified Somatic Mutations from Three Tumor 

Samples   

 

Sanger sequencing validated 24 of 26 somatic mutations as being present in all 

three tumor samples but not in the blood sample, rendering high confidence in 

the selected candidate gene list. Observed allelic-fraction was normalized by 

their estimated tumor content using the allelic-fraction of BRCA1 mutation, which 

was approximately 57%, 76% and 72% in the primary, metastasis and 

recurrence, respectively, thus representing allele frequency of the mutation in the 

tumors. High concordance of the allelic-fraction estimates from WES and Sanger 

sequencing was observed (R = 0.78, P = 7.865e-15) (Figure 4.3).  
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Figure 4.3: Mutation frequencies by two different sequencing methods.  

The correlation of mutant allele frequency from WES and Sanger sequencing on 

validated mutations in the primary tumor, the omental metastasis, and the 

recurrent tumor after chemotherapy (Spearman’s rank correlation= 0.78, p = 

7.865e-15). Reused from Zhang et al. BMC cancer, 2013. 

 

 

4.3.4 Somatic Mutations Driving Tumor Progression 

 

The presence of important cancer-related mutations was identified, including the 

above-mentioned BRCA1 mutation, the missense mutation in TP53 (c.C329G, 

p.R110P), and the mutation in NF1 (c.G2325+1A) damaging the donor site for 



 
 

   136 
 
 

splicing (Table 4.2). These mutations showed increased frequency from the 

primary tumor to the metastatic tumor or the recurrent tumor, emphasizing the 

importance of their roles in tumor progression. Other genes with novel mutations 

should also be considered as candidates for intensive investigation, since they 

were present in all three samples. Our results suggest that the germ-line 

BRCA1 mutation might, in combination with somatic mutations in TP53, NF1 and 

other genes contribute to the tumor initiation and clonal expansion, as well as the 

relapse of the disease. 
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Table 4.2: Sanger sequencing confirmed somatic mutations with increased frequencies in tumor samples.  

Reused from Zhang et al. BMC cancer, 2013. 

 

Position Gene name Mutation type 

Mutant allele 

frequency from WES 
cDNA 

change 

Protein 

change 

Polyphen 

score 

Mutant allele 

frequency from sanger 

sequencing 

OV OMN REC OV OMN REC 

chr10:106124579 CCDC147 
nonsynonymous 

SNV 
0.31 0.45 0.52 c.G529T p.A177S 0.29 0.40 0.71 0.76 

chr17:38173081 CSF3 
nonsynonymous 

SNV 
0.26 0.49 0.66 c.C493T p.P162S 0.61 0.23 0.43 0.58 

chr15:64496758 CSNK1G1 
nonsynonymous 

SNV 
0.31 0.50 0.48 c.C881G p.R294T 1.00 0.46 0.57 0.57 

chr17:11696980 DNAH9 
nonsynonymous 

SNV 
0.24 0.42 0.62 c.A8222C p.D2741A 0.12 0.21 0.36 0.56 

chr4:88533803 DSPP 
nonsynonymous 

SNV 
0.27 0.61 0.52 c.T465A p.N155K 0.96 0.20 0.51 0.45 

chr20:33874597 FAM83C 
nonsynonymous 

SNV 
0.16 0.44 0.40 c.G1985A p.T662M 0.00 0.17 0.30 0.38 

chr6:5369392 FARS2 
nonsynonymous 

SNV 
0.2 0.36 0.35 c.G589A p.V197M 1.00 0.16 0.35 0.36 

chr14:25076412 GZMH 
nonsynonymous 

SNV 
0.17 0.40 0.37 c.G540T p.Y180X NA 0.15 0.28 0.33 

chr10:126477647 METTL10 
nonsynonymous 

SNV 
0.14 0.57 0.60 c.T256C p.I86V 0.06 0.19 0.58 0.40 

chrX:153040228 PLXNB3 
nonsynonymous 

SNV 
0.17 0.21 0.19 c.G3898C p.G1323R 0.06 0.29 0.33 0.37 

chr12:3692299 PRMT8 
nonsynonymous 

SNV 
0.30 0.55 0.55 c.G904A p.D302N 1.00 0.35 0.57 0.58 
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chr2:65316194 RAB1A 
nonsynonymous 

SNV 
0.18 0.37 0.39 c.T299C p.N100S 0.00 0.23 0.62 0.54 

chr7:122338859 RNF133 
nonsynonymous 

SNV 
0.17 0.36 0.34 c.C114T p.W38X NA 0.15 0.32 0.40 

chrX:30870990 TAB3 
nonsynonymous 

SNV 
0.09 0.37 0.39 c.C1615T p.E539K 0.07 0.15 0.33 0.36 

chr1:234565362 TARBP1 
nonsynonymous 

SNV 
0.28 0.50 0.53 c.C2671T p.D891N 1.00 0.34 0.45 0.57 

chr17:7579358 TP53 
nonsynonymous 

SNV 
0.21 0.47 0.68 c.C329G p.R110P 0.85 0.02 0.44 0.47 

chr7:158824649 VIPR2 
nonsynonymous 

SNV 
0.13 0.63 0.59 c.G1081T p.L361M 1.00 0.03 0.72 0.77 

chr16:72828578 ZFHX3 
nonsynonymous 

SNV 
0.23 0.54 0.58 c.C8003T p.R1754Q 0.45 0.17 0.56 0.53 

chr19:58420819 ZNF417 
nonsynonymous 

SNV 
0.19 0.56 0.5 c.G827C p.S276C 0.89 0.15 0.41 0.42 

chr17:29554310 NF1 splice site SNV 0.16 0.56 0.48 
c.G2325+

1A 
NA NA 0.18 0.12 0.63 

chr19:46192605 SNRPD2 splice site SNV 0.31 0.58 0.55 
c.G378-

1A 
NA NA 0.26 0.62 0.63 

chr3:195022735-

195022753 
ACAP2 

frameshift 

deletion 
0. 15 0.41 0.55 

c.1267_1285

del 
p.R423fs*26 NA NA NA NA 

chr1:201983017-

201983030 
ELF3 

frameshift 

deletion 
0.17 0.15 0.34 

c.866_879de

l 
p.N289fs*7 NA NA NA NA 

chr13:108922263

-108922263 
TNFSF13B 

frameshift 

deletion 
0.17 0.36 0.31 c.20delG p.E8fs*15 NA 0.21 0.22 0.37 

 

OV= primary tumor; OMN=metastatic tumor; REC=recurrent tumor after chemotherapy.  
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4.3.5 Landscape of Three Tumors Revealed by WES  

 

Numerous CNVs were identified, which is consistent with aneuploidy in high-

grade serous ovarian cancers. CNV detection suggested that chromosome 17q 

containing BRCA1, TP53 and NF1 genes were deleted in all three tumors, which 

should be considered as evidence of LOH of the BRCA mutation in all tumors 

(Table 4.3). Meanwhile, CNVs associated with known ovarian cancer mutations, 

such as the amplification of 8q harboring the MYC oncogene were found in all 

tumors including the primary tumor (Table 4.3). 
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Table 4.3: CNVs that were detected in primary, metastatic and recurrent tumors.  

Reused from Zhang et al. BMC cancer, 2013. 

 
 

Region Type CNV segements indicating deletion/amplification 

OV OMN REC 

Coordinates Mean 

log ratio 

Coordinates Mean 

log ratio 

Coordinates Mean 

log ratio 

1p35-1p36 Del 861393-12980233 

13910301-22895846 

-0.3979 

-0.391 

861322-27589726 

28059114-29652173 

-0.5557 

-0.5209 

861322-27589726 

28059114-29650008 

-0.5263 

-0.5321 

Chr4 Del 264888-42088143 

42145445-88235112 

88258428-190874280 

-0.1326 

-0.1643 

-0.1689 

264888-1389640 

20255439-145040934 

148785997-

189026086 

-0.5261 

-0.5052 

-0.5084 

264888-1389640 

18023221-141832508 

147227078-

190873442 

-0.5903 

-0.5217 

-0.5302 

6q16-6q25 Del 153313992-170176161 -0.2665 96971022-170893669 -0.5104 96969750-170893669 -0.5462 

8p21-8p23 Del 117024-28385681 -0.287 190896-28385681 -0.5488 190896-28385681 -0.5817 

8q21-8q24 Amp 90775210-122641580 

123963751-142226069 

142227189-145278133 

145515440-146279543 

0.5658 

0.98 

0.5909 

0.5688 

90926305-95709154 

97605708-122641580 

123963751-

145725582 

0.5043 

0.927 

1.3829 

91836945-97172920 

97243283-121357802 

121379410-

145622144 

0.5658 

0.9853 

1.4429 

11q12-11q14 Amp 64676463p-134251918 0.1758 63581159-94354158 0.7324 63766427-94354158 0.7829 

12p12-12p13 Amp 250451-6637339 

6638679-9262631 

9264755-13140266 

13208485-31107009 

0.1653 

0.188 

0.3317 

0.2592 

247439-22089608 0.4673 247439-22089608 

 

0.4963 

12q21-12q24 Del 31116761-121883221 

121970711-131616361 

132195775-133781116 

-0.1361 

-0.3135 

-0.3871 

65078567-113909303 

114282473-

133781116 

-0.5148 

-0.55 

64668681-133781116 -0.5465 
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16q21-16q24 Del 3725325-90142318* -0.2189 50102691-90030718 -0.5425 50069328-69988476 

70428885-90142318 

-0.563 

-0.5792 

17p + 

17q11-17q21 

Del 171206-7755654 

7758393-18286499 

18539775-42328956 

-0.3947 

-0.3397 

-0.3036 

63643-36881851 

36894606-41234592 

-0.5335 

-0.5191 

63643-36709091 

36865426-41256973 

-0.5552 

-0.546 

19p13.3 Del 374421-8429523 -0.448 474621-8194249 -0.5189 110679-8402712 -0.5409 

19p13.2 Amp 8555110-11531615 

11559037-16639066 

0.1418 

0.1043 

8429206-18541740 0.4018 8429206-10625687 

10677734-11031424 

11031510-18548570 

0.4414 

0.8088 

0.4299 

19q13.2-

19q13.4 

Del 17317922-59082756 -0.2849 41626252-59082756 -0.5468 41306478-59082756 -0.5686 

22q Del 17073440-18909917 

19029320-42999166 

43023310-51065480 

-0.362 

-0.3716 

-0.4172 

16448824-51133476 -0.517 17071767-51065188 -0.5632 

 

Mean log ratio = mean of the RPKM log ratio of the segment; Del = deletion (mean log ratio < 0); Amp = amplification 

(mean log ratio >1); OV= primary tumor; OMN=metastatic tumor; REC=recurrent tumor after chemotherapy; Del=Deletion; 

Amp=amplification. 
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WES results showed that the degree of all the identified CNVs was increased 

from the primary tumor to the metastatic and the recurrent tumors (Figure 4.4, 

Tables 4.3). Moreover, no de novo CNVs were found specific to the primary 

tumor or in the subsequent tumors (Table 4.3). The landscape of the three tumor 

sets appeared to be identical (Figure 4.4). This again, supported our hypothesis 

that the primary tumor sample we obtained for WES contained a relatively larger 

proportion of normal tissue than the metastatic and recurrent samples. The 

increased degree of structural variants was likely to reflect tumor purity, as 

opposed to a selection process. 

.
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Figure 4.4: Copy number variants in the ovarian tumors.  

Filtered CNVs in the OV, OMN, and REC tumors across the genome, with chromosomal labels at the top. Because we 

were only interested in large-scale deletions and amplifications, smaller CNV calls were removed and adjacent segments 

were merged. In the heat map, red indicates amplifications, blue indicates deletions, grey indicates missing data. The 

magnified CNV patterns from OV, to OMN, to REC are likely due to differences in tumor purity. Notable amplifications are 

seen in 8q and 11q. Deletions are seen in chr4, 6q, 7q, 12q, 16q, chr17, chr19, chr22. Reused from Zhang et al. BMC 

cancer, 2013. 

 

OV 

OMN 

REC 



 
 

   144 
 
 

4.4 Discussion 

 

In this study, an analysis on the whole exome was performed to identify potential 

driver mutations, as well as large chromosomal rearrangements. We observed 

the LOH in the BRCA1 mutation in the primary and subsequent tumors, and 

somatic mutations in the TP53 and NF1 genes were identified, suggesting their 

role along with BRCA1 driving the tumor development. Notably, the patient 

responded very poorly to platinum-based therapy and relapsed quickly. This 

early platinum failure is somewhat less common in BRCA1-related cancer than in 

non-hereditary ovarian cancer (Bolton et al. 2012). Deleterious somatic mutations 

present in the primary tumor likely contributed to the rapid progression of the 

disease.  

 

Genetic evolution of tumors from diagnosis to relapse following highly active 

chemotherapy was not observed. Instead, all the cancer-driving events 

(deleterious mutations in TP53 and NF1, amplification in MYC) were already 

present in the primary tumor. Although increased mutant allele frequencies were 

found in the three tumors, little selection might exist thereafter. During the 

primary surgery, it was not possible to identify the tumor of origin. It is possible 

that the primary tumor was, in fact, a secondary tumor of the tumor origin with a 

full capacity of metastasis. It is believed that the origin of HGSC carrying BRCA1 

mutation is in the fallopian tube (Piek et al. 2001). Thus, it is likely that the 
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“primary tumor” used in this study was evolved and metastasized from the 

fallopian tube. 

 

The NF1-associated RAS pathway is often activated in ovarian cancers (The 

Cancer Genome Atlas Research Network 2011, Sangha N. et al. 2008). In 

additional, somatic mutations in NF1 may frequently co-occur with TP53 

mutations in HGSC (Sangha N. et al. 2008). With a 2.5 fold increase in frequency 

from the primary tumor to the metastatic tumor, it is possible that the NF1 

mutation appeared in the primary tumor later than the TP53 mutation. However, 

further research in a larger number of patients is required to fully understand 

whether combined therapy targeting both the RAS signaling pathway and the 

DNA repair pathway will benefit the patient’s outcome (Downward 2003, Lord, 

Ashworth 2012). 

 



 
 

   146 
 
 

Chapter 5. LoLoPicker — Detecting Low Allelic-

Fraction Variants in Low-Quality Cancer Samples 

from Whole-exome Sequencing Data 

 

A version of Chapter 5 is under preparation for publication. Author contributions 

are stated in the Contribution of The Authors section. 

 

5.1 Introduction  

 

Cancer arises from cells that have acquired somatic mutations conferring 

selective advantages to allow the cells proliferating autonomously (Stratton, 

Campbell & Futreal 2009). For this reason, when sequencing the tumor cells, 

identified driving mutations should not present in the normal cells, either from the 

same cancer patient or from other cancer-free individuals. However, identifying 

those somatic events remains challenging. One of the major complexities is that 

variants with low allelic-fraction are commonly observed in tumor samples owing 

to normal tissue contamination, local copy number change and cancer 

heterogeneity. The difficulty of identifying those low allelic-fraction variants is 

magnified by the fact that sequencing technologies are imperfect and produce 

errors (Flickinger et al. 2015).  
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Previously identified sources suggest that artifacts can occur both randomly and 

systematically in a manner of sequence-dependent and site-specific (Wilm et al. 

2012, Gerstung, Papaemmanuil & Campbell 2013, Wang et al. 2013). However, 

other sources of artifacts likely exist and may not be characterized yet. Failing to 

remove unknown artifacts can significantly affect the specificity of variant calling, 

especially in calling low allelic-fraction variants, since their allelic-fraction in the 

tumor approaches the error rate of sequencing technologies. For instance, 

technical artifacts may arise from the formalin fixation process, and therefore, 

decrease the accuracy of calling variants from FFPE samples (Williams et al. 

1999, Van Allen et al. 2014).  

 

WES has emerged as a promising tool to discover disease-causing genes. For 

many basic research or clinical laboratories, the number of samples being 

sequenced has increased dramatically. Some laboratories build their in-house 

database of WES data to enable them to filter out false-positive calls that are 

specific to library preparation, protocols, instruments, environmental factors or 

analytical pipeline. Such database also provides an opportunity to 1) rule out 

polymorphisms not reported by the public databases, and to 2) precisely estimate 

the site-specific error rates using control samples. This precise, site-specific error 

rate gives the advantage to increase the sensitivity of calling low allelic-fraction 

SNVs on sites with lower error rates, and reduce false positives on sites with high 

error rates. This idea has been successfully implemented in Shearwater for 

targeted re-sequencing experiments, which is not designed for analyzing WES 
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data (Gerstung, Papaemmanuil & Campbell 2013). MuTect recommends using a 

panel of normal samples to filter missed germ-line variants and error-prone sites 

(Cibulskis et al. 2013). However, this strategy is limited in identifying error-prone 

sites or retaining sites with low-level artifacts, even using MuTect’s artifact 

detection mode. A comparison of the performance of current somatic SNV callers 

has suggested that they have significant room for improvement, especially for 

detecting low allelic-fraction variants with high accuracy (Wang et al. 2013). 

 

Here, I present LoLoPicker, a tool dedicated to call somatic SNVs from WES 

data using tumor and its matched normal tissue, plus a user-defined control 

cohort of germ-line, non-cancer samples. The goal is to reach higher specificity 

than current somatic SNV callers, including MuTect, VarScan2 and LoFreq (Wilm 

et al. 2012, Cibulskis et al. 2013, Koboldt et al. 2012). We observed a superior 

performance of LoLoPicker compared to other programs. Our approach is 

particularly suited for FFPE samples, since FFPE-specific errors can be identified 

from a panel of FFPE controls.  

 

The LoLoPicker algorithm is implemented in Python language and the package is 

released at https://github.com/jcarrotzhang/LoLoPicker. 

 

 

 

https://github.com/jcarrotzhang/LoLoPicker
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5.2 Materials and Methods  

 

All samples underwent the same protocol for sequencing and pipeline for 

alignments as described in Chapter 2. FFPE tissue-derived DNA was captured 

by using the Nextera Rapid-Capture Exome kit and processed as described in 

section 2.2.2. To ensure the best performance of MuTect and LoFreq, GATK 

BaseRecalibrator was used to increase the quality score accuracy (McKenna et 

al. 2010). Selected SNVs were validated by performing targeted re-sequencing, 

using a MiSeq sequencing platform with an average coverage of 5000X. 
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Table 5.1: Primers used for targeted re-sequencing validation 

 
Position Gene Forward Reverse 

chr1:89521863 GBP1 ACACTGACGACATGGTTCTAC
AGCTTGGTCACCTTGGTGTTT 

TACGGTAGCAGAGACTTGGTCT
CATTAAAGGCCCAGCTAGAAAA 

chr13:24895566 C1QTNF9 ACACTGACGACATGGTTCTAC
ACAGGGTGAGCCAGGAGTC 

TACGGTAGCAGAGACTTGGTCT
AGGCCTGGTCCTCAGAGC 

chr3:178952085 PIK3CA ACACTGACGACATGGTTCTAC
AATGATGCTTGGCTCTGGAAT 

TACGGTAGCAGAGACTTGGTCT
CAATTCCTATGCAATCGGTCT 

chr9:5231708 INSL4 ACACTGACGACATGGTTCTAC
ACCCATGCCTGAGAAGACATT 

TACGGTAGCAGAGACTTGGTCT
CCCATGAGATTTCTGGTGAGA 

chr11:71907000 FOLR1 ACACTGACGACATGGTTCTAC
AGGCTGGCAGACCTCAAGATA 

TACGGTAGCAGAGACTTGGTCT
TCATGGCTGCAGCATAGAAC 

chr13:25378544 RNF17 ACACTGACGACATGGTTCTAC
ATCATCCACCTATTTTGCCTA
AAG 

TACGGTAGCAGAGACTTGGTCT
AAATCATATAAACTTGTTTGAA
GTTGC 

chr19:40580859 ZNF780A ACACTGACGACATGGTTCTAC
AGAGTTTTCTGATGTTGGGAA
AG 

TACGGTAGCAGAGACTTGGTCT
TCCAATGAGAAACCTTTTGTAT
G 

chrX:3240813 MXRA5 ACACTGACGACATGGTTCTAC
AAAGGTGTGCAAAGGTGTCTT
C 

TACGGTAGCAGAGACTTGGTCT
TGAACCATCTCCTACTCTGCAC 

chr1:65301884 JAK1 ACACTGACGACATGGTTCTAC
ACAGCCATGGGACTAGAATCT
G 

TACGGTAGCAGAGACTTGGTCT
ACCATAGCAGCGTATACATGG 

chr2:62099221 CCT4 ACACTGACGACATGGTTCTAC
AATGCAGCAGGCCTCATATTT 

TACGGTAGCAGAGACTTGGTCT
TGCTTTTGCAGATGCTATGG 

chr15:22742690 GOLGA6L1 ACACTGACGACATGGTTCTAC
AGAACCAGCAACAGGAGGAGA 

TACGGTAGCAGAGACTTGGTCT
TGCATCTTCTCTTCCAGCTCC 

chr3:4715013 ITPR1 ACACTGACGACATGGTTCTAC
AGATATCAGCTGAACCTCTTT
GC 

TACGGTAGCAGAGACTTGGTCT
GGCTATCTACTGCCGCACA 

chr18:77805926 RBFA ACACTGACGACATGGTTCTAC
AGTGCTTGGTGTGAAGCCTCT 

TACGGTAGCAGAGACTTGGTCT
TCTGCCTCCAACTCCTCTGT 

chr6:116912080 RWDD1 ACACTGACGACATGGTTCTAC
AGCAGATACATTTCATATGCC
ACTT 

TACGGTAGCAGAGACTTGGTCT
TGGAATTCTACTATTATCTTAC
CATCC 
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5.3 Results 

 

5.3.1 Description of LoLoPicker Method 

 

LoLoPicker allows users to provide a control cohort, which contains normal 

samples that underwent similar procedures as the test sample (tumor), and uses 

the control cohort to estimate site-specific error across the exomes. For variants 

observed in the tumor sample, a binomial test is performed to determine whether 

the ratio of altered reads of the tumor variant exceeds the background error rate 

obtained from the control samples, which enables high sensitivity and specificity 

(Figure 5.1). A detailed description of this algorithm is followed. 

 

Step one: raw variant calling 

LoLoPicker first walks through the tumor exome using pysamstats 

(https://github.com/alimanfoo/pysamstats), and identifies sites with reads 

containing non-reference bases. Then, for each of those potential SNV, 

LoLoPicker filters reads based on their base quality scores (default setting is 30) 

and mapping quality scores (default setting is 30) (Table 5.2). Particularly, 

overlapping read-pair covering the same variant, meaning that they sequence a  

variant from the same DNA fragment, are counted once. Additionally, a variant 

site is filtered out if 1) altered base is supported by less than two reads, and if 2) 

in either strand, the altered alleles are clustered at the first five or the last five 

bases of the reads. The same filters are applied to the matched normal sample. 
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Finally, variants with allelic-fraction greater than 10% or with read count larger 

than two are flagged as possible germ-line variants and are excluded from 

downstream analysis (Figure 5.1, Table 5.2).  
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Figure 5.1: Overview of the workflow of LoLoPicker.  

Step 1: LoLoPicker first performs raw variant calling using tumor and matched normal sample. Step 2&3: LoLoPicker then 

performs its core statistical framework using a user-provided control cohort. 
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Table 5.2: Default thresholds of LoLoPicker filters.  

 

 

 Class Default thresholds 

Base quality Read filter Base quality score <30  
Mapping quality Read filter Mapping quality score < 30  
Overlapped read 
pairs 

Read filter Read mate is previously counted  

Position in read Site filter In either forward or reverse strand, 
all altered bases are located in the 
first or last five read positions 

Variant in 
matched normal 

Site filter Number of altered reads < 2 in the 
matched normal sample 

Variant in control 
cohort 

Site filter Number of altered reads >= 2 in the 
matched normal sample 

 

 

Step two: statistical framework 

At a given site, LoLoPicker counts reads of each sample in the user-provided 

control cohort, with the same filters as described above. An SNP is called, if the 

variant allelic-fraction is larger than 50%, and the total coverage is larger than 10. 

Then, a K-means clustering is performed one the remaining variants based on 

their allelic-fraction in order to identify two clusters representing true variants and 

errors, respectively. Variants in the cluster of the larger mean are considered as 

SNPs; whereas variants in the cluster of the smaller mean are considered as 

errors. If a variant is observed in the control cohort for more than three times, it is 

flagged as a possible SNP and is excluded from further consideration.  

 

Then, using site errors identified from the control dataset, a site-specific error 

rate is calculated as the ratio of read count supporting altered base and the total 
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number of reads covering the site. Finally, a binomial test is performed, followed 

by Bonferroni correction with a cut-off of 0.05 for significance. The statistical 

power is calculated as: 

 

 

Ct = critical value obtained from the first binomial test; n = total coverage; f = 0.3 

for tumor and f = 0.5 for normal sample. A cut-off of 0.95 is applied to ensure 

using sites covered with 95% power to be able to detect a variant with 30% 

allelic-fraction in the tumor, and 50% allelic-fraction in matched normal sample. 

 

5.3.2 Benchmarking Analysis 

 

To access the performance of LoLoPicker in comparison to other variant callers, I 

benchmarked LoLoPicker, MuTect (Version 1.1.6), VarScan2 (Version 2.3.6) and 

LoFreq (Version 2.1.2) against two datasets (Wilm et al. 2012, Wang et al. 2013, 

Koboldt et al. 2012). For the assessment of sensitivity, I used data of the primary 

ovarian tumor and matched blood sample described in Chapter 4. Variants were 

called in a new tumor sample, which was a mixture of the primary tumor and the 

blood, to ensure that variants were present in low allelic-fraction (between 1% to 

12%). The new tumor sample was also randomly down-sampled to 10% of total 

reads. Only those Sanger validated variants were considered as true positives 
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(Table 5.3). For the assessment of specificity, a sample that underwent WES 

twice in two different batches was used, and all variants called between the two 

batches were considered as false positives.  
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Table 5.3:  Status of true positives used for benchmarking analysis.  

An ovarian tumor with validated somatic mutations was merged with its matched blood sample and down-sampled to 10%.  

Position Gene Mutation Reference 

coverage 

Altered_base 

coverage 

Allelic-

fraction 

Reference 

coverage * 

Altered_base 

coverage* 

Allelic-

fraction* 

chr10:106124579 CCDC147 p.A177S 185 25 0.12 15 6 0.29 

chr17:38173081 CSF3 p.P162S 89 8 0.08 NA NA NA 

chr15:64496758 CSNK1G1 p.R294T 301 46 0.13 29 5 0.15 

chr17:11696980 DNAH9 p.D2741A 277 31 0.10 26 6 0.10 

chr4:88533803 DSPP p.N155K 202 21 0.09 18 3 0.14 

chr20:33874597 FAM83C p.T662M 139 8 0.05 4 2 0.33 

chr6:5369392 FARS2 p.V197M 53 4 0.07 NA NA NA 

chr14:25076412 GZMH p.Y180X 428 34 0.07 35 4 0.10 

chr10:126477647 METTL10 p.I86V 446 28 0.06262 58 5 0.08 

chrX:153040228 PLXNB3 p.G1323R 39 3 0.07 NA NA .NA 

chr12:3692299 PRMT8 p.D302N 124 19 0.13 16 3 0.16 

chr2:65316194 RAB1A p.N100S 715 52 0.07 80 6 0.07 

chr7:122338859 RNA133 p.W38X 422 34 0.07 37 5 0.12 

chrX:30870990 TAB3 p.E539K 262 11 0.04 22 2 0.08 

chr1:234565362 TARBP1 p.D891N 385 61 0.14 NA NA NA 

chr17:7579358 TP53 p.R110P 161 10 0.06 32 5 0.14 

chr7:158824649 VIPR2 p.L361M 116 6 0.05 18 2 0.10 

chr16:72828578 ZFHX3 p.R1754Q 428 34 0.07 66 6 0.08 

chr19:58420819 ZNF417 p.S276C 113 11 0.09 49 5 0.09 

chr17:29554310 NF1 NA 172 12 0.07 29 6 0.17 

chr19:46192605 SNRPD2 NA 128 21 0.14 NA NA NA 

*Variant status after down-sampling. 
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Default parameters were applied in all programs for variant calling, except in 

VarScan2, --somatic-p-value 1, and --min-var-freq 0 were used to allow calling 

low allelic-fraction SNVs. In MuTect, the --normal_panel option is used to allow 

filtering missed germ-line variants from a panel of normal samples (same panel 

as used in LoLoPicker) as suggested by the program. The performances of 

tested algorithms were analyzed and visualized by receiver operating 

characteristic (ROC) analysis, based on the binomial p-value for LoLoPicker, the 

tumor Fstar LOD score for MuTect, the somatic p-value for VarScan2, and the 

VCF quality score for LoFreq. The ROC analysis was conducted using ROCR 

package (Sing et al. 2005). To allow fair comparisons, variants present in more 

than one read in the matched normal sample were removed from the ROC 

analysis, whereas variants flagged as “possible contamination” from MuTect, and 

dbSNP variants flagged by LoFreq, were retained.  

 

As the results, LoLoPicker showed much better specificity, while maintained the 

highest sensitivity, particularly for calling variants at very low allelic-fraction 

(Figure 5.2). When reducing the coverage of variants between two to 10, the 

sensitivity of all callers was dropped; whereas LoLoPicker and MuTect showed 

the highest sensitivity (Table 5.4).  

 



 
 

   159 
 
 

 
 
Figure 5.2: ROC analysis.  

The performances of LoLoPicker, MuTect, VarScan2, and LoFreq in calling low-

fraction SNVs are compared using benchmarked samples. 

 
 

                                                                    

Table 5.4: Number of true positives and false positives called by 

LoLoPicker, MuTect, VarScan and LoFreq from benchmarked samples.   

 
 

Tools True Positives False 
Positives High Coverage Low Coverage 

LoLoPicker 18/18 9/13 3 
MuTect 18/18 9/13 15 

VarScan2 18/18 8/13 21 
LoFreq 18/18 7/13 53 

 

 

 

 

LoLoPicker 

MuTect 

VarScan2 

LoFreq 
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5.3.3 Applying LoLoPicker to Read Data  

 

5.3.3.1 High-quality tumor samples 

 

Because LoLoPicker, MuTect and VarScan2 showed better performances in 

calling low-fraction SNVs, we then applied them on a real cancer sample with 

matched blood sample from a glioblastoma (GBM) patient (GBM_9). About 500 

germ-line samples were used as controls. In GBM_9, LoLoPicker called 60 

somatic variants, while MuTect and VarScan2 called 182 variants and 503 

variants, respectively (Figure 5.3).  

 

A                                                                         B 

 
 

Figure 5.3: Venn diagram of called variants from different tools.  

A) Number of SNVs called by LoLoPicker, MuTect and VarScan2. B) Number of 

SNVs with less than 10% allelic-fraction called by three callers. 
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Known GBM driving mutations were identified, including TP53 (p.R174X), H3F3A 

(p.K28M), ATRX (p.R1480X), and PIK3CA (p.H1047R). TP53 and PIK3CA 

mutations were present in both Catalogue of Somatic Mutations in Cancer 

(COSMIC) and dbSNP. LoLoPicker successfully identified all of them; whereas 

MuTect filtered out the TP53 mutation because it found reads supporting the 

variant in the normal sample. However, those reads were overlapping pairs, thus 

resulting from a single DNA fragment (Figure 5.4). VarScan2 did not call the 

PIK3CA mutation as a high-confidence variant. In particular, the PIK3CA 

mutation showed low allelic-fraction at 6%. Again, this demonstrates that 

LoLoPicker has a high sensitivity of calling low-fraction SNVs. 

 

 

 

A) GBM_9 

B) GBM_blood 
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Figure 5.4: Snapshot of IGV showing the TP53 mutation in GBM_9 and its 

matched blood sample.  

MuTect filtered the TP53 mutation (p.R174X) because three reads supporting the 

variant were observed in the matched normal. However, two of them were 

overlapping read-pairs (highlighted in red), which were counted as one in 

LoLoPicker. The third read had low mapping quality. Therefore, this mutation was 

retained in LoLoPicker. 

 

 

Other somatic variants may exist in GBM_9. Variants reported in COSMIC were 

enriched among variants called by LoLoPicker (10%), compared with 2% among 

rejected calls (Figure 5.5). In variants called from MuTect and VarScan2, 7% and 

2% were reported in COSMIC, respectively. MuTect also rejected 5% COSMIC 

reported variants. This suggested that LoLoPicker called more cancer-related 

SNVs.  

   
                                                                                   

 
 

Figure 5.5: Proportion of variants reported in COSMIC among variants 

called and rejected or filtered by LoLoPicker, MuTect and VarScan2 in 

GBM_9. 

10% 

7% 

2% 2% 

5% 
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LoLoPicker MuTect VarScan2 
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LoLoPicker also identified 131 SNPs in GBM_9 from the control cohort, without 

comparing them to any public databases (Figure 5.6). All of the variants 

classified by LoLoPicker as “possible SNP” were reported in dbSNP, suggesting 

possibly missed germ-line variants in the normal tissue sequencing experiments 

or foreign DNA contamination.  

 

         

 

Figure 5.6: K-means clustering distinguishes true SNPs from background 

noise.  

Identified true variants (red circles) and background noise (black circles) from 

500 germ-line, non-cancer samples. At this specific site, rs61731354 was found 
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in five samples with mean allelic-fraction at 0.35 (red star). 130 samples showed 

background noise with mean allelic-fraction at 0.02 (black star).  

 

 

Finally, 14 low-fraction SNVs in GBM_9 were selected for targeted re-sequencing 

validation. These variants were selected on the basis of being called by both 

LoLoPicker and MuTect, or by MuTect only. As the results, all the variants called 

by both tools were validated as true positives, whereas the ones that LoLoPicker 

rejected were not validated. These included four variants with higher coverage 

(>=5X) supporting the altered bases (Table 5.5). These results suggested that 

the specificity of LoLoPicker was improved without rejecting true positives as a 

trade-off.  
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Table 5.5: Low allelic-fraction SNVs either called by both MuTect and LoLoPicker, or called by MuTect but 

rejected by LoLoPicker were selected for MiSeq validation.  

 
Position Ref Alt Altered 

Reads 

Total 

Reads 

Allelic-

fraction 

Protein 

Change 

Gene LoLoPicker 

p_value 

MuTect 

Judgement 

MiSeq 

Validation 

chr1:89521863 C A 16 92 0.17 p.A402S GBP1 5.30e-31 KEEP Yes 

chr13:24895566 T C 5 47 0.11 p.I221T C1QTNF9 9.66e-06 KEEP Yes 

chr3:178952085 A G 5 94 0.06 p.H1047R PIK3CA 2.62e-05 KEEP Yes 

chr9:5231708 G A 4 22 0.17 p.G62E INSL4 2.04e-04 KEEP Yes 

chr11:71907000 C A 4 65 0.06 p.P185T FOLR1 0.32 KEEP No 

chr13:25378544 C A 5 75 0.07 p.P690T RNF17 0.6 KEEP No 

chr19:40580859 C A 4 68 0.06 p.G497V ZNF780A 1 KEEP No 

chrX:3240813 C A 3 31 0.09 p.E971D MXRA5 1 KEEP No 

chr1:65301884 C A 3 44 0.06 p.C1052F JAK1 1 KEEP No 

chr2:62099221 C A 3 29 0.1 p.R466L CCT4 1 KEEP No 

chr15:22742690 T C 8 121 0.07 p.W359R GOLGA6L1 1 KEEP No 

chr3:4715013 A C 7 23 0.3 p.T785P ITPR1 1 KEEP No 

chr18:77805926 T G 5 13 0.38 p.W240G RBFA 1 KEEP No 

chr6:116912080 C A 3 58 0.05 p.L193I RWDD1 1 KEEP No 
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5.3.3.2 FFPE samples 

 

Error rates across different sites vary. Site-specific error rates in low-quality 

samples, such as FFPE samples are much higher than high-quality samples 

(Figure 5.7).  

          
 

Figure 5.7: Frequency distribution of site-specific error rate.  

Blue=FFPE sample; Red=germ-line sample. 

 

 

In Chapter 3, I showed that no recurrent mutations, other than SMARCA4 

mutations were observed in SCCOHT tumors. Therefore, I tested LoLoPicker, 
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MuTect and VarScan2 using a FFPE sample of SCCOHT (UN5) carrying a 

somatic mutation in SMARCA4 (c.2275-1G>T). Although I expected to see very 

few somatic mutations from this sample, both MuTect and VarScan2 called a 

large number of variants (483 and 143, respectively). Although a panel of normal 

FFPE samples was provided to MuTect, only 19 variants were filtered by the –

normal_panel option. When using 500 germ-line samples as my controls, 

LoLoPicker called 92 variants. However, when 35 FFPE samples from normal 

tissues were used, only 18 variants were called, and most of the LoLoPicker 

rejected calls were C to T or G to A transitions known to be induced by the FFPE 

protocol, suggesting the necessity of providing a control cohort to further reduce 

false positive calls related to batch effects, especially FFPE-specific artifacts 

(Figure 5.8).  

 

 

         
 
 
Figure 5.8: Percentage of base changes.  

0% 20% 40% 60% 80% 100% 

Non-FFPE_LoLoPicker_rejected 

FFPE_MuTect_called 

FFPE_LoLoPicker_called 

FFPE_LoLoPicker_rejected 

C -> T 

G -> A 

Other 



 
 

   168 
 
 

In a FFPE sample, C to T and G to A transitions, which are mostly likely FFPE-

induced artifacts, are frequently observed among LoLoPicker rejected variants, 

and MuTect called variants. By contrast, these transitions are less frequent 

among LoLoPicker called variants. In a fresh-frozen sample, C to T and G to A 

transitions are less frequent among LoLoPicker rejected variants. 
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5.4 Discussion 

 

 LoLoPicker is a new algorithm designed to detect somatic SNVs, particularly 

tailored for low-fraction SNVs. I observed a superior performance of LoLoPicker 

in comparison with MuTect, VarScan2 and LoFreq. While LoLoPicker maintains 

highest sensitivity among other programs, the specificity of LoLoPicker is 

significantly improved, highlighting the importance of precisely measuring site-

specific error rate from a larger number of control samples, rather than from a 

matched normal sample solely.  

 

Samples provided as additional controls are essential in estimating the 

background error rate. Although I expect that LoLoPicker will handle WES data 

from any sequencing platforms and alignment methods, I suggest that samples 

processed in similar experimental protocols should be used. For example, having 

a panel of FFPE samples helped in filtering FFPE-specific artifacts. Compared to 

MuTect, which simply filtering out recurrent calls from the panel of normal, 

LoLoPicker’s statistical framework identifies sites with high error-rate and retains 

sites with low-level artifacts, allowing high-accuracy. 

 

Poor coverage uniformity has been a hurdle in precisely detecting variants in 

WES due to bias in exome-capture efficiency. The sensitivity of all callers was 

decreased when total coverage was reduced to less than 10X. Site-specific 

artifacts missed from the matched normal sample can be revealed using 
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additional control samples, giving the advantage for LoLoPicker to filter out most 

of the false positives. However, as the number of control samples available for 

research projects is usually limited, the final calls of LoLoPicker should be also 

filtered against other public databases to further identify possible SNPs. 

 

Finally, the LoLoPicker algorithm can be easily parallelized to allow the analysis 

of WES data of one pair of tumor and normal sample against a larger number of 

control samples in a reasonable time. Our method will provide unprecedented 

information for analyzing FFPE samples and pave the way to apply WES into 

clinical testing. 
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Chapter 6. General Discussion 

 

While sequencing an individual’s whole genome remains expensive, WES that 

targets the protein-coding region of the genome has emerged as a cost-effective 

method to identify highly penetrant variants causing Mendelian or monogenic 

diseases. This thesis work first focused on finding the genetic causes in 

unexplained cancer families. Using WES as the primary investigative tool, I 

successfully identified the gene predisposing to SSCOHT gene – SMARCA4 – as 

well as a new breast cancer gene – RECQL – both of which were subsequently 

found to play a role in non-inherited cases as well. These findings suggest that 

WES is a powerful tool to study the genetic basis underlying both rare and 

common cancers. Then, by performing WES on multiple tumor sets collected at 

different stages from a single patient carrying a germ-line BRCA1 mutation, an 

NF1 alteration was identified as a major contributor to cancer progression, 

suggesting that combined therapy targeting both the RAS signaling and the DNA 

repair pathway will benefit the patient’s outcome. 

 

Studying inherited variants is relatively easy, because heterozygous variants 

usually display allelic-fraction from 20% to 80% in germ-line samples. On the 

other hand, detecting somatic alterations from tumor samples is more 

challenging, because low-fraction variants are commonly observed when 

analyzing tumor samples, but these low-fraction variants are hard to distinguish 
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from artifacts. Therefore, an efficient tool to accurately identify low-fraction 

variants from WES data is warranted. By estimating the site-specific error rate 

from a project-specific control cohort, LoLoPicker significantly reduces false-

positive rate in calling low-fraction SNVs. The performance of LoLoPicker is 

superior to other existing tools, especially in calling variants from low quality data, 

such as FFPE samples. Next, I will improve this algorithm for indel calling, using  

a similar strategy. For instance, observed indel artifacts from the controls will be 

characterized and used as a training dataset for a supervised learning algorithm 

to allow the identification of indels from the test sample.  
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6.1 SMARCA4 and SCCOHT 

 

By performing WES analysis of six individuals from three families with SCCOHT, 

I discovered segregating deleterious germ-line mutations in SMARCA4 in all 

three families. Somatic mutation or loss of the wild-type allele was found in all the 

familial tumors harboring the germ-line SMARCA4 mutation. By combining WES 

and Sanger sequencing of cases with available DNA, at least one 

deleterious SMARCA4 mutation was identified in 30 of 32 cases. Genomic 

analysis of SCCOHT tumors and their matched normal tissues confirmed that 

SMARCA4 is the only recurrently mutated gene. Moreover, recurrent allelic 

imbalance events were observed exclusively on chromosome 19p, where 

SMARCA4 is located. Our findings suggest that SCCOHT is universally 

characterized by SMARCA4 mutations. 

 

Two different studies showed similar findings. In the first study, germ-line or 

somatic mutations in SMARCA4 were found in 75% of the 12 cases they 

analyzed, and 82% of those cases showed loss of SMARCA4 protein (Ramos et 

al. 2014). In the second study, inactivating mutations in SMARCA4 were found in 

all the 12 cases they analyzed (Jelinic et al. 2014). Taken together, clear 

evidence of the genetic cause of SCCOHT is provided. While the other two 

studies discovered SMARCA4 mutations through WES of fresh-frozen tissues 

and targeted re-sequencing of a panel of 300 cancer-related genes, only our 
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work successfully applied WES to FFPE samples, which unlocked archived 

tissue for genome-wide analysis. 

 

6.1.1 Is SCCOHT Rhabdoid Tumor of the Ovary? 

 

Although named as small cell carcinoma, pathological examination observed 

large cells in approximately 50% of SCCOHT cases we studied. These large 

cells display a ‘rhabdoid’ features, with eccentric nuclei, prominent nucleoli and 

abundant glassy eosinophilic cytoplasm (Young, Oliva & Scully 1994). Defects in 

the SWI/SNF complexes have been observed in rhabdoid tumors and lung 

cancers (Matsubara et al. 2013). Notably, hypercalcemia has been clinically 

linked to SCCOHT, rhabdoid tumors and lung tumors (Brennan, Stiller & 

Bourdeaut 2013, Hsu et al. 2011). In essence, germ-line mutations in SMARCA4 

are also known to rarely predispose ATRTs (Schneppenheim et al. 2010, 

Hasselblatt et al. 2011, Witkowski et al. 2013). Thus, it is reasonable to speculate 

that SCCOHT falls within the category of rhabdoid tumors. 

 

6.1.2 Molecular Analysis Revealed Close Similarities between SCCOHT 

and ATRT 

 

Clinical findings are mirrored by genome-wide sequencing analysis, which 

revealed that germ-line or somatic mutations in SMARCA4 and recurrent allelic 

imbalance on chromosome 19p, where SMARCA4 resides, exclusively 
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characterized SCCOHT. By comparing SCCOHT, ATRT and HGSC, remarkably 

simple genomes in SCCOHT and ATRT were shown. Interestingly, both 

SCCOHT and ATRT harbor much fewer somatic mutations and chromosomal 

alterations than HGSC. Furthermore, our recent study comparing the global DNA 

methylation profiles of SCCOHT, ATRT, and HGSC demonstrates a strong 

epigenetic correlation between SCCOHT and ATRT, suggesting that similar 

mechanisms linked to the defects in the SWI/SNF complexes might contribute to 

similar methylation alterations in SCCOHT and ATRT (Fahiminiya et al. 2015). 

 

6.1.3 WES Opened New Avenues for SCCOHT Treatment  

 

In this study, genetic findings from WES pinpointed to SMARCA4 mutations as 

the potential therapeutic target. Although an approach based on the inhibition of 

the SMARCA4 counterpart SMARCA2 has been developed to treat SMARCA4-

deficient cancers, recent work suggested that SMARCA2 protein is absent in 

SCCOHT (Oike et al. 2013, Jelinic et al. 2016). Although no inactivating 

mutations in SMARCA2 found in any of our SCCOHT cases, a epigenetic 

mechanism may underlie the SMARCA2 silencing.  

 

Meanwhile, new treatments targeting SMARCB1 loss have been developed with 

active responses in ATRT patients (Smith et al. 2011, Wetmore, Bendel & Gajjar 

2014). Given the molecular and clinical similarities between SCCOHT and ATRT, 

similar method used for rhabdoid tumor treatment might help to improve the 
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outcome of SCCOHT. Finally, this study extended the application of WES from 

gene discovery to assistance in pathological analysis, inferring the role of WES in 

guiding decisions about treatment in future. 
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6.2 New Breast Cancer Genes 

 

6.2.1 RECQL and Breast Cancer  

 

WES study of 51 French-Canadian breast cancer families revealed RECQL as a 

new breast cancer susceptibility gene, with protein-damaging mutations 

associated with a remarkably increased risk for breast cancer. The identification 

of different truncating mutations in RECQL from WES and recurrent mutations in 

additional cases from Sanger sequencing prompted the in-depth investigation of 

the RECQL mutations in large samples of breast cancer cases and controls in 

two specific populations, the French-Canadian and the Polish population.  

 

In addition, a recent study identified RECQL mutations in association with breast 

cancer in the Chinese population (Sun et al. 2015). Functional analysis 

suggested that missense mutations identified from breast cancer cases disrupted 

the helicase activity, further supporting the pathogenic role of RECQL mutations 

in breast cancer (Sun et al. 2015). Given that the frequency of RECQL mutations 

in breast cancer patients is relatively low, founder population-based WES study 

may serve as an effective approach in the search for other rarely mutated cancer 

susceptibility genes. Although no obvious founder mutation was observed in 

RECQL using WES, other missense mutations identified through this cohort are 

more likely to represent founder mutations in the French-Canadian population, 

including the SMC4 variant. 
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6.2.2 SMC4 and Breast Cancer  

 

The SMC4 mutation (p.R827C) was originally identified in two cases through 

WES analysis of 51 French-Canadian breast cancer cases. Genotyping of this 

variant in a large number of breast cancer cases and population-specific controls 

demonstrated that the SMC4 mutation was strongly associated with breast 

cancer. Furthermore, the frequency of this variant in healthy controls is increased 

from 0.00005 in unselected population to 0.001552 in the French-Canadian 

population, suggesting the underlying driving force due to the founder effect. 

SMC4 is the core of the condensin complex, which is essential for chromosome 

assembly and segregation (Losada, Hirano 2005). To establish the pathogenicity 

of the SMC4 mutation (p.R827C) in breast cancer, further work is required to 

assess its functional significance. As an example, cells with the p.R827C 

mutation may be characterized in cell cycle and chromosome segregation. WES 

study of the SMC4 carrier’s tumor will be probably informative as well – a 

“second hit” in the tumor will provide further evidence for the role of this gene in 

the etiology of the breast cancer.  

 

6.2.3 Other Candidates 

 

Previous work on PALB2 suggested that breast cancer associated founder 

mutations can present in low frequency in the French-Canadian population 
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(Foulkes et al. 2007). While WES analysis of 51 French-Canadian breast cancer 

families has provided valuable leads, other breast cancer alleles could have been 

missed. One example is the frameshift mutation in CHEK2 (p.D82fs), which was 

observed only once in the 51 cases. This mutation would not be selected based 

on the current filtering criteria, if no previous knowledge about CHEK2 in breast 

cancer were known. Thus, sequencing additional families will add confidence that 

our prioritization method has not missed a rare but important French-Canadian 

founder mutation. 

 

6.2.4 Limitations of This Study 

 

Although many other genes identified in this study are potentially interesting and 

probably worth pursuing – examples including SMPD1 and CNTN4, both of 

which were significantly mutated in the case cohort (two truncating mutations in 

different families) and have implications in cancer – some families will remain 

unexplained. It is likely that some causal CNVs were missed from the discovery 

phase, because of the difficulties in distinguishing true CNVs from background 

noise created by WES. Furthermore, more and more evidence suggest that 

germ-line variants in transcript regulation are associated with breast cancer risk 

(Li et al. 2013, Glubb et al. 2015, Castro et al. 2016). Regulatory variants for 

breast cancer will not be revealed by WES studies. Therefore, other methods will 

be applied to discover new breast cancer susceptibility genes. For example, 

WGS of the germ-line sample in combination with RNA-seq of the tumor and 
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matched normal tissue will be informative to identify inherited, causal variants 

missed by WES. Finally, mutation discovery using sequencing technologies is 

only the first step. Proving that a candidate variant truly is disease-causing can 

be a large challenge, especially for missense mutations in functionally unknown 

genes when choosing a relevant functional assay is not obvious. Therefore, 

combining bioinformatics analysis and functional screening will be essential for 

future work. 
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6.3 Current Issues in Studying Somatic Alterations 

 

Unraveling somatic alterations is crucial for cancer studies. Presently, the need in 

cancer genomics is shifting from data generation to data analysis, which 

accelerated the development of numerous computational tools to precisely 

identify tumor-only events. Point mutations are most frequently observed in 

cancer genomes. Algorithms of calling somatic SNVs evolved from simply 

subtracting germ-line variants, to jointly calling tumor and matched normal 

samples, to integrating clonal information into the models (Ding et al. 2014). 

Although several tools have been developed to improve the detection of somatic 

SNVs (e.g., MuTect, VarScan2, LoLoPicker), indel detection remains 

challenging. One of the major barriers is that current alignment methods are not 

optimized for mapping short reads containing indels to the reference genome. To 

tackle this issue, local re-alignment algorithms (e.g., GATK IndelRealigner) have 

been applied to improve the mapping surrounding potential indels, allowing 

improved indel identification using standard variant callers. However, novel 

algorithms are needed to identify somatic indels, especially to distinguish low 

allelic-fraction indels from artifacts. 

 

Genetic factors contributing to cancer progression have been identified, such as 

NT5C2 mutations in leukemia relapse, SERPINE2 overexpression in breast 

cancer metastasis, and activation of the RAS-PI3K pathway in GBM progression 

(Ding et al. 2012, Ma et al. 2015, Bai et al. 2016). In HGSC, inactivating 
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mutations in RB1, NF1, RAD51B and PTEN might contribute to the disease 

relapse after treatment (Zhang et al. 2013, Schwarz et al. 2015, Patch et al. 

2015). Nowadays, sequencing tumor samples from multiple sites, multiple 

stages, or multiple tumor sections has become common in cancer research. 

More and more subclonal variants related to tumor progression will be identified 

using different sequencing strategies. On the other hand, somatic mutations in 

hematopoietic stem cells might be misunderstood as germ-line variants from 

deep sequencing of whole blood-derived DNA (Kurek et al. 2012). Advance in 

single cell sequencing holds great potential for studying tumor evolution, where 

subclonal information may be missed from sequencing mixed cell populations 

(Navin et al. 2011). The bottleneck is the development of computational tools to 

reconstruct the genotypes of each tumor subpopulations. Current models in 

subclonal reconstruction are based on the measurement of allelic-fraction of the 

somatic mutations, and therefore, accurate detection and quantification of 

somatic events, including point mutations and CNVs, is the cornerstone (Carter 

et al. 2012, Larson, Fridley 2013, Deshwar et al. 2015). 
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6.4 Future Directions 

 

6.4.1 WES vs. WGS and RNA-seq 

 

While WES is rapidly entering research and clinical laboratories as a routinely 

used investigative and diagnostic tool, the cost of sequencing the whole genome 

is decreasing, and therefore, WGS is becoming increasingly attractive. Now 

mapping the epigenome is completed, and regulatory elements have been better 

characterized than ever (The ENCODE Project Consortium 2012). Sequencing 

the whole genome enables us to identify causal variants in regulatory regions. 

Another advantage of using WGS instead of WES is that WGS is more reliable 

for calling of structural variants. Current methods of CNV detection from NGS 

data are based on four sources of information: abnormally mapped read pairs, 

split reads that span breakpoints, read-depth and unmapped reads (Alkan, Coe & 

Eichler 2011). Because the majority of structural breakpoints lie outside the 

exonic regions, the broader coverage of WGS will provide more evidence for 

CNV calling. 

 

Perhaps RNA-seq, which has been fruitfully applied in cancer studies, will 

become more and more popular. Compared to WGS, RNA-seq costs less and 

requires less computational time. Although variant calling from RNA-seq data 

remains challenging, (e.g., variants nearby the splicing junctions), recent 

improvements in mapping RNA-seq reads and variant filtering strategies have 
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enabled accurate identification of disease-associated variants from RNA-seq 

(Piskol, Ramaswami & Li 2013). Additionally, RNA-seq is capable of addressing 

a broader range of important questions in cancer, such as measurement of gene 

expression, detection of novel transcript, gene fusion, alternative splicing, allelic-

specific expression, or RNA-editing (Costa et al. 2013). Therefore, RNA-seq 

should be considered as a complementary technology to DNA sequencing in 

cancer research. 

 

6.4.2 More Samples, More Opportunities 

 

Current studies in cancer genomics are limited by the availability of fresh tumor 

samples, however, FFPE samples are used routinely for diagnosis. Our work 

successfully produced reliable results from FFPE-WES data. Recent work also 

showed the feasibility of performing RNA-seq analysis on FFPE samples 

(Adiconis et al. 2013, Majewski et al. 2013, Graw et al. 2015). These 

breakthroughs will enable the set-up of large-scale cancer research and 

significantly benefit hereditary cancer research. As an example, combining WES 

analysis of germ-line DNA with WES analysis of FFPE tissue from the same 

patient will increase our ability to distinguish potentially disease-causing variants 

from variants unrelated to the disease. In our study of identifying novel breast 

cancer variants, WES data from tumor samples will be particularly helpful in 

prioritizing genes for further study: a non-recurrent mutation with a potentially 
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interesting function related to cancer will be prioritized, if persuasive evidence is 

found in the tumor (e.g., second hit).   

 

6.4.3 Cancer Research: Entering the Era of Epigenetics 

 

In this thesis, inactivating SMARCA4 mutations are identified as the major driver 

in SCCOHT. SCCOHT is a devastating disease, yet is characterized by very little 

genomic alterations, suggesting the key role of epigenetic disruption in the 

tumorigenesis of this disease. In fact, genetic mutations resulting in epigenetic 

regulation alterations have been linked to different types of cancers (Baylin and 

Jones 2011). Besides the SIW/SNF chromatin remodeling complex, somatic 

mutations have been found in DNA methyltransferase gene DNMT3A in acute 

myeloid leukemia, which altered DNA methylation activity and expression of 

genes including IDH1 (Yan et al. 2011). Inactivating mutations in SETD2, which 

is responsible for trimethylation of the histone mark H3K36, have been found in 

renal cell carcinoma (Duns et al. 2010). Mutations in histone gene H3F3A have 

been recurrently found in pediatric GBM (Schwartzentruber et al. 2012). Global 

DNA methylation profiles have shown distinct epigenetic phenotypes driven by 

these mutations (Fahiminiya et al. 2015, Fontebasso et al. 2014). However, how 

genetic alterations interact with epigenetic regulations and lead to cancer 

development remains unclear.  
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Next generation sequencing technologies facilitate the understanding of the 

epigenome. For instance, bisulfite-treated DNA coupled with high-throughput 

sequencing enables genome-wide profiling of the methylation state on single-

nucleotide level (Cokus et al. 2008). Chromatin immunoprecipitation-sequencing 

(ChIP-seq) enables the examination of the DNA-protein interactions throughout 

the genomes (Robertson et al. 2007). Concurrently, the demand of identifying 

DNA-binding sites from ChIP-seq data motivates the development of 

computational tools. In cancer research, methods that identify differential signals 

between tumor and matched normal tissue will be particularly useful. Finally, 

high-throughput technologies in the proteomic analysis will one day, unveil all the 

protein-protein interactions, and ultimately translate our knowledge in cancer 

genomics into diagnosis, prognosis and personalized medicine.  
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