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Abstract 

Approximately 3%-8% of breast cancer patients carry one defective BRCA1 or 

BRCA2 allele. While the rise of genetic testing have helped identify BRCA mutation 

carriers, the implication of certain mutations are still unknown. These comprise almost 

one third of all BRCA variants. These Variants of Unknown Significance (VUS) pose a 

challenge for clinicians and patients, since a VUS cannot guide treatment or prevention 

strategies. To solve this problem, our laboratory previously developed and validated a 

biological assay using gene expression data from EBV-transformed cell lines.  

This study adapted the previously validated assay for use in the clinic by 

converting to the NanoString nCounter platform and refining the classifier with k-TSP. 

The classifier was then applied to cell lines derived from individuals carrying novel 

BRCA1 variants to provide evidence for the pathogenicity of BRCA1 VUS. The overall 

accuracy of the resulting classifier was 92%. This classifier’s accuracy in the test set of 

samples derived from patients of KGH with known BRCA1 pathogenicity was 71%.  

This classifier provided potentially novel findings about two BRCA1 VUS: 

c.2050C>T and c.693G>A. All replicate samples tested from patient 43791 (c.2050C>T) 

and patient 43901 (c.693G>A) had a consensus prediction as not pathogenic. While these 

predictions provide new evidence towards better characterizing these BRCA1 VUS, they 

should remain as supplemental evidence that should be used in conjunction with evidence 

from other sources. Further validation incorporating additional samples is necessary to 

move this assay forward towards clinical implementation. 
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Chapter 1  

Introduction 

 

1.1 Breast cancer  

Breast cancer is the second most common cause of cancer-related deaths in 

Canadian women, and is the most prevalent cancer in women, with 25,700 expected new 

cases in 2016 [1]. With approximately 5,000 deaths in Canada due to breast cancer in 

2016 [1], it is imperative that a full understanding of the disease and strategies for 

treatment and prevention are developed. Breast cancer is a highly heterogeneous disease, 

but much work on discovering the underlying molecular mechanisms of breast cancer has 

established five main intrinsic subtypes of breast cancer: Luminal A, Luminal B, human 

epidermal growth factor 2 (HER2)-enriched, Basal-like, and Claudin-low [2–5]. While 

these subtypes of breast cancer do not encompass the entire spectrum of breast cancer as 

a disease, they account for the vast majority of heterogeneity [5]. Although the majority 

of breast cancers are sporadic in origin, 5-10% are hereditary [6]. Most of these 

hereditary breast cancers are attributed to alterations in the BRCA1 and BRCA2 genes [6], 

but can also be associated with other genes such as TP53 [7], CHEK2 [8, 9], ATM [10], 

PALB2 [11], BRIP1 [12], and PTEN [13]. Up to 80% of individuals with alterations in 

either one of the BRCA1 or BRCA2 genes develop breast cancer in their lifetime [14], so 

it is crucial to identify these individuals and develop preventive strategies to minimize 

their risk to developing disease. Investigating the gene and protein function further will 

also improve understanding of BRCA breast cancers and aid treatment strategies.  
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1.2 BRCA1 and breast cancer 

The human BRCA1 gene is a tumor suppressor gene located on chromosome 

17q21, spanning approximately 100kb of genomic DNA [15]. BRCA1 contains 5592bp of 

coding sequence, producing the breast cancer type 1 susceptibility protein (BRCA1) of 

1863 amino acids in length [16]. As a tumor suppressor, loss of function would lead to an 

increased risk of acquiring cancer. Individuals carrying one normal BRCA1 allele and one 

mutated BRCA1 allele are termed BRCA1 mutation carriers (BRCA1
+/-

). Mutation carriers 

are subject to an increased risk of cancer, notably breast and ovarian. The breast cancer 

risk for BRCA1 mutation carriers increases to approximately 65% by the age of 70, 

compared to 11% in the general population, and the ovarian cancer risk increases to 

approximately 39% by the age of 70, compared to 1.4% in the general population [17].  

Approximately 75% of breast cancers that arise from a hereditary BRCA1
+/-

 

background are of the basal-like subtype, or display a triple-negative phenotype, or both 

[18]. A triple-negative phenotype indicates that the breast cancer lacks expression of 

estrogen receptor (ER), progesterone receptor (PR), and HER2, therefore its growth is 

independent of these factors. Triple-negative, basal-like, and BRCA1-mutated breast 

cancers share many commonalities, including the tendency to be aggressive and affect 

young women [5]. For example, triple-negative breast cancers account for 15% of all 

breast cancers and tend to be the most aggressive, have poor prognosis and shorter time 

to recurrence [19, 20]. Given the aggressive nature of BRCA1-mutated breast cancer with 

poor prognosis and fewer treatment options due to a lack of therapeutic hormone 

receptors, it is essential to identify BRCA1 mutation carriers and focus on preventive 

measures to help overcome the disease. Additionally, much work has gone into 
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understanding the structure and function of the BRCA1 protein, and how its interactions 

may explain the greatly heightened risk of breast and ovarian cancers that BRCA1
 (+/-)

 

mutation carriers are susceptible to developing.  

 

1.3 BRCA1 structure and function 

The BRCA1 protein contains two highly conserved domains at the N-terminus 

and C-terminus [21] (Figure 1). The N-terminus contains a RING domain spanning 

amino acid residues1-109, which is comprised of a RING finger from residues 23-76, and 

two flanking alpha helices [22]. These helices interact with the helices flanking the RING 

domain of BARD1, resulting in a BRCA1/BARD1 heterodimer stabilized by the four-

helix bundle [22, 23]. This BRCA1/BARD1 heterodimer displays E3 ubiquitin ligase 

activity primarily through the formation of lysine-6-linked polyubiquitin chains [23]. 

Ubiquitination is a three-step process involving an E1 ubiquitin-activating enzyme, an E2 

ubiquitin-carrier protein, and an E3 ubiquitin ligase [24]. There are over 1000 unique E3 

enzymes that are specific to their target substrates. Some downstream targets for the 

BRCA1/BARD1 heterodimer E3 ligase include autoubiquitination of itself, histone 

H2A/H2AX, CtBP (carboxy-terminal binding protein) interacting protein (CtIP) [25], γ-

tubulin [26], RNA polymerase II [27], ER-alpha [28]. A large proportion of clinically 

relevant mutations in BRCA1 are found in the RING domain, such as C61G [29], C64G, 

and others [22], which inactivate the E3 ligase enzyme activity, suggesting that the RING 

domain of BRCA1 may be crucial for its tumor suppressive function.  
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Figure 1: Schematic representation of BRCA1 protein domains and binding 

proteins.  

The BRCA1 protein is 1863 amino acids in length and contains two highly conserved 

domains at the N-terminus and C-terminus. The N-terminus RING domain contains a 

RING finger and two flanking alpha-helices, which interact with BARD1 to form a 

heterodimer involved in ubiquitination. The C-terminus contains two tandem BRCT 

domains which interacts with BACH1, CtIP, and abraxas/CCDC98 to carry out functions 

in DNA repair and cell-cycle checkpoint regulation. The SCD contains multiple serine 

and threonine residues for phosphorylation by ATM or ATR.  
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The C-terminus contains two BRCA1 C Terminus (BRCT) domains (residues 

1649-1736 and 1756-1855), which are commonly found in proteins involved in DNA 

repair and/or cell-cycle checkpoints [30, 31]. BRCT domains are phosphopeptide binding 

modules specific for phosphoserine motifs and/or phospothreonine motifs [32]. The 

BRCT domains of BRCA1 are of the first class, and are selective for phosphoserine 

residues. Specifically, the interaction of BRCA1 through its BRCT domains with 

BRCA1-associated C-terminal helicase (BACH1) helps mediate BRCA1 DNA repair[32, 

33] and is required for G2/M checkpoint control [34]. Additionally, BRCA1 interacts 

with CtIP to form a BRCA1/CtIP complex necessary for G2/M transition checkpoint after 

DNA damage [35]. BRCA1 also interacts with abraxas/CCDC98, which helps recruit 

BRCA1 to sites of DNA damage and participates in BRCA1-dependent G2/M checkpoint 

control [36]. Given the large number of cancer-predisposing mutations in both the RING 

domain and the tandem BRCT domains of BRCA1, it is likely that these domains are 

important for BRCA1 tumor suppression [37], with the central role in maintaining 

genomic integrity through repairing DNA breaks via homologous recombination (HR), 

checkpoint control, and chromatin remodeling [30, 38]. 

Due to the large size of the BRCA1 protein and its involvement in a large number 

of functions, the mechanism of how BRCA1 mutation carriers are susceptible to this 

heightened risk of breast and ovarian cancer is still unclear. The first decade of research 

after discovery of BRCA1 focused on uncovering many of its functions, and hypothesized 

that the increased risk of cancer may stem from its central role in maintaining genomic 

integrity through repairing DNA breaks via HR, checkpoint control, and chromatin 

remodeling [30, 38]. For BRCA1 mutation carriers who only carry one functional BRCA1 
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allele, it was thought that the capacity to repair DNA and maintain genomic integrity may 

be compromised enough to allow for early-onset breast and/or ovarian cancer.  

However, more recent research has been developing a hypothesis around a model 

of BRCA1 haploinsufficiency altering pathways involved in cellular differentiation and 

proliferation, leading to development of BRCA1-associated breast cancers [39–43]. To 

better understand these hypotheses and understand BRCA1’s numerous roles and 

functions, sections 1.3.1 – 1.3.3 will provide some additional background information on 

several key functions of BRCA1.  

 

1.3.1 DNA repair via homologous recombination 

The accurate repair of double-stranded breaks (DSBs) is crucial to maintaining 

genomic integrity, since inaccurate or insufficient repair can result in cellular death or 

cancer. Sites of DSBs are recognized by the Mre11-Rad50-Nbs1 (MRN) complex, which 

activates ataxia-telangiectasia mutated (ATM) kinase to phosphorylate and recruit 

BRCA1 [44]. BRCA1 is recruited to the abraxas-RAP80 macro-complex [45], and 

mediates DNA repair through HR with interactions with CtIP which facilitates end 

resection to repair DSBs [46]. BRCA1 also mediates HR by recruiting partner and 

localizer of BRCA2 (PALB2), which recruits BRCA2 and in turn recruits RAD51 to 

repair DSBs [47]. BRCA1 has been shown to be necessary for HR and cells that are 

BRCA1-deficient are hypersensitive to agents that cause DSBs [48, 49], highlighting the 

important role of BRCA1 in repairing DSBs. 
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1.3.2 Cell checkpoint cycle control 

Cell cycle checkpoints are vital in ensuring cell survival to prevent damaged DNA 

from being propagated through the cell cycle. BRCA1 is involved in mediating the 

activation of the G1/S, S-phase, and G2/M cell cycle checkpoints [50]. In the G1/S 

checkpoint, BRCA1 is phosphorylated by ATM or ATR at the serine cluster domain 

(SCD), which then facilitates the phosphorylation of p53. This phosphorylation induces 

cyclin-dependent kinase inhibitor 1 (p21) transcription to induce G1/S checkpoint 

activation [51]. As for the S-phase checkpoint, BRCA1 is phosphorylated again by ATM 

or ATR, but specifically at serine-1387 or serine 1423 [52, 53], respectively, and interacts 

with proteins such as MDC1, H2AX, 53BP1, and the MRN complex to activate the S-

phase checkpoint [54]. Finally, in the G2/M checkpoint, BRCA1 is phosphorylated by 

ATM at serine-1423 to activate the checkpoint [55, 56]. In addition, BRCA1 mediates the 

phosphorylation and localization of Chk1, which is responsible for regulating the G2/M 

checkpoint [57]. Evidently, BRCA1 is heavily involved in the facilitation of cell cycle 

checkpoints and plays an integral role in maintaining genomic integrity and subsequently, 

tumor suppression.  

 

1.3.3 Chromatin remodeling 

Chromatin remodeling occurs as part of DNA DSB repair and to regulate gene 

expression. BRCA1 is a part of both BRCA1-associated genome surveillance complex 

(BASC) and a complex including the chromatin-remodeling proteins SWI/SNF [58, 59]. 

BRCA1 directly interacts with the BRG1 subunit of the SWI/SNF complex, which 

exhibits helicase and ATPase activity, and is thought to regulate transcription by 
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chromatin remodeling. Through this mechanism, it is likely that BRCA1 facilitates 

transcriptional regulation, as it was shown prior that BRCA1 acted as a coactivator in 

p53-mediated transcription [60]. BRCA1 has also been shown to bind c-Myc, a proto-

oncogene, to inhibit Myc-mediated transcription, which may explain in part the tumor 

suppressive function of BRCA1 [61]. Having a better understanding of the breadth and 

depth of functions and pathways BRCA1 plays a role in will help uncover the 

mechanisms through with BRCA1 mutation carriers develop breast and ovarian cancers. 

 

1.4 BRCA1-related tumorigenesis  

Provided the vital and multi-faceted role of BRCA1 as a tumor suppressor and in 

maintaining genomic integrity, it is common for other genetic alterations to be found 

along with a BRCA1
+/-

 genotype: a higher incidence of p53 mutations in tumors with 

BRCA1 mutations compared to tumors with wild-type BRCA1 [62, 63]; a reduction or 

loss in expression of ATM in human breast carcinomas with mutant BRCA1 compared to 

non-mutant tumors [64]; and loss of heterozygosity (LOH) of BRCA1 [65], commonly 

from a loss of the wild-type allele, resulting in a reduction of DNA repair capacity and 

allowing cells to bypass checkpoint controls, propagating genomic instability and 

facilitating tumorigenesis. Although LOH for the wild-type allele is expected for tumor 

suppressors following the two-hit hypothesis of classic tumor suppressors, a study 

examining LOH found that 11 out of 18 hereditary breast cancers showed loss of the 

mutant-allele rather than the wild-type allele, suggesting that loss of the wild-type allele 

in BRCA-associated breast cancers is not required [66]. Instead, it is suggested that 
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haploinsufficiency of BRCA1 is enough to promote genomic instability and facilitate 

tumorigenesis.  

A study using gene targeting to knock-in a pathogenic BRCA1 mutation into two 

human breast cell lines found that heterozygous BRCA1
+/-

 cell lines had a reduced 

capacity to repair DNA by HR and increased genomic instability compared to controls 

[67]. Using a mouse model, a study found that female Brca1
+/-

 mice had 3-5 fold higher 

incidence of ovarian tumors after whole-body exposure to ionizing radiation, while 

retaining both the wild-type allele and expression of Brca1 protein [68]. In addition, 

BRCA1 haploinsufficiency has been found to alter the pathways involved in cellular 

differentiation and proliferation in human breast epithelial and progenitor cells [39–41], 

which may in part explain the tendency for BRCA1-associated breast cancers to be 

skewed to the basal-subtype. Furthermore, genome-wide expression studies have found 

altered gene expression profiles in breast and ovarian epithelial cells from unaffected 

BRCA1 mutation carriers compared with healthy non-carriers [43]. BRCA1 clearly plays a 

vital role in tumor suppression; however, it is unclear which of the many functions of 

BRCA1 is directly attributable to its tumor suppressive activity, resulting in uncertainty 

for BRCA1 mutation carriers.  

 

1.5 BRCA1 mutation carriers and Variants of Unknown Significance (VUS) 

Estimated BRCA1 mutation carrier frequencies in the general Ontario population 

are between 0.23% to 0.45% [69]. Although prevalence is low, penetrance is high, as the 

breast cancer risk in BRCA1 mutation carriers increases to approximately 65% by the age 
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of 70 [17], compared to 11% in the general population. In addition, the ovarian cancer 

risk in BRCA1 mutation carriers increases to approximately 39% by the age of 70, 

compared to 1.4% in the general population [17]. Early identification of BRCA mutation 

carriers (BRCA
+/-

) can help prevent cancers in these patients with preventive surgery 

and/or chemoprevention, and at the very least provide increased surveillance [70].  

Alterations in the BRCA1 gene can occur throughout the entire coding region and 

currently are identified through genetic sequencing. Nonsense or frameshift mutations in 

the BRCA1 gene that truncate the protein and abolish protein function can be readily 

classified as pathogenic BRCA1 variants. However, other mutations that may not appear 

to alter BRCA1 function result in Variants of Unknown Significance (VUS). A VUS 

result indicates that the testing laboratory identified a genetic alteration resulting in a 

BRCA1 variant, but due to a lack of evidence, they were unable to classify this variant as 

pathogenic or benign. Individuals and their family members who harbor pathogenic 

BRCA1 mutations can benefit from risk assessment, increased surveillance and also 

preventive surgeries [71]. However, individuals found to carry a VUS cannot receive this 

benefit given to patients with deleterious mutations, and the clinician cannot use this 

information to guide treatment strategies [72]. Further, policies in the province of Ontario 

do not allow for supplementary testing of other family members of these individuals. 

Lastly, clinicians often have difficulty in communicating the VUS result to the individual, 

causing additional uncertainty and distress in the patient and unintentional pressure to 

pursue unnecessary prophylactic surgeries [73, 74].  

These VUS include missense mutations, small in-frame deletions and insertions, 

as well as alterations in non-coding intervening sequences (IVS) or in untranslated exonic 
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regions (UTRs) [75]. Previous estimates show approximately 10% of Caucasians 

undergoing genetic testing receive a VUS report [76], while rates of VUS were much 

higher, close to 40%, in African Americans [77]. Overall, of all unique variants reported 

in the Breast Cancer Information Core (BIC), approximately a third of BRCA1 variants 

reported are VUS [78, 79].  

 

1.5.1 Challenges in Characterizing Variants of Unknown Significance (VUS) 

There are currently three predominant approaches in the effort to better 

characterize VUS. Ideally, tracking of a BRCA1 VUS within an affected family and 

examining its segregation with disease would provide the most accurate information for a 

variant’s pathogenicity. However, due to the rarity of VUS and a lack of time and 

available family members for genetic testing, this method is difficult to implement 

practically [75]. In addition to this, several groups have attempted to incorporate multiple 

lines of evidence to create an overall model known as the multifactorial likelihood model 

[71, 80–82]. The multiple lines of evidence include co-segregation of the given VUS with 

disease, in silico methods to examine evolutionary conservation across species, a 

summary of personal and family history of disease, pathology profile of personal disease, 

as well as co-occurrence in trans with a deleterious mutation. The multifactorial 

likelihood model results in a likelihood probability of the VUS in question to be 

pathogenic, likely pathogenic, uncertain, likely benign, or benign, depending on the 

threshold reached [71]. However, difficulty in obtaining all lines of evidence needed also 

preclude widespread use of this model.  
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The second approach currently used to characterize VUS is the use of functional 

assays to measure BRCA1 protein function. Some current functional assays include: a 

ubiquitin ligase activity assay measuring the function of the RING domain of BRCA1 

[83]; a transcription activation assay measuring the functional capability of the C-

terminus of BRCA1 [84]; and a phosphopeptide binding assay evaluating the BRCT 

domain of BRCA1  [85–87]. While these assays have been useful in providing functional 

information, they are limited to the specific functional domains that the assays target, and 

so cannot be applied to VUS outside these functional domains. Further, the mechanism of 

BRCA1-associated cancers is still unclear, and so it is not known whether any of these 

protein functions measured by these functional assays truly represent a key tumor 

suppressing function, if there is one at all. Fortunately, there are some functional assays 

that are not domain-specific, such as the embryonic stem cell-based functional assay [88], 

and the restoration of radiation resistance assay [89, 90]. While promising, these assays 

are complex, require more work to be further validated, and as they are both time and 

labor-intensive, they have not been implemented for clinical use.  

The last approach is to take a broad overview of differences that may be seen 

through gene expression profiling, rather than focusing on BRCA1 protein function. One 

of the first studies undertaking this approach was in 2004 using cDNA microarrays and 

comparing gene expression differences in short-term breast fibroblast cell lines with or 

without germline BRCA1 mutations after exposure to DNA damage [91]. Although 

limited to 9 samples, this study was able to distinguish BRCA1 mutation carriers with an 

accuracy of 85%. However, further studies using this approach have been inconsistent 

thus far, depending on the cell types used. One study examining gene expression profiles 
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in unirradiated peripheral blood lymphocytes from 15 BRCA1 mutation carriers and 15 

non-carriers found up to 133 genes differentially expressed between the two groups [92]. 

Unfortunately, hierarchical clustering using these genes did not result in an accurate 

predictor between the two groups. Another study used a similar approach but with breast 

and ovarian epithelial cells to identify a subset of genes in both biological tissues that 

were differentially expressed between samples with and without BRCA mutations, but did 

not provide an accurate predictor [43]. A more recent study with a larger dataset 

identified 18 genes from irradiated lymphocytes that had a specificity of 95% and 

sensitivity of 88% in predicting BRCA1 and BRCA2 mutation carriers [93].  

 

1.6 Previous work in our laboratory 

Following these lines of work, previous work in our lab has been aimed towards 

developing a novel functional assay to predict BRCA1 status based on gene expression 

profiles of Epstein-Barr Virus (EBV)-transformed lymphoblastoid cell lines (LCLs). An 

assay taking this approach will not rely on analyzing BRCA1 protein function; it can be 

applied to all samples regardless of BRCA1 variant type, and can be more readily 

implemented for clinical use. Using a whole genome expression microarray dataset of 

EBV-LCLs derived from 31 BRCA1 mutation carriers and 38 non-carrier controls and the 

nearest shrunken centroids (NSC) approach [94], a predictive classifier with a gene 

signature of 43 genes was developed with an overall accuracy of approximately 95% 

[42]. In contrast to prior studies, the most accurate classifier was built on unirradiated 

EBV-LCLs, rather than after induction of DNA damage [91, 93].  
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1.7 Hypothesis 

Our laboratory has previously developed a biological assay to accurately predict 

BRCA1 mutation status, based on gene expression profiles of EBV-transformed 

lymphoblastoid cell lines. We hypothesize that this assay can be adapted for use in the 

clinic by converting to the NanoString nCounter platform, and be applied to cell lines 

derived from individuals carrying novel BRCA1 variants to provide evidence for the 

pathogenicity of BRCA1 VUS. The overall goal of this work is to assist in the effort to 

identify BRCA1 mutation carriers and help clinicians offer preventive measures and 

accurately plan treatment strategies.  

 

1.7.1 Objectives of this study 

 To adapt the original microarray-based functional assay to the NanoString 

nCounter platform for a more targeted approach.  

 To refine the predictor so that it may be more practical to implement in the 

clinical setting by utilizing the k-Top Scoring Pair method. 

 To apply the functional assay to cell lines derived from patients undergone 

genetic testing at Kingston General Hospital, and predict pathogenicity of BRCA1 

VUS.  
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Chapter 2  

Materials and Methods 

 

2.1 EBV-LCL cell culture 

Epstein-Barr Virus-transformed lymphoblastoid cell lines (EBV-LCLs) were 

obtained from NIH Breast Cancer Family Registries. Mutation status for the samples 

analyzed in this study are listed in Table S1 (Appendix A). Cells were cultured in RPMI-

1640 (Sigma-Aldrich, Oakville, ON) supplemented with non-heat inactivated 15% fetal 

bovine serum (FBS; Life Technologies, Burlington, ON) using 25cm
2
 flasks (Corning, 

Nepean, ON) at 37°C in 5% CO2 atmosphere. Cells were split in a 1:2 ratio and allowed 

to grow 24 hours prior to harvest and RNA extraction.  

 

2.2 RNA extraction 

RNA extraction was performed using GenElute Mammalian Total RNA Miniprep 

Kit (Sigma-Aldrich) following the manufacturer’s protocol. RNA was eluted into 1.5mL 

sterile microcentrifuge tubes (Axygen-Corning) using nuclease-free water (Sigma-

Aldrich). RNA quality was determined using an Agilent 2100 Bioanalyzer and samples 

with an RNA integrity number (RIN) of 7 or lower were discarded. Extracted RNA 

samples were frozen and stored at -80°C until use on NanoString nCounter.  
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2.3 NanoString nCounter gene expression profiling 

A custom CodeSet of 126 genes (Appendix B) was ordered through NanoString 

(NanoString Technologies, Seattle, WA, USA). Genes in the CodeSet included: the 

previously determined 43 gene signature [42]; BRCA1 and BRCA2; 16 genes to be used 

as controls for NanoString CodeSet normalization; and genes that were differentially 

expressed between BRCA1
+/+

 samples and BRCA1
+/-

 samples determined from prior 

studies. The 16 genes that were included as controls were genes that were stable in 

expression level between BRCA1
+/+

 samples and BRCA1
+/-

 samples at various levels of 

expression based on prior microarray data derived in our lab. The remaining 65 genes 

included in the CodeSet were genes that were determined to be differentially expressed 

between BRCA1
+/+

 samples and BRCA1
+/-

 samples from prior studies, and were also in 

agreement with the prior microarray data derived in our lab. 100ng of RNA was used for 

each NanoString reaction. 

Upon obtaining raw NanoString count data, two types of normalization were 

performed. First, positive normalization to normalize all platform-associated sources of 

variation, such as purification and hybridization conditions, was performed on raw count 

data using the provided positive control probes, according to the manufacturer’s 

recommendation. NanoString specifically includes both the hybridization probes and 

corresponding sequences for each reaction. These sequences are specific to each other 

and not found in the human genome and act as a positive control outside of the biological 

sample tested. Following the manufacturer’s guidelines, the geometric mean of the 

positive probe counts in each reaction lane is averaged across all samples. This global 

average is divided by the geometric mean in each reaction lane, to obtain the positive 
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normalization factor. This factor is applied to all the counts in each reaction lane, 

excluding control probes. Second, CodeSet normalization using genes SHC1, RAF1, and 

HDAC1 was performed using the manufacturer’s recommended guidelines. CodeSet 

normalization is used to normalize any sample-associated sources of variation, such as 

differences in sample input between technical or biological replicates. The genes SHC1, 

RAF1, and HDAC1 were selected based upon genes that were most consistent in 

expression level between all samples, for consistent normalization. The manufacturer’s 

guidelines for CodeSet normalization were followed, as outlined above for positive 

normalization. Data extraction and normalization procedures were performed using 

NanoString’s nSolver Analysis Software 2.5.  

 

2.4 Blood samples and patients 

Patients who have previously undergone genetic testing for BRCA1 status at 

Kingston General Hospital (KGH) were recruited via letter mail, electronic mail, and 

phone call from a genetic counselor (Appendix C). Informed written consent was 

obtained for each individual before participation in the study (Appendix D). The study 

protocol was approved by Queen’s University Health Sciences & Affiliated Teaching 

Hospitals Research Ethics Board (HSREB, Appendix E). Approximately 10mL of blood 

was drawn in BD Vacutainer® Acid Citrate Dextrose (ACD) Solution A tubes (Thermo 

Fisher Scientific, Ottawa, ON) by a phlebotomist. Blood samples were packaged at room 

temperature and sent to the Réseau de Médecine Génétique Appliquée (Montreal, QC) for 

EBV-transformation to generate EBV-LCLs derived from participating patients. Mutation 
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statuses for samples derived from these patients analyzed in this study are listed in Table 

S2 (Appendix A). 

 

2.5 Data analysis 

Data analysis was performed using Microsoft Excel 2010 and R Version 3.2.3. 

The nearest shrunken centroids classifier was implemented using both the Prediction 

Analysis for Microarrays (PAM) software add-in for Microsoft Excel, and the R package 

“pamr” [94]. The k-Top Scoring Pair (k-TSP) algorithm was applied using R package 

“SwitchBox” [95]. The cutoff threshold for the number of pairs required to result in a 

classification were optimized for the highest overall accuracy across each independently-

trained dataset. The various datasets utilized in this study were trained independently and 

thresholds for classification were optimized for each dataset to result in the highest 

overall accuracy.  

Training of classifiers using the microarray dataset was limited to the 43 gene 

signature identified previously, and the original 23 BRCA1 mutation carriers (BRCA1
+/-

) 

and 30 non-carrier controls (BRCA1
+/+

) from the prior study conducted by our laboratory 

[42]. This training set was preserved to maintain consistency with our previous work, so 

that when our assay was adapted to the NanoString platform, differences between the 

classifiers created could be minimized.  

Training of classifiers using NanoString data utilized 21 BRCA1
+/-

 and 28 non-

carrier controls (BRCA1
+/+

) samples. This training set of 49 samples was chosen to 

simulate the original microarray training dataset of 53 samples as close as possible in 
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both overall size and composition of the samples: 36/49 (74%) of the samples in the 

NanoString training dataset were samples present in the 53 samples used in the 

microarray training dataset. 
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Chapter 3  

Results 

 

3.1 Development of a clinically useful BRCA1 functional assay.  

3.1.1 Adaptation of the validated microarray-based NSC-trained classifier to the 

NanoString nCounter platform.  

In order to develop a clinically useful BRCA1 functional assay, the first aim was 

to adapt the previously validated microarray-based NSC-trained assay onto a suitable 

platform for clinical application, rather than the continued use of gene expression 

microarrays. The NanoString nCounter platform was selected as the platform of choice 

for improved accuracy, reproducibility and ease of use in the clinical setting. A 

NanoString-based assay can simultaneously measure the expression level of up to 800 

target genes. Since the predictive genes have been discovered through previous 

microarray work [42], the goal was to focus on these relevant genes with a targeted 

approach through NanoString, rather than a whole-genome approach using microarrays. 

NanoString digitally counts and tabulates the number of transcripts present in the sample 

based on unique fluorescent barcodes. Using this counting method reduces issues such as 

background noise and fluorescence saturation which can be present in microarrays. 

Further, it would be advantageous to create a NanoString-based assay since NanoString 

technology is being accepted as accurate and robust, and new assays such as the 

Prosigna® assay are being validated and approved for clinical use on the NanoString 

platform [96].  
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 A subset of 12 unique BRCA1 mutation carriers (BRCA1
+/-

) samples and 12 

unique non-carrier controls (BRCA1
+/+

) samples used in previous microarray work were 

randomly selected to serve as a validation test set on the NanoString platform. Technical 

replicates of 4 samples were also run to serve as controls. Previously collected microarray 

data was first transformed by dividing each gene expression value by the median 

expression value for that gene across all samples, and applying a log2-transformation. 

This was done for the NanoString data as well, so that the data can be readily compared, 

since microarray and NanoString data can differ by up to one order of magnitude, which 

would result in an uninformative classifier. This transformation helps to compare data 

from two different platforms because any changes in gene expression will be compared to 

the median gene expression from its own respective platform, where each gene 

expression data point can be plotted as greater than (+) or less than (-) the median gene 

expression level. This results in being able to plot a new sample’s gene expression data 

anywhere from -∞ to +∞ with the median gene expression level being centered at 0.  

Using the original microarray training dataset of 23 BRCA1 mutation carriers (BRCA1
+/-

) 

and 30 non-carrier controls (BRCA1
+/+

) [42], and applying this log2 gene median 

transformation to the 43 genes used in the assay, a classifier was built using NSC.  

Testing the NanoString data of 16 BRCA1
+/-

 and 16 BRCA1
+/+

 as an independent 

test set on the log2 gene median normalized microarray-based classifier resulted in 15/16 

(94%) BRCA1
+/+

 and 13/16 (81%) BRCA1
+/-

 samples correctly classified for an overall 

accuracy of 28/32 (88%) at a threshold of 0.5 (Figure 2). Exact BScore values are listed 

in Table S3. While incorrectly classified, samples WT.19841 and B.21303 were samples 

that were also misclassified on the original microarray dataset [42]. Taking this into  
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Figure 2: BScore values for NanoString samples (n=32) tested on log2 gene median 

normalized microarray-based NSC classifier. 

A BScore of 0 is the furthest classification for BRCA1
+/+

, and a BScore of 1.0 is the 

furthest classification for BRCA1
+/-

. Samples 1-16 are BRCA1
+/+

 and samples 17-32 are 

BRCA1
+/-

. Considering a BScore of 0.5 as the mid-point threshold to make a prediction, 

15/16 (94%) BRCA1
+/+

 samples were classified correctly, and 13/16 (81%) BRCA1
+/-

 

samples were classified correctly. Samples WT.19841 and B.21303 misclassified here 

were also incorrectly classified on the original microarray dataset. Considering this, a 

total of 30/32 (94%) of the NanoString test set samples reflected the results from previous 

microarray work, indicating a successful validation of the microarray-based NSC 

classifier being applied to the NanoString platform.  
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consideration, a total of 30/32 (94%) of the NanoString test samples reflected the 

outcome from previous microarray work, indicating a successful validation in that the 

microarray-based NSC classifier can be adapted to the NanoString platform.  

 

3.1.2 Refinement of classifier with k-Top Scoring Pairs lowers the number of genes 

used from 43 to 20.  

With the 43 gene classifier adapted to the NanoString nCounter platform, the next 

step in developing a clinically useful assay was to help promote easy implementation in 

the clinic. The NSC method and PAM software used to develop the 43 gene classifier is 

not intuitive or simple to use, which may restrict use of this functional assay to select 

laboratories only. To facilitate widespread application in clinics, the k-Top Scoring Pairs 

(k-TSP) method [95, 97, 98] was selected, which relies on comparing the expression level 

between predictive gene pairs. The k-TSP algorithm is an extension of the Top Scoring 

Pair (TSP) algorithm first described by Geman et al. [99], and develops a parameter-free 

classifier; this may also help overcome platform differences between microarray and 

NanoString. The TSP method focuses on classifying two groups based on a single pair of 

genes, where the expression levels of these genes would swap in rank between classes. 

The k-TSP algorithm selects the optimal k-gene pairs, where k is a positive integer, to be 

used which offers the highest overall accuracy. Using the k-TSP algorithm on the 

microarray training set of 23 BRCA1
+/-

 and 30 BRCA1
+/+

 samples resulted in a classifier 

using 10 gene pairs (Table 1). To classify a sample, each TSP asks the question: is the 

gene expression of Gene 1 > Gene 2? Each TSP would vote TRUE or FALSE, and based  
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Table 1: 10-Top Scoring Pair (TSP) classifier built on original microarray training 

set of 23 BRCA1 mutation carriers (BRCA1
+/-

) and 30 non-carrier controls 

(BRCA1
+/+

).  

10-TSP classifier offers improved accuracy using 20 genes on the microarray training set 

compared to 43 genes on the microarray-based NSC classifier. Score represents each 

individual pair’s accuracy over the entire training set.  

 

Gene Pair No. Gene higher in BRCA1+/- Gene lower in BRCA1+/- Score 

1 CSRP2 TBX21 0.759421 
2 FOXP1 PLA2G4A 0.736232 
3 MX2 CXCR3 0.726087 

4 SERPINF1 ETV7 0.692754 
5 CD24 IL18BP 0.646377 
6 IFNA5 IFNG 0.636232 
7 PXDN SLC16A10 0.618841 
8 IFIT3 LAG3 0.615942 
9 SOX4 DUSP23 0.605797 
10 FCGRT CYP1B1 0.595653 
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on the number of votes between the 10 TSPs, a sample can be classified as BRCA1
+/-

 or 

BRCA1
+/+

 (Figure 3). It was determined for this dataset, that a threshold of  > 5 votes as 

TRUE would be required to be classified as a BRCA1
+/-

, as it was the threshold with the 

best accuracy (Figure 4). The number of votes for each individual sample can be found in 

Table 2. Of note is sample B 21303 which was also misclassified on the NSC-based 

classifier in the independent NanoString validation set (Table S3), as well as the original 

microarray dataset.   

 

3.1.3 Validation of the microarray-based 10-TSP-trained classifier on the 

NanoString nCounter platform.  

Testing the NanoString data of 16 BRCA1 mutation carriers and 16 non-carrier 

controls as an independent test set on the 10-TSP classifier resulted in 14/16 BRCA1
+/+

 

(88%) and 14/16 (88%) BRCA1
+/-

 samples being correctly classified for an overall 

accuracy of 28/32 (88%) at a threshold of > 5 votes needed (Figure 5). Of note, while 

samples WT 19841 and B 21303 were misclassified here (Table 3), they were also 

previously misclassified both in the original microarray dataset [42], as well as in the 

independent NanoString validation test set from the log2 gene median training 

microarray-based NSC classifier (Table S3).  
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Figure 3: Votes of 10-TSP classifier on the microarray training set of 23 BRCA1 

mutation carriers (BRCA1
+/-

) and 30 non-carrier controls (BRCA1
+/+

).  

At a threshold of > 5 votes as TRUE needed to be classified as BRCA1
+/-

, 29/30 (97%) 

BRCA1
+/+

 samples were correctly classified, and 21/23 (91%) BRCA1
+/-

 samples were 

correctly classified. Misclassified samples are labelled with an arrow. Dark grey = TRUE 

vote, light grey = FALSE vote. 
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Figure 4: Overall accuracy of microarray-based 10-TSP classifier across possible 

thresholds.  

At the threshold of > 5 votes as TRUE needed to be classified as BRCA1
+/-

, 29/30 (97%) 

BRCA1
+/+

 samples were correctly classified, and 21/23 (91%) BRCA1
+/-

 samples were 

correctly classified.  
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Table 2: Total number of TRUE votes for each sample on the microarray training 

set of 23 BRCA1
+/-

 samples and 30 BRCA1
+/+

 samples.  

Samples that have 5 or more TRUE votes from any of the 10 pairs are predicted to be 

“BRCA1” (BRCA1
+/-

), and samples with less than 5 TRUE votes are predicted to be 

“WT” (BRCA1
+/+

).  

 

Sample # of TRUE 
votes 

Predicted 
Class 

Correct 
(Y/N) 

Sample # of TRUE 
votes 

Predicted 
Class 

Correct 
(Y/N) 

WT.20427 1 WT Y B.33139 7 BRCA1 Y 

WT.22029 0 WT Y B.25453 8 BRCA1 Y 

WT.20429 3 WT Y B.14703 9 BRCA1 Y 

WT.19842 1 WT Y B.19018 3 WT N 

WT.20666 1 WT Y B.27129 10 BRCA1 Y 

WT.22026 3 WT Y B.15285 10 BRCA1 Y 

WT.19490 2 WT Y B.15737 7 BRCA1 Y 

WT.19850 0 WT Y B.14663 10 BRCA1 Y 

WT.21535 0 WT Y B.12928 8 BRCA1 Y 

WT.21360 1 WT Y B.27348 7 BRCA1 Y 

WT.20222 1 WT Y B.18318 6 BRCA1 Y 

WT.19997 1 WT Y B.24262 10 BRCA1 Y 

WT.22027 2 WT Y B.14834 10 BRCA1 Y 

WT.20223 0 WT Y B.14832 9 BRCA1 Y 

WT.19999 1 WT Y B.17653 7 BRCA1 Y 

WT.19636 2 WT Y B.15268 8 BRCA1 Y 

WT.26214 4 WT Y B.16236 5 BRCA1 Y 

WT.21198 4 WT Y B.26842 10 BRCA1 Y 

WT.20000 1 WT Y B.18700 9 BRCA1 Y 

WT.20220 5 BRCA1 N B.13416 9 BRCA1 Y 

WT.19848 0 WT Y B.21303 2 WT N 

WT.19992 1 WT Y B.27636 10 BRCA1 Y 

WT.21202 2 WT Y B.13135 10 BRCA1 Y 

WT.22012 0 WT Y     

WT.21206 1 WT Y     

WT.19641 3 WT Y     

WT.20425 0 WT Y     

WT.20664 0 WT Y     

WT.19487 0 WT Y     

WT.19639 1 WT Y     

Total 
Correct 

29/30 
(97%)  

 Total 
Correct 

21/23 
(91%) 

  

Combined 
Total 

50/53 
(94%)  
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Figure 5: Votes of NanoString test set on microarray-based 10-TSP classifier.  

At a threshold of > 5 votes as TRUE needed to be classified as BRCA1
+/-

, 14/16 (88%) 

BRCA1
+/+

 samples were correctly classified, and 14/16 (88%) BRCA1
+/-

 samples were 

correctly classified. Misclassified samples are labelled with an arrow. Dark grey = TRUE 

vote, light grey = FALSE vote. 
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Table 3: Number of TRUE votes for each sample in the NanoString test set.  

Samples that have 5 or more TRUE votes from any of the 10 pairs are predicted to be 

“BRCA1” (BRCA1
+/-

), and samples with less than 5 TRUE votes are predicted to be 

“WT” (BRCA1
+/+

). “.same” denotes the same RNA sample was used as a control to 

measure the potential level of variability on the NanoString platform. “.re” denotes that 

the sample was re-extracted from cell lines as an additional control to assess the accuracy 

of the classifier.  

 

Sample # of 
TRUE 
votes 

Predicted 
Class 

Correct 
(Y/N) 

Sample # of 
TRUE 
votes 

Predicted 
Class 

Correct 
(Y/N) 

WT.19492 8 BRCA1 N B.12928 10 BRCA1 Y 

WT.19640 2 WT Y B.14023 8 BRCA1 Y 

WT.19841 7 BRCA1 N B.14643 10 BRCA1 Y 

WT.19848 2 WT Y B.14643.same 8 BRCA1 Y 

WT.19850 0 WT Y B.14643.re 7 BRCA1 Y 

WT.19997 1 WT Y B.14832 9 BRCA1 Y 

WT.19997.same 1 WT Y B.15285 10 BRCA1 Y 

WT.19997.re 3 WT Y B.15736 9 BRCA1 Y 

WT.19998 3 WT Y B.18700 8 BRCA1 Y 

WT.19998.same 3 WT Y B.21303 1 WT N 

WT.19998.re 2 WT Y B.22893 8 BRCA1 Y 

WT.20000 2 WT Y B.27129 7 BRCA1 Y 

WT.20428 2 WT Y B.27131 4 WT N 

WT.20657 2 WT Y B.27636 9 BRCA1 Y 

WT.20664 0 WT Y B.27636.same 9 BRCA1 Y 

WT.21368 2 WT Y B.27636.re 9 BRCA1 Y 

Total Correct 14/16 
(88%)  

 Total Correct 14/16 
(88%) 

  

Combined Total 28/32 
(88%)  
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3.1.4 Predicting pathogenicity of KGH samples with VUS using microarray-based 

10-TSP-trained classifier resulted in a skew towards BRCA1
+/+

 .  

One of the main goals of developing a clinically useful BRCA1 assay is to better 

characterize Variants of Unknown Significance (VUS) in BRCA1. Due to the lengthy 

process of patient recruitment and subsequent EBV-transformation to obtain EBV-LCLs, 

the first NanoString cartridge with patient-derived samples included only six unique 

samples in duplicate: 1 WT, 2 VUS and 3 BRCA1
+/-

. Data derived from these samples 

were applied as a test set on the microarray-based 10-TSP classifier (Figure 6). Based on 

our previously set threshold of > 5 votes needed to be classified as BRCA1
+/-

, all six 

samples here were classified as BRCA1
+/+

 (Table 4). While the sole WT sample included 

is classified correctly, all 3 BRCA1
+/-

 samples were misclassified. It is possible that there 

were technical issues with this independent test set of KGH samples, because the 

classification trend is heavily skewed towards BRCA1
+/+

, with many of the gene pairs 

unequivocally voting as FALSE (CSRP2>TBX21, MX2>CXCR3, SERPINF1>ETV7, 

IFIT3>LAG3). 

 

3.2 Overcoming platform adaptations by re-developing the BRCA1 classifier solely 

on NanoString.  

3.2.1 NanoString-based NSC-trained classifier uses 10 genes and exhibits 

comparable accuracy to original 43 gene microarray-based NSC classifier.  

To overcome the need to adapt the assay from the microarray platform to the 

NanoString platform, the next aim was to re-build the classifier by using a similarly sized  
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Figure 6: Votes of KGH patient samples on 10-TSP classifier.  

At a threshold of > 5 votes as TRUE needed to be classified as BRCA1
+/-

, 1/1 (100%) 

BRCA1
+/+

 samples was correctly classified, and 0/3 (0%) BRCA1
+/-

 samples were 

correctly classified. “.same” denotes the same RNA sample was used as a control to 

measure the potential level of variability on the NanoString platform. Dark grey = TRUE 

vote, light grey = FALSE vote.  
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Table 4: Number of TRUE votes for each sample in the KGH test set.  

Samples that have 5 or more TRUE votes from any of the 10 pairs are predicted to be 

“BRCA1” (BRCA1
+/-

), and samples with less than 5 TRUE votes are predicted to be 

“WT” (BRCA1
+/+

). “.same” denotes the same RNA sample was used as a control to 

measure the potential level of variability on the NanoString platform.  

 

Status Sample # of 

TRUE 

votes 

Predicted 
Class 

Correct 
(Y/N) 

Sample # of 

TRUE 

votes 

Predicted 
Class 

Correct 
(Y/N) 

WT 43813_1 0 WT Y 43813_1.same 0 WT Y 

VUS 43791_1 0 WT N/A 43791_1.same 0 WT N/A 

VUS 43901_1 2 WT N/A 43901_1.same 3 WT N/A 

BRCA1 37939_1 3 WT N 37939_1.same 3 WT N 

BRCA1 43780_1 0 WT N 43780_1.same 1 WT N 

BRCA1 43857_1 0 WT N 43857_1.same 1 WT N 
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NanoString-based dataset to train a classifier. A subset of samples that were originally 

used to build the microarray-based classifier were re-extracted from cell lines and 

assayed through NanoString to obtain a training set of 21 BRCA1
+/-

 and 28 BRCA1
+/+

 

samples. Instead of limiting the classifier to be trained on the 43 gene signature used 

previously, all 126 genes that were measured using NanoString were subject to NSC, to 

reassess the 43 gene signature and potentially incorporate genes that could result in a 

classifier with improved accuracy. Doing so resulted in three shrinkage thresholds at 

which misclassification errors were minimized at 6 errors: a threshold of 2.188 using 10 

genes, a threshold of 2.298 using 8 genes, and a threshold of 2.407 using 6 genes (Figure 

7). Exact numbers for these thresholds can be found in Table S4. The number of genes 

used at each threshold varies because as the thresholds increase, individual gene scores 

decrease and are eliminated from the classifier when they are shrunken until zero. The 

threshold of 2.188 was selected moving forward as it minimized the errors on the training 

set while including more relevant genes. The list of genes used in this classifier is shown 

in Table 5, and the individual probabilities for the training set are shown in Figure 8. 

Exact BScore values are listed in Table S5. At this threshold, misclassified samples 

included WT.20000, WT.21198, B.12928, B.14832, B.18700, and B.21303. Of these, 

WT.21198 and B.21303 were misclassified in the original microarray dataset [42], and 

B.21303 was also misclassified in the independent NanoString validation set for the 

NSC-based classifier (Figure 2/Table S3), and also on the k-TSP-based classifier (Table 

3).  
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Figure 7: Shrinkage thresholds for NSC classifier built on NanoString-based 

training set of 21 BRCA1 mutation carriers (BRCA1
+/-

) and 28 non-carrier controls 

(BRCA1
+/+

) using 126 genes.  

As the threshold is increased, gene scores decrease and are eliminated as they reach zero, 

decreasing the total number of genes used in a classifier at a higher threshold. Box 

highlights the thresholds at which training set classification error is minimized.  
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Table 5: List of genes used in NanoString-based NSC classifier at a threshold of 

2.188, ordered by relative weight.  

No. id 0-score 1-score Gene Source 

1 TBX21 0.1219 -0.1625 43 Gene Signature 
2 UBD 0.0885 -0.118 43 Gene Signature 
3 ZBTB38 0.0846 -0.1128 43 Gene Signature 
4 LAG3 0.0713 -0.095 43 Gene Signature 
5 FYN 0.0693 -0.0925 43 Gene Signature 
6 HLA-DMB 0.0513 -0.0684 43 Gene Signature 
7 NR3C1 0.021 -0.0281 Dr. Mueller Lab 
8 RHOA 0.0182 -0.0243 Control 
9 CXCR3 0.0056 -0.0074 43 Gene Signature 

10 C19orf53 2.00E-04 -2.00E-04 Vuillaume et al. Lymphocytes [92] 
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Figure 8: BScore values for NanoString-based NSC classifier with a shrinkage 

threshold of 2.188 on the training set (n = 49). 

A BScore of 0 is the furthest classification of BRCA1
+/+

, and a BScore of 1.0 is the 

furthest classification of BRCA1
+/-

. Samples 1-4 are BRCA1
+/+

, samples 5-12 are BRCA1 

VUS and samples 13-32 are BRCA1
+/-

. Considering a BScore threshold of 0.5 to be 

classified as BRCA1
+/-

, nearly all samples were predicted to be BRCA1
+/+

. 

 

 

 

 

 

 

 

 



 38   

 

3.2.2 Predicting pathogenicity of KGH samples with VUS using NanoString-based 

NSC-trained classifier using 10 genes at a threshold of 2.188 is skewed to BRCA1
+/+

.  

Applying the KGH samples as an independent test set on the NanoString-based 

NSC-trained classifier resulted in most of the KGH samples to be predicted as BRCA1
+/+

 

(Figure 9). Exact BScore values are listed in Table S6. The first duplicate of a BRCA1
+/+

 

sample, 43813_1 and 43813_1.same were classified correctly, but the re-extracted 

duplicate of 43813_2 and 43813_2.same were misclassified. Replicates of VUS sample 

43791 (c.2050C>T) was predicted to be pathogenic, except for 43791_2.same, while 

VUS sample 43901 (c.693G>A) had a consensus prediction to be pathogenic. Nearly all 

replicates of BRCA1
+/-

 samples had probabilities predicting incorrectly to be not 

pathogenic, with the exception of samples 37939_1.same and 37939_2. This skew 

towards BRCA1
+/+

 classification was also observed in the 10-TSP classification trained on 

microarray data in section 3.1.4. Testing on the EBV-transformed LCLs from KGH 

patient samples were skewed in both test sets for the two different classifiers. It is 

probable that technical issues were affecting these test sets of KGH samples in both 

cases, causing this skew in classification.  

 

3.2.3 Limiting the training dataset for the NanoString-based NSC classifier to 

original 43 gene signature results in fewer misclassification errors.  

The NSC classifier built on the NanoString-based training set using 126 genes in 

section 3.2.1 was skewed towards BRCA1
+/+

 in the test set of EBV-LCLs derived from 

KGH patient samples, incorrectly classifying most BRCA1
+/-

 samples as BRCA1
+/+

 using 
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Figure 9: BScore values for NanoString-based NSC classifier with a shrinkage 

threshold of 2.188 on the test set of samples derived from patients from KGH 

(n=32). 

A BScore of 0 is the furthest classification of BRCA1
+/+

, and a BScore of 1.0 is the 

furthest classification of BRCA1
+/-

. Samples 1-4 are BRCA1
+/+

, samples 5-12 are BRCA1 

VUS and samples 13-32 are BRCA1
+/-

. Considering a BScore threshold of 0.5 to be 

classified as BRCA1
+/-

, nearly all samples were predicted to be BRCA1
+/+

. 
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a threshold of 2.188. This may have been in part by including genes that were not 

providing accurate information in classifying between BRCA1
+/+

 and BRCA1
+/-

 samples. 

To improve the NSC classifier, another classifier was built on the NanoString-based 

training set but limiting the genes used to the initial 43 gene signature [42]. This new 

classifier had a range of thresholds at which misclassification errors were minimized, 

utilizing 14 to 21 genes (Figure 10). Exact numbers for these thresholds can be found in 

Table S7. The threshold of 0.560 was selected moving forward as it offers the best overall 

accuracy while utilizing more relevant genes. The list of 21 genes used in the classifier is 

shown in Table 6. At the threshold of 0.560, 25/28 (89.3%) BRCA1
+/+

 samples were 

correctly classified, and 20/21 (95.2%) BRCA1
+/-

 samples were correctly classified 

(Figure 11). Exact BScore values are listed in Table S8. Misclassified samples included 

WT.19492, WT.21198, WT.26214, and B.21303. Of these, WT.21198, WT.26214, and 

B.21303 were misclassified in the original microarray dataset [42].  Samples WT.19492 

and B.21303 were also misclassified on the k-TSP-based classifier (Table 3) and B.21303 

was further misclassified in the independent NanoString validation set for the NSC-based 

classifier (Table S3). Interestingly, the BScore values resulting from this 21-gene 

classifier at a threshold of 0.560 were greater in the degree of separation of classification 

than the 10-gene NSC classifier at a threshold of 2.188 built from section 3.2.1; the 

average BScore weight was 0.82 (Table S8) across all samples, compared to 0.61 (Table 

S5), respectively. This indicates that the new NSC classifier built by limiting the number 

of genes to the initial 43 gene signature [42] may have removed the genes that were not 

informative in section 3.2.1, resulting in a classifier with a higher degree of confidence.  
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Figure 10: Shrinkage thresholds for NSC classifier built on NanoString-based 

training set of 21 BRCA1 mutation carriers (BRCA1
+/-

) and 28 non-carrier controls 

(BRCA1
+/+

) using 43 genes.  

As the threshold is increased, gene scores decrease and are eliminated as they reach zero, 

decreasing the total number of genes used in a classifier at a higher threshold. Box 

highlights the thresholds at which training set classification error is minimized.  
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Table 6: List of genes used in NanoString-based NSC classifier at a threshold of 

0.560 based on the 43 gene signature, ordered by relative weight. 

No. Gene 0-score 1-score 

1 TBX21 0.3329 -0.4438 
2 UBD 0.295 -0.3934 
3 ZBTB38 0.2901 -0.3869 
4 LAG3 0.2787 -0.3716 
5 FYN 0.2756 -0.3674 
6 HLA-DMB 0.2575 -0.3433 
7 CXCR3 0.2148 -0.2865 
8 BCR 0.165 -0.22 

9 CD24 -0.1523 0.2031 
10 CYP1B1 0.1036 -0.1381 
11 FOXP1 -0.0953 0.1271 
12 GLDC 0.0896 -0.1195 
13 SLC16A10 0.0813 -0.1084 
14 PXDN -0.0696 0.0928 
15 PLA2G4A 0.0642 -0.0856 
16 MMP7 0.0333 -0.0444 
17 MX2 0.0318 -0.0424 
18 IFIT2 0.0232 -0.0309 
19 IFI44L 0.0223 -0.0297 
20 USP18 0.0068 -0.0091 

21 DUSP23 0.0058 -0.0078 
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Figure 11: BScore values for NanoString-based NSC classifier with a shrinkage 

threshold of 0.560 on training set (n = 49). 

A BScore of 0 is the furthest classification of BRCA1
+/+

, and a BScore of 1.0 is the 

furthest classification of BRCA1
+/-

. Samples 1-4 are BRCA1
+/+

, samples 5-12 are BRCA1 

VUS and samples 13-32 are BRCA1
+/-

. Considering a BScore threshold of 0.5 to be 

classified as BRCA1
+/-

, nearly all samples were predicted to be BRCA1
+/+

. 
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3.2.4 Predicting pathogenicity of KGH samples with VUS using Nanostring-based 

NSC-trained classifier subject to 43 genes performs better than the NSC-trained 

classifier subject to 126 genes.  

Applying the KGH samples as an independent test set on the NanoString-based 

NSC-trained classifier built on 43 genes resulted in more informative and less skewed 

classifications than the predictions from the NSC classifier subject to additional genes 

outside of the original 43 gene signature from section 3.2.1 (Figure 9). Probabilities of the 

KGH samples tested on the NanoString-based NSC-trained classifier built on 43 genes 

are shown in Figure 12. Exact BScore values are listed in Table S9. The first duplicate of 

a BRCA1
+/+

 sample, 43813_1 and 43813_1.same were classified correctly, but the re-

extracted duplicate of 43813_2 and 43813_2.same were misclassified. VUS sample 

43791 and VUS sample 43901 both had a consensus prediction as not pathogenic. All 

replicates of BRCA1
+/-

 samples 30954, 37939, and 43890 were correctly classified as 

pathogenic. The first duplicate of a BRCA1
+/-

 sample, 43857_1 and 43857_1.same were 

classified incorrectly, but the re-extracted duplicate of 43857_2 and 43857_2.same were 

classified correctly as pathogenic. In addition, BRCA1
+/-

 sample 43780 had three 

replicates predicting incorrectly as wild-type, and only replicate 43780_2.same was 

correctly predicted as pathogenic. Interestingly, the predicted probabilities for this sample 

43780 were closest to the threshold of 0.5 compared to all other samples tested, 

indicating that the rebuilt NSC classifier may benefit from additional tweaking to achieve 

higher overall accuracy for classifying BRCA1
+/-

 samples.   
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Figure 12: BScore values for NanoString-based NSC classifier with a shrinkage 

threshold of 0.560 on the test set of samples derived from patients from KGH (n=32) 

show improved accuracy and reduction of the BRCA1
+/+

 skew.  

A BScore of 0 is the furthest classification of BRCA1
+/+

, and a BScore of 1.0 is the 

furthest classification of BRCA1
+/-

. Samples 1-4 are BRCA1
+/+

, samples 5-12 are BRCA1 

VUS and samples 13-32 are BRCA1
+/-

. Considering a BScore threshold of 0.5 to be 

classified as BRCA1
+/-

, nearly all samples were predicted to be BRCA1
+/+

. 
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3.2.5 NanoString-based k-TSP-trained classifier subject to 126 genes results in a 3-

TSP classifier with the lowest misclassification error of any training set. 

Following previous steps at attempting to further refine the NSC classifier, the k-

TSP algorithm was applied to the NanoString training set of 21 BRCA1 mutation carriers 

(BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) using all available 126 genes, 

resulting in a classifier using 3 gene pairs (Table 7). It was determined that a threshold of 

2 > votes as TRUE would be required to be classified as a BRCA1
+/-

, as it was the 

threshold with the best accuracy (Figure 13). The specific votes for each sample are 

shown in Figure 14, and the totals are tabulated in Table 8. This 3-TSP classifier has the 

lowest misclassification error of any training set in this study, achieving an overall 

accuracy of 47/49 (96%). Misclassified samples include WT 19492 and B 21303, which 

were both misclassified on the k-TSP-based classifier (Table 3), and B 21303 was further 

misclassified in the independent NanoString validation set for the NSC-based classifier 

(Table S3), as well as the original microarray dataset [42].  

 

3.2.6 Predicting pathogenicity of KGH samples with VUS using NanoString-based  

3-TSP-trained classifier is less informative than a NSC-trained classifier.  

Applying the KGH samples as a test set on the NanoString-based 3-TSP classifier 

with a threshold of > 2 votes needed to be classified as BRCA1
+/-

 resulted in a less 

informative classifier than the NSC-trained classifier. The first TSP of ENPP2>TBX21 

was highly predictive in the NanoString training set, with an individual accuracy of 

80.4% across the entire training set (Table 7). However, when applied to the KGH test 

set, ENPP2>TBX21 voted FALSE unanimously across all samples (Figure 15).  
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Table 7: 3-Top Scoring Pair classifier built on NanoString training set of 21 BRCA1 

mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) using 126 

genes.  

This classifier uses the fewest genes and has the lowest classification error of any training 

set. Score represents each individual pair’s accuracy over the entire training set.  

 

Gene Pair No. Gene higher in BRCA1+/- Gene lower in BRCA1+/- Score 

1 ENPP2 TBX21 0.803573 
2 WRN FYN 0.702382 
3 CD24 LAG3 0.678573 
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Figure 13: Overall accuracy of NanoString-based 3-TSP classifier across possible 

thresholds.  

At the threshold of > 2 votes as TRUE needed to be classified as BRCA1
+/-

, 27/28 

(96.4%) BRCA1
+/+

 samples were correctly classified, and 20/21 (95.2%) BRCA1
+/-

 

samples were correctly classified.  
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Figure 14: Votes of 3-TSP classifier on the NanoString training set of 21 BRCA1 

mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) on 126 genes.  

At the threshold of > 2 votes as TRUE needed to be classified as BRCA1
+/-

, 27/28 

(96.4%) BRCA1
+/+

 samples were correctly classified, and 20/21 (95.2%) BRCA1
+/-

 

samples were correctly classified. Misclassified samples are labelled with an arrow. Dark 

grey = TRUE vote, light grey = FALSE vote. 
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Table 8: Number of TRUE votes for each sample, with predicted classes at the 

threshold of > 2 votes as TRUE to be classified as a BRCA1
+/-

.  

Samples that have 2 or more TRUE votes from any of the 3 pairs are predicted to be 

“BRCA1” (BRCA1
+/-

), and samples with less than 2 TRUE votes are predicted to be 

“WT” (BRCA1
+/+

).  

Sample # of 
TRUE 
votes 

Predicte
d Class 

Correct 
(Y/N) 

Sample # of 
TRUE 
votes 

Predicted 
Class 

Correct 
(Y/N) 

WT.19490 1 WT Y B.12928 3 BRCA1 Y 

WT.19492 3 BRCA1 N B.14023 3 BRCA1 Y 

WT.19640 1 WT Y B.14643 3 BRCA1 Y 

WT.19641 0 WT Y B.14663 3 BRCA1 Y 

WT.19841 0 WT Y B.14832 3 BRCA1 Y 

WT.19842 0 WT Y B.15268 3 BRCA1 Y 

WT.19848 0 WT Y B.15285 3 BRCA1 Y 

WT.19850 0 WT Y B.15736 3 BRCA1 Y 

WT.19992 1 WT Y B.15737 2 BRCA1 Y 

WT.19997 1 WT Y B.17653 3 BRCA1 Y 

WT.19998 0 WT Y B.18318 3 BRCA1 Y 

WT.20000 1 WT Y B.18700 3 BRCA1 Y 

WT.20220 1 WT Y B.21303 1 WT N 

WT.20425 1 WT Y B.22893 3 BRCA1 Y 

WT.20428 1 WT Y B.24262 3 BRCA1 Y 

WT.20657 0 WT Y B.26842 2 BRCA1 Y 

WT.20664 0 WT Y B.26950 3 BRCA1 Y 

WT.20666 0 WT Y B.27129 3 BRCA1 Y 

WT.21198 1 WT Y B.27131 3 BRCA1 Y 

WT.21202 0 WT Y B.27348 3 BRCA1 Y 

WT.21206 1 WT Y B.27636 3 BRCA1 Y 

WT.21360 1 WT Y     

WT.21368 1 WT Y     

WT.21535 0 WT Y     

WT.22026 0 WT Y     

WT.22027 1 WT Y     

WT.22029 0 WT Y     

WT.26214 1 WT Y     

Total 
Correct 27/28 (96%)  

 Total 
Correct 

20/21 
(95%) 

 

Combined 
Total 47/49 (96%)  
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Figure 15: Votes of KGH test set on NanoString trained 3-TSP classifier.  

At a threshold of > 2 votes as TRUE needed to be classified as BRCA1
+/-

, 1/1 (100%) 

BRCA1
+/+

 samples was correctly classified, and 1/5 (20%) BRCA1
+/-

 samples were 

correctly classified. “_1”, “_2”, and “_3” refer to replicates of the same cell line but 

extracted separately. “.same” indicates that the same RNA sample was used as an 

identical replicate. Dark grey = TRUE vote, light grey = FALSE vote. 

 

 

 

 

 



 52   

 

Considering the threshold of > 2 votes as TRUE, all replicates of the BRCA1
+/+

 

sample 43813 were classified correctly as not pathogenic, and VUS sample 43791would 

also be predicted to be not pathogenic. The first duplicate for VUS sample 43901_1 and 

43901_1.same would be predicted to be not pathogenic, while the second duplicate for 

VUS sample 43901_2 and 43901_2.same would be predicted to be pathogenic. Further, 

replicates of BRCA1
+/-

 samples 30954 and 43857 are similar in disagreement of their 

predictions. BRCA1
+/-

 samples 37939 and 43780 are misclassified as not pathogenic, 

leaving only BRCA1
+/-

 sample 43890 to have a consensus vote to be correctly classified 

as pathogenic (Table 9). Considering these results, this study concludes that the NSC-

trained classifier is more accurate than the k-TSP classifier, and should be considered 

moving forward in the development of this BRCA1 functional assay.  

.  
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Table 9: Number of TRUE votes for each sample in the KGH test set.  

Samples that have 2 or more TRUE votes from any of the 3 pairs are predicted to be 

“BRCA1” (BRCA1
+/-

), and samples with less than 5 TRUE votes are predicted to be 

“WT” (BRCA1
+/+

). “_1”, “_2”, and “_3” refer to replicates of the same cell line but 

extracted separately. “.same” indicates that the same RNA sample was used as an 

identical replicate.  

Designation Sample # of 
TRUE 
votes 

Predicted Class Correct (Y/N) 

WT 43813_1 1 WT Y 
WT 43813_1.same 1 WT Y 

WT 43813_2 0 WT Y 
WT 43813_2.same 1 WT Y 
VUS 43791_1 0 WT N/A 
VUS 43791_1.same 0 WT N/A 
VUS 43791_2 0 WT N/A 
VUS 43791_2.same 0 WT N/A 
VUS 43901_1 1 WT N/A 
VUS 43901_1.same 1 WT N/A 
VUS 43901_2 2 BRCA1 N/A 
VUS 43901_2.same 2 BRCA1 N/A 
BRCA1 30954_1 1 WT N 
BRCA1 30954_2 2 BRCA1 Y 

BRCA1 30954_3 2 BRCA1 Y 
BRCA1 30954_3.same 1 WT N 
BRCA1 37939_1 0 WT N 
BRCA1 37939_1.same 0 WT N 
BRCA1 37939_2 1 WT N 

BRCA1 37939_2.same 1 WT N 
BRCA1 43780_1 0 WT N 
BRCA1 43780_1.same 0 WT N 
BRCA1 43780_2 0 WT N 
BRCA1 43780_2.same 0 WT N 
BRCA1 43857_1 1 WT N 

BRCA1 43857_1.same 1 WT N 
BRCA1 43857_2 2 BRCA1 Y 
BRCA1 43857_2.same 2 BRCA1 Y 
BRCA1 43890_1 2 BRCA1 Y 
BRCA1 43890_2 2 BRCA1 Y 
BRCA1 43890_3 2 BRCA1 Y 
BRCA1 43890_3.same 2 BRCA1 Y 
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Chapter 4  

Discussion 

 

BRCA1 mutation carriers are subject to an increased risk of developing breast and 

ovarian cancers, but the lack of understanding around novel BRCA1 variants, and with no 

gold standard functional assay currently to provide classification, many individuals are 

left carrying BRCA1 variants of unknown significance (VUS). This uncertainty is passed 

down from clinicians to the patients and their family members, resulting in frustrating 

situations ranging from confusion over the lack of clear information to pursuing 

unnecessary prophylactic surgeries, since a VUS cannot guide treatment or prevention 

strategies. In order to solve this problem, our laboratory previously developed a novel 

biological assay to accurately predict BRCA1 mutation status, based on gene expression 

profiles of EBV-transformed lymphoblastoid cell lines. The current study aimed to 

extend this work by adapting the previously validated classifier to be used on the newer 

platform of NanoString nCounter, which can be more readily implemented in clinics 

worldwide, and refining the classifier by applying the k-Top Scoring Pair (k-TSP) 

method. Further, the study aimed to better characterize the level of pathogenicity of 

BRCA1 VUS by assessing novel BRCA1 variants.  

The results of this study showed that the classifier with the best accuracy was 

produced using the NSC approach [94] on the 43 gene signature previously identified 

[42], using gene expression data generated from the NanoString nCounter platform. This 

classifier was selected to be the best performer out of five total created in this study; it’s 
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overall accuracy in the training set was 45/49 (92%), and it’s overall accuracy on the 

replicate samples from the KGH patient test set with known BRCA1 pathogenicity was 

17/24 (71%). Some of these inaccuracies can be possibly attributed to difficulties 

encountered with EBV-LCLs in the last batch of replicate samples, which will be 

addressed in sections 4.2 and 4.3. Nonetheless, this classifier provided potentially novel 

findings about two BRCA1 VUS: c.2050C>T and c.693G>A. All replicate samples tested 

from patient 43791 (c.2050C>T) and patient 43901 (c.693G>A) had a consensus 

prediction as not pathogenic. While these predictions provide new evidence towards 

better characterizing these BRCA1 VUS, they should remain as supplemental evidence 

that should be used in conjunction with evidence from other sources. These predictions 

should not solely dictate treatment and prevention strategies for individuals carrying these 

VUS until the assay is further validated with additional samples.  

 

4.1 Factors composing a predictive classifier 

There were two main factors that contributed to developing and adapting the 

predictive classifiers in this study: 1) the classification algorithm used; and 2) the dataset 

used to train and test the classifier. The five classifiers created in this study were 

generated using one of two different classification methods utilizing datasets that 

consisted of gene expression levels measured using two distinct technologies. 

Specifically, the two classification methods used were: 1) NSC [94]; and 2) k-TSP [97, 

98]. The two technologies used to measure gene expression from EBV-LCLs were 

whole-genome expression microarrays and NanoString nCounter, resulting in a 

microarray dataset of 69 samples without replicates, and a NanoString dataset of 89 
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samples which included replicate samples. What follows is a discussion around these 

factors that played a role in composing the final predictive classifier.  

 

4.1.1 NanoString nCounter as the platform of choice over microarrays 

Previous work in our laboratory utilized whole genome expression microarrays to 

evaluate changes across the whole genome to understand the differences between 

BRCA1
+/+

 individuals and BRCA1
+/-

 mutation carriers. A 43 gene signature of BRCA1 

haploinsufficiency was discovered and validated to be highly predictive of BRCA1 

mutation status in an independent test set using the NSC classification approach.  

Moving forward with the present study to fulfill the overall goal of this work in 

creating a novel supplemental biological assay that is clinically relevant, the NanoString 

nCounter platform was selected as superior over using whole-genome expression 

microarrays. Relative to whole genome expression microarrays, the advantages of the 

NanoString platform include: improved accuracy, less sample required, and ease of use. 

The disadvantages of the NanoString platform compared to whole-genome expression 

microarrays include: the number of genes that can be measured for a given sample is 

limited to 800, and the price and accessibility of the NanoString platform is less 

obtainable due to its relative novelty as a technology. Ultimately, the NanoString 

nCounter platform was selected over the whole-genome expression because the relevant 

genes composing the 43 gene signature were previously filtered and validated as the most 

predictive for our assay; therefore, it was more efficient to utilize NanoString’s targeted 

approach rather than measuring the gene expression of the whole genome with the use of 
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microarrays, as well as leveraging the ease of use of this platform for easier clinical 

implementation. Lastly, in this current study, the classifiers generated using NanoString 

data demonstrated higher overall accuracy in the training sets when classifying between 

BRCA1
+/+

 and BRCA1
+/-

 than classifiers generated using microarray data.  

One of the advantages of NanoString over microarrays is that the amount of 

biological sample required is smaller, which is significant when considering the lengthy 

process of gathering blood from patients, transforming B cells into EBV-LCLs, and 

finally extracting RNA for analysis on NanoString, where quantity of sample is lost at 

each stage. Additionally, for data cleaning and consistency, NanoString offers built-in 

technical controls, where non-mammalian probes are intrinsically tied to each experiment 

to ensure the volume of sample used in each run can be normalized against. Further, a 

NanoString user can specify which genes act as biological controls: genes whose 

expression levels do not change between sample classes, such as BRCA1
+/+

and BRCA1
+/-

, 

or with other treatment conditions. Normalization for both these cases is easy to 

implement and consistent across multiple cartridge uses when using the NanoString 

nSolver™ software. Outside of improved accuracy, another advantage of NanoString is 

the ease of replicability across various laboratories [96]. Since the specific probes for our 

genes of interest in the CodeSet were designed and manufactured by NanoString, it 

should allow for consistent analyses at other labs worldwide with the NanoString 

nCounter platform. However, a notable downside is that because NanoString is a 

relatively new platform, it may be difficult for some labs to afford and acquire it for 

experimentation or clinical testing.  
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Overall, NanoString is proving to be a platform that is not only accurate, but 

easily clinically implemented, which is the goal of our novel assay. This decision to use 

NanoString over microarrays is reflected with the Prosigna® (formerly PAM50) test; an 

assay initially developed on microarrays and later adapted to NanoString due to its 

accurate technology and widespread clinical applicability. 

 

4.1.2 Nearest shrunken centroids (NSC) over k-Top Scoring Pairs (k-TSP) 

Of the two classifiers developed using NanoString nCounter measurements: one 

was trained using NSC with the whole set of 126 genes; the second was trained using k-

TSP on the whole set of 126 genes. Both of these performed well, but less optimally than 

the final classifier. The final classifier trained on the original 43 gene signature using 

NSC likely performed better than the NSC-trained classifier on the whole set of 126 

genes because the 43 gene signature had been previously validated, and likely contained 

the relevant predictive genes for BRCA1 pathogenicity. Including the whole set of 126 

genes over the 43 gene signature adds on an additional 83 genes that NSC filters through, 

and may add confounding genes that may lead to a less accurate classifier, which is likely 

the case here.  

As for the k-TSP classifier trained using 126 genes measured with NanoString, 

the overall accuracy on the training set was the highest out of all the classifiers in this 

study by correctly classifying 47/49 (96%) samples. However, to achieve this accuracy, 

the k-TSP classifier was limited to querying only 6 genes, raising concerns about an over-

fitting of the assay in this k-TSP trained classifier compared to the other four classifiers. 
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Such a low number of genes used may over-simplify and create a bias in the classifier, 

and when combined with the relatively simple nature of the k-TSP decision-making 

through the majority number of votes, the boundaries between classifying a given sample 

as BRCA1
+/+

 or BRCA1
+/-

 were small; with 6 genes making up 3 top-scoring pairs, it 

became a best 2 out of 3 majority vote to classify a given sample. This small boundary 

between the classes may have resulted in this classifier being less informative when it 

came to the independent test set of samples derived from patients recruited through KGH, 

which had a lower overall accuracy compared to the training set samples. Upon further 

investigation of the absolute differences in gene expression levels for the predictive gene 

pairs, it was found that the differences were rather small, and a slight difference may have 

altered a sample’s classification from one class to the other, since the final 3-TSP 

classifier was based on a best two-out-of-three scenario. However, a caveat for the k-TSP 

algorithm is that the nature of this method is to pick the most predictive top-scoring gene 

pairs for a given input training dataset, and while this ideally should carry over to an 

independent test set, it should not be expected to always perform with the same accuracy 

as the training set.  

Ultimately, it was decided that the approach of NSC would be used for the assay 

due to being superior over k-TSP in terms of overall accuracy and less potential for bias. 

While the k-TSP approach was accurate, the nature of the algorithm is to focus on overall 

predictive accuracy with less capability to capture the biological significance of the 

various genes in our 43 gene signature. However, this is not to say that k-TSP is not a 

useful approach to classification. 4 out of the 6 genes in the 6-TSP classifier were genes 

that were in the top 10 of the final NanoString-based NSC classifier, demonstrating that 
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k-TSP may be a worthwhile method, but perhaps the shortcomings come in the form of 

its relatively simple voting classification system. 

Revisiting the goal of the present study to create a novel supplemental biological 

assay that is clinically relevant, ideally the assay would create a positive clinical impact 

and assist clinicians and patients alike by providing a concrete “yes” or “no” answer to 

the question of pathogenicity of novel BRCA1 VUS. However, it is entirely possible that 

it may not be so simple to do so, especially with the current approaches of NSC and k-

TSP as described in 3.1.2. Overall, the results of this study show that the k-TSP algorithm 

on NanoString generated data is accurate, but limited with the relative simplicity of its 

voting classification system. Using the NSC approach with PAM, the predictions provide 

a score ranging from 0 to 1. This approach allows for greater flexibility for thresholds at 

which predictions are made, but the fact remains that there can be some confidence 

intervals for level of pathogenicity of a given VUS, leading to a lack of confidence in 

predictions when made in between these confidence intervals. Overall, the evidence point 

toward NSC as the preferred approach when moving this assay to the clinic. First, NSC 

was superior in overall accuracy across both the training dataset as well as the test set of 

VUS samples. The final 6-TSP assay had a gene pair of ENPP2>TBX21 as an 

uninformative gene pair when applied to the test set of VUS samples, raising concern of 

not only the 6-TSP assay but of the samples derived from patients from KGH. Second, 

considering the relative risks of an incorrect classification, while false negatives for 

BRCA1 haploinsufficiency would be a greater concern than false positives, both cases of 

misclassification are undesirable. In the present study, the NSC classifier utilized 21 

genes and had an overall accuracy in the training set of 45/49 (92%) with 17/24 (71%) 
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correct in the test set, while the k-TSP used 6 genes and had an overall accuracy in the 

training set of 47/49 (96%) and 12/24 (50%) correct in the test set. Considering this, the 

NSC approach is superior to k-TSP due to its spectrum-like classification on a scale from 

0 to 1, as well as the higher number of genes utilized in the classifier, which may have 

helped reduce bias and improve accuracy in the independent test set. Ultimately, this 

study utilized a relatively small sample size to develop these classifiers; therefore, 

additional samples as well as incorporating additional machine learning algorithms may 

help improve this assay’s performance as well as better characterizing BRCA1 VUS. 

 

4.2 Difficulties and discrepancies in multiple site samples 

One of the concerns raised in this study was the fact of EBV-LCL samples 

originating from multiple sites, at different time periods. The original set of samples was 

obtained from the NIH Breast Cancer Family Registries, prior to the year 2006. This set 

of samples comprised the previous microarray study [42], as well as composing the 

training set of the classifiers developed in this present study. The new independent test 

sets in this study were samples that were collected from Kingston General Hospital 

patients, then subsequently undergone EBV-transformation by another laboratory. 

Unfortunately, there were a multitude of difficulties encountered in culturing these KGH-

derived EBV-LCLs in the laboratory. Many of the cell lines were slow to wake after 

thawing, struggled to grow in culture and displayed signs of cellular stress, leading to 

difficulties in maintaining growth for these cell lines. The inconsistent predictions within 

our test set replicate samples call into question the condition of the KGH-derived EBV-

LCLs, and whether they can be readily compared and evaluated compared to the original 
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dataset from the NIH Breast Cancer Family Registries. For example, the first duplicate of 

BRCA1
+/-

 sample 43857_1 and 43857_1.same were classified incorrectly (averaged 

BScore of 0.32), but the re-extracted duplicate of 43857_2 and 43857_2.same were 

classified correctly as pathogenic (averaged BScore of 0.63). This is similar to the pattern 

observed with BRCA1
+/+

 sample 43813, where one pair of duplicate samples was 

classified correctly but the second pair of duplicate samples was classified incorrectly. 

For these cases, it is possible that some RNA extractions were performed at times when 

cells were not actively cycling. Because our BRCA1 assay was originally modeled using 

cells that were actively cycling, applying this assay to samples that were extracted when 

cells were not actively cycling may result in inaccurate predictions due to changes in 

gene expression between cycling and non-cycling cells, including BRCA1 itself, which 

are known to cause downstream changes that will lead to inaccuracies in our assay [100]. 

It is possible that some of these cell lines were harvested during stages of slow growth, 

due to the KGH patient-derived EBV-LCLs displaying difficulties in growth and signs of 

cellular stress. 

In recognizing this problem, one solution would be to re-collect patient samples 

and perform EBV-transformation either within our laboratory to perform rigorous quality 

control, or a more engaged partnership with another laboratory to transform the cells 

under strict guidelines. There is also a possibility of the prior EBV-LCLs from the NIH to 

be exhibiting a different gene signature than the EBV-LCLs from KGH, due to different 

treatment practices from the two different time points. The NIH EBV-LCLs may carry a 

signature impacted by chemotherapy, which may not be displayed in the newer KGH 

derived EBV-LCLs. This is certainly a possibility to be explored further. Another 
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possibility to better understand the misclassified samples would be to make use of gene 

panel testing, such as the OncoGeneDx: Breast/Gyn Cancer Panel provided by GeneDX. 

This particular gene panel provides genetic sequencing for 23 genes implicated in breast 

and ovarian cancer, with many of the genes being involved in DNA damage repair 

pathways similar to BRCA1 and BRCA2. Panel testing has recently become the standard 

in genetic testing in the clinic for patients, to better understand the level of risk for breast 

and ovarian cancer for each individual patient. Utilizing panel testing for samples in this 

study could help narrow down whether some of the inaccuracies on the predictions could 

be attributed to pathogenic variants of other genes implicated in breast and ovarian 

cancer. 

Outside the samples originating from multiple sites and time points, there were 

some notable outlier samples in this study. Samples WT.19841 and B.21303 were 

consistently misclassified, regardless of platform of measurement or classification 

algorithm, amounting in evidence that these samples may not be misclassified but in fact 

are reflecting their predictions of BRCA1
+/-

 and BRCA1
+/+

, respectively. For example, 

genetic sequencing conducted on sample WT.19841 showed that this sample was 

harboring a variant in an intervening sequence of BRCA1: c.81-11delT. Currently this 

variant is listed as a VUS on the Breast Cancer Information Core (BIC), while other 

databases such as ClinVar and BRCA Share™ predict it to be likely benign, based on the 

multifactorial likelihood model [81]. Additionally a study predicting possible splicing 

effects of numerous BRCA1 and BRCA2 variants predicted no splicing defects for this 

variant [101]. Nonetheless, it was due to our assay consistently predicting WT.19841 as 

BRCA1
+/-

 that led us to pursue genetic sequencing of this sample to seek out possible 
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alterations. Further evidence and a panel review are still needed to accurately categorize 

this variant; nevertheless, our assay’s results may contribute some evidence in making the 

case for a pathogenic classification for BRCA1 variant c.81-11delT.  

 

4.3 Significance and conclusions 

 There has been significant challenge in the development of a functional assay for 

BRCA1 due its role in a multitude of functions and since the driver behind the tumor 

suppressive function of BRCA1 is still unknown. The various functional assays that exist 

for BRCA1 are limited to assaying the BRCA1 protein in specific functional domains, and 

there is no assay that can measure functional BRCA1 as a whole. This problem is 

exacerbated with the large number of novel BRCA1 variants of unknown significance 

being identified through genetic testing (699 submitted to ClinVar as of 2014). 

Ultimately, the burden falls from the clinician onto the patient and their family, since 

clinicians cannot interpret a VUS result to guide treatment and prevention strategies. 

Ideally, tracking of a BRCA1 VUS within an affected family and examining its 

segregation with disease would provide the most accurate information for a variant’s 

pathogenicity. However, this strategy is difficult to implement practically due to the rarity 

of individuals carrying VUS and the large amount of time and resources it would take to 

characterize a given VUS.  

Taking a different approach, this study has worked towards furthering the 

development of a novel BRCA1 functional assay with the use of gene expression profiles 

of EBV-transformed lymphoblastoid cell lines. Our results suggest that this assay can be 
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used to predict the pathogenicity of novel BRCA1 variants of unknown significance, and 

could be useful as a supplemental assay in the clinical setting. In addition, our study 

provides new evidence towards BRCA1 VUS c.2050C>T and c.693G>A, and predict 

them to be not pathogenic. However, they are predictions and should remain as 

supplemental evidence that should be used in conjunction with evidence from other 

sources, and should not solely dictate treatment and prevention strategies for individuals 

carrying these VUS until the assay is further validated. Lastly, due to the low number of 

samples in our independent test set, and the difficulties encountered in cellular growth 

from these samples, further validation incorporating additional samples is necessary to 

move this assay forward towards clinical implementation.  

This study is a part of the overall goal in assisting the effort to identify BRCA1 

mutation carriers and help clinicians offer preventive measures and accurately plan 

treatment strategies. This would benefit the treatment of individuals carrying pathogenic 

BRCA1 variants, and also prevent unnecessary prophylactic surgeries for individuals 

carrying benign BRCA1 variants. Moreover, olaparib tablets (Lynparza, AstraZeneca 

Pharmaceuticals LP), a poly ADP-ribose polymerase (PARP) inhibitor, was recently 

approved by the U.S. FDA as well as Health Canada in 2018 for treatment of deleterious 

or suspected deleterious BRCA-mutated, HER2-negative metastatic breast cancer. 

Applying the predictor developed in this study as a supplemental assay could provide 

indication for olaparib treatment in patients where a BRCA1 VUS was predicted as 

pathogenic. This is just one example of this predictor’s significance to patients and 

clinicians in the treatment of breast cancer.  
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Appendix A  

Supplementary Tables 

 

Table S1: Mutation status of BRCA1 for EBV-LCLs obtained from NIH Breast 

Cancer Family Registries analyzed in this study.  

Sample Mutation 

B.12928 c.4689C>G 
B.14023 c.2071delA 

B.14643 c.1175_1214del 
B.14663 c.4327C.T 

B.14832 c.2475_2476delC 
B.15268 c.5263insC 
B.15285 exon13ins6kb 
B.15736 c.191G.A 
B.15737 IVS1-22A.G 
B.17653 c.5263insC 
B.18318 c.3756_3759delGTCT 
B.18700 IVS9-2A.C 
B.21303 c.66_67delAG 
B.22893 c.1175_1214del 

B.24262 c.851ins7 
B.26842 c.4327C.T 
B.26950 c.3695_3699del5 
B.27129 exon13 dup 
B.27131 c.4484G.T 
B.27348 c.66_67delAG 
B.27636 c.3607C.T 
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Table S2: Mutation status of BRCA1 and clinical characteristics for EBV-LCLs 

derived from patients recruited from KGH analyzed in this study.  

Sample Mutation Mutation 
Status 

Sex 
(M/F) 

Age at study 
participation 

Cancer 
History 

Year of 
cancer 
onset 

43813 NA NA F 69 NA NA 

43791 c.2050C>T VUS F 58 Breast 1996 

43901 c.693G>A VUS F 78 Breast, 
Breast 

1994, 
2011 

30954 c.4964_4982del BRCA1+/- F 56 Breast 2002 

37939 c.3759dupT BRCA1+/- F 61 Breast 2003 

43780 c.4399C>T BRCA1+/- M 34 NA NA 

43857 c.4485-?_4986+?del 
(del exon15_16) 

BRCA1+/- F 68 Breast 1982 

43890 ex8_9del BRCA1+/- M 67 NA NA 
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Table S3: Probabilities of NanoString Test set (n=32) on log2 gene median 

normalized microarray-based NSC classifier.  

“.same” denotes the same RNA sample was used as a control to measure the potential 

level of variability on the NanoString platform. “.re” denotes that the sample was re-

extracted from cell lines as an additional control to assess the accuracy of the classifier. 

 

 

 

 

BRCA1
+/+

 
Samples 
(n=16) 

Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

BRCA1
+/-

Samples 
(n=16) 

Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

WT.19492 0.542 0.458 Y B.12928 0.092 0.908 Y 

WT.19640 0.999 0.001 Y B.14023 0.097 0.903 Y 

WT.19841 0.350 0.650 N B.14643 0.115 0.885 Y 

WT.19848 0.993 
0.007 

Y B.14643.
same 0.116 0.884 Y 

WT.19850 0.999 
0.001 

Y B.14643.
re 0.032 0.968 Y 

WT.19997 0.997 0.003 Y B.14832 0.091 0.909 Y 
WT.19997.
same 0.997 

0.003 
Y 

B.15285 0.002 0.998 Y 
WT.19997.
re 0.971 

0.029 
Y 

B.15736 0.295 0.705 Y 

WT.19998 0.995 0.005 Y B.18700 0.029 0.971 Y 
WT.19998.
same 0.996 

0.004 
Y 

B.21303 0.996 
0.004 

 N 
WT.19998.
re 0.999 

0.001 
Y 

B.22893 0.208 0.792 Y 

WT.20000 0.926 0.074 Y B.27129 0.714 0.286 N 

WT.20428 0.984 0.016 Y B.27131 0.775 0.225 N 

WT.20657 0.980 0.020 Y B.27636 0.172 0.828 Y 

WT.20664 1.000 
0.000 

Y B.27636.
same 0.115 0.885 Y 

WT.21368 1.000 
0.000 

Y B.27636.
re 0.095 0.905 Y 

Total 
Correct 

15/16 
(94%)  

 Total 
Correct 

13/16 
(81%) 

  

Combined 
Total 

28/32 
(88%) 
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Table S4:  Thresholds for NSC classifier built on NanoString-based training set of 

21 BRCA1 mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) 

using 126 genes.  

As the threshold is increased, gene scores decrease and are eliminated as they reach zero, 

decreasing the total number of genes used in a classifier at a higher threshold. Box 

highlights the thresholds at which training set classification error is minimized.  

Threshold Genes Errors 

0 126 9 
0.1094192 98 9 
0.2188385 90 9 
0.3282577 80 10 

0.4376769 71 10 
0.5470962 64 10 
0.6565154 54 9 
0.7659347 49 9 
0.8753539 41 9 
0.9847731 37 9 
1.0941924 33 9 
1.2036116 29 9 
1.3130308 21 9 
1.4224501 18 8 
1.5318693 16 8 
1.6412886 13 8 

1.7507078 13 9 
1.860127 10 8 

1.9695463 10 7 
2.0789655 10 7 

2.1883847 10 6 
2.297804 8 6 

2.4072232 6 6 

2.5166424 6 10 
2.6260617 5 21 
2.7354809 5 21 
2.8449002 3 21 

2.9543194 1 21 
3.0637386 1 21 
3.1731579 0 21 
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Table S5: Probabilities of NSC classifier on NanoString Training set of 21 BRCA1 

mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) classifier at a 

threshold of 2.188.   

Samples WT.21198 and B.21303 misclassified here were also misclassified in the 

original microarray dataset [42], and B.21303 was also misclassified in the independent 

NanoString validation set for the NSC-based classifier (Table S3), and also on the 10-

TSP-based classifier (Table 3). 

Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

WT.19490 0.569 0.431 Y B.12928 0.501 0.499 N 

WT.19492 0.515 0.485 Y B.14023 0.367 0.633 Y 

WT.19640 0.505 0.495 Y B.14643 0.497 0.503 Y 

WT.19641 0.764 0.236 Y B.14663 0.347 0.653 Y 

WT.19841 0.630 0.370 Y B.14832 0.530 0.470 N 

WT.19842 0.766 0.234 Y B.15268 0.349 0.651 Y 

WT.19848 0.888 0.112 Y B.15285 0.376 0.624 Y 

WT.19850 0.853 0.147 Y B.15736 0.470 0.530 Y 

WT.19992 0.773 0.227 Y B.15737 0.477 0.523 Y 

WT.19997 0.522 0.478 Y B.17653 0.388 0.612 Y 

WT.19998 0.825 0.175 Y B.18318 0.442 0.558 Y 

WT.20000 0.472 0.528 N B.18700 0.526 0.474 N 

WT.20220 0.645 0.355 Y B.21303 0.681 0.319 N 

WT.20425 0.583 0.417 Y B.22893 0.396 0.604 Y 

WT.20428 0.776 0.224 Y B.24262 0.345 0.655 Y 

WT.20657 0.623 0.377 Y B.26842 0.405 0.595 Y 

WT.20664 0.723 0.277 Y B.26950 0.382 0.618 Y 

WT.20666 0.795 0.205 Y B.27129 0.415 0.585 Y 

WT.21198 0.470 0.530 N B.27131 0.419 0.581 Y 

WT.21202 0.679 0.321 Y B.27348 0.413 0.587 Y 

WT.21206 0.647 0.353 Y B.27636 0.345 0.655 Y 

WT.21360 0.569 0.431 Y     

WT.21368 0.632 0.368 Y     

WT.21535 0.821 0.179 Y     

WT.22026 0.686 0.314 Y     
WT.22027 0.697 0.303 Y     
WT.22029 0.651 0.349 Y     
WT.26214 0.525 0.475 Y     

Total 
Correct 

26/28 
(92%)  

 Total 
Correct 

17/21 
(81%) 

  

Combined 
Correct 

43/49 
(88%)  
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Table S6: Probabilities of NanoString-based NSC classifier on KGH samples at a 

threshold of 2.188.   

Considering a BScore threshold of 0.5 to be classified as BRCA1
+/-

, nearly all samples 

were predicted to be BRCA1
+/+

. “_1”, “_2”, and “_3” refer to replicates of the same cell 

line but extracted separately. “.same” indicates that the same RNA sample was used as an 

identical replicate.  

Designation Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

WT 43813_1 0.653 0.347 Y 

WT 43813_1.same 0.651 0.349 Y 

WT 43813_2 0.452 0.548 N 

WT 43813_2.same 0.440 0.560 N 

VUS 43791_1 0.483 0.517 N/A 

VUS 43791_1.same 0.459 0.541 N/A 

VUS 43791_2 0.450 0.550 N/A 

VUS 43791_2.same 0.891 0.109 N/A 

VUS 43901_1 0.892 0.108 N/A 

VUS 43901_1.same 0.670 0.330 N/A 

VUS 43901_2 0.700 0.300 N/A 

VUS 43901_2.same 0.626 0.374 N/A 

BRCA1 30954_1 0.646 0.354 N 

BRCA1 30954_2 0.591 0.409 N 

BRCA1 30954_3 0.612 0.388 N 

BRCA1 30954_3.same 0.554 0.446 N 

BRCA1 37939_1 0.530 0.470 N 

BRCA1 37939_1.same 0.462 0.538 Y 

BRCA1 37939_2 0.441 0.559 Y 

BRCA1 37939_2.same 0.521 0.479 N 

BRCA1 43780_1 0.540 0.460 N 

BRCA1 43780_1.same 0.509 0.491 N 

BRCA1 43780_2 0.509 0.491 N 

BRCA1 43780_2.same 0.599 0.401 N 

BRCA1 43857_1 0.602 0.398 N 

BRCA1 43857_1.same 0.578 0.422 N 

BRCA1 43857_2 0.552 0.448 N 

BRCA1 43857_2.same 0.676 0.324 N 

BRCA1 43890_1 0.676 0.324 N 

BRCA1 43890_2 0.574 0.426 N 

BRCA1 43890_3 0.585 0.415 N 

BRCA1 43890_3.same 0.509 0.491 N 
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Table S7:  Thresholds for NSC classifier built on NanoString-based training set of 

21 BRCA1 mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) 

using 43 genes.  

As the threshold is increased, gene scores decrease and are eliminated as they reach zero, 

decreasing the total number of genes used in a classifier at a higher threshold. Box 

highlights the thresholds at which training set classification error is minimized. 

Threshold Genes Errors 

0 43 6 
0.112087 30 6 
0.224173 30 5 

0.33626 25 5 

0.448346 22 5 

0.560433 21 4 
0.672519 19 4 
0.784606 17 4 
0.896692 15 4 
1.008779 15 4 
1.120865 14 4 

1.232952 12 5 
1.345038 10 5 
1.457125 9 5 
1.569211 9 5 
1.681298 9 5 

1.793384 8 7 
1.905471 7 7 
2.017557 7 6 
2.129644 7 5 
2.241731 7 5 
2.353817 6 6 
2.465904 6 6 

2.57799 6 10 
2.690077 5 21 
2.802163 4 21 

2.91425 2 21 

3.026336 1 21 
3.138423 1 21 
3.250509 0 21 
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Table S8: Probabilities of NSC classifier on Nanostring Training set of 21 BRCA1 

mutation carriers (BRCA1
+/-

) and 28 non-carrier controls (BRCA1
+/+

) classifier at a 

threshold of 0.560.  

Samples WT.21198, WT.26214, and B.21303 misclassified here were also misclassified 

in the original microarray dataset [42].  Samples WT.19492 and B.21303 were also 

misclassified on the k-TSP-based classifier (Table 3) and B.21303 was further 

misclassified in the independent NanoString validation set for the NSC-based classifier 

(Table S3).  

Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

WT.19490 0.743 0.257 Y B.12928 0.234 0.766 Y 

WT.19492 0.224 0.776 N B.14023 0.044 0.956 Y 

WT.19640 0.583 0.417 Y B.14643 0.174 0.826 Y 

WT.19641 0.973 0.027 Y B.14663 0.021 0.979 Y 

WT.19841 0.778 0.222 Y B.14832 0.111 0.889 Y 

WT.19842 0.986 0.014 Y B.15268 0.045 0.955 Y 

WT.19848 0.999 0.001 Y B.15285 0.028 0.972 Y 

WT.19850 0.998 0.002 Y B.15736 0.215 0.785 Y 

WT.19992 0.982 0.018 Y B.15737 0.267 0.733 Y 

WT.19997 0.589 0.411 Y B.17653 0.060 0.940 Y 

WT.19998 0.997 0.003 Y B.18318 0.256 0.744 Y 

WT.20000 0.667 0.333 Y B.18700 0.264 0.736 Y 

WT.20220 0.777 0.223 Y B.21303 0.949 0.051 N 

WT.20425 0.768 0.232 Y B.22893 0.057 0.943 Y 

WT.20428 0.993 0.007 Y B.24262 0.021 0.979 Y 

WT.20657 0.754 0.246 Y B.26842 0.146 0.854 Y 

WT.20664 0.996 0.004 Y B.26950 0.044 0.956 Y 

WT.20666 0.971 0.029 Y B.27129 0.092 0.908 Y 

WT.21198 0.303 0.697 N B.27131 0.092 0.908 Y 

WT.21202 0.929 0.071 Y B.27348 0.140 0.860 Y 

WT.21206 0.891 0.109 Y B.27636 0.031 0.969 Y 

WT.21360 0.504 0.496 Y     

WT.21368 0.970 0.030 Y     

WT.21535 0.997 0.003 Y     

WT.22026 0.947 0.053 Y     
WT.22027 0.940 0.060 Y     
WT.22029 0.880 0.120 Y     
WT.26214 0.309 0.691 N     

Total 
Correct 

25/28 
(89%)  

 Total 
Correct 

20/21 
(95%) 

  

Combined 
Total 

45/49 
(92%)  
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Table S9: Probabilities of NanoString trained NSC classifier built using 43 genes on 

KGH samples at a threshold of 0.560.  

“_1”, “_2”, and “_3” refer to replicates of the same cell line but extracted separately. 

“.same” indicates that the same RNA sample was used as an identical replicate. 

Designation Sample Probability 
of WT  
(1-BScore) 

Probability 
of BRCA1 
(BScore) 

Correct 
(Y/N) 

WT 43813_1 0.694 0.306 Y 

WT 43813_1.same 0.744 0.256 Y 

WT 43813_2 0.169 0.831 N 

WT 43813_2.same 0.146 0.854 N 

VUS 43791_1 0.999 0.001 N/A 

VUS 43791_1.same 0.999 0.001 N/A 

VUS 43791_2 0.916 0.084 N/A 

VUS 43791_2.same 0.948 0.052 N/A 

VUS 43901_1 0.910 0.090 N/A 

VUS 43901_1.same 0.929 0.071 N/A 

VUS 43901_2 0.910 0.090 N/A 

VUS 43901_2.same 0.947 0.053 N/A 

BRCA1 30954_1 0.462 0.538 Y 

BRCA1 30954_2 0.427 0.573 Y 

BRCA1 30954_3 0.319 0.681 Y 

BRCA1 30954_3.same 0.191 0.809 Y 

BRCA1 37939_1 0.350 0.650 Y 

BRCA1 37939_1.same 0.384 0.616 Y 

BRCA1 37939_2 0.296 0.704 Y 

BRCA1 37939_2.same 0.279 0.721 Y 

BRCA1 43780_1 0.544 0.456 N 

BRCA1 43780_1.same 0.565 0.435 N 

BRCA1 43780_2 0.517 0.483 N 

BRCA1 43780_2.same 0.412 0.588 Y 

BRCA1 43857_1 0.679 0.321 N 

BRCA1 43857_1.same 0.682 0.318 N 

BRCA1 43857_2 0.341 0.659 Y 

BRCA1 43857_2.same 0.392 0.608 Y 

BRCA1 43890_1 0.295 0.705 Y 

BRCA1 43890_2 0.321 0.679 Y 

BRCA1 43890_3 0.286 0.714 Y 

BRCA1 43890_3.same 0.235 0.765 Y 
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Appendix B  

NanoString CodeSet 

# Gene Access

ion # 

Target 

Region 

 Target Sequence 

1 ADSL NM_0

01123

378.1 

451-550 TTTTGCCAAAGCTTGCCAGAGTGATCTCTCGG

CTTGCCGACTTTGCTAAGGAACGAGCCAGTCT

ACCCACATTAGGTTTCACACATTTCCAGCCTG

CACA 

2 AK2 NM_0

13411.

4 

521-620 CAAGAGTGGCCGTTCCTACCACGAGGAGTTC

AACCCTCCAAAAGAGCCCATGAAAGATGACA

TCACCGGGGAACCCTTGATCCGTCGATCAGAT

GATAAT 

3 ANXA8 NM_0

01040

084.1 

776-875 AGAAGATTCGTGGGACTGATGAGATGAAATT

CATCACCATCCTGTGCACGCGCAGTGCCACTC

ACCTGCTGAGAGTGTTTGAAGAGTATGAGAA

AATTGC 

4 C20orf3 NM_0

20531.

2 

1875-1974 AACTGTGTTCTCAAGGGTTATGTGGGGCGTGG

GCTCTCCATAGTGTGTATGAAAAGCTTGTTGA

CTCTAGCGGCTCAGAGAGGACTTTGCTGGGTT

TCTT 

5 AUH NM_0

01698.

2 

591-690 GGTGGTCTTGAACTGGCTTTAGCCTGTGATAT

ACGAGTAGCAGCTTCCTCTGCAAAAATGGGC

CTGGTTGAAACAAAATTGGCGATTATTCCTGG

TGGAG 

6 BCR NM_0

04327.

3 

2376-2475 TTCGTGGACAACTACGGAGTTGCCATGGAAAT

GGCTGAGAAGTGCTGTCAGGCCAATGCTCAG

TTTGCAGAAATCTCCGAGAACCTGAGAGCCA

GAAGCA 

7 BRAF NM_0

04333.

3 

566-665 GTACCTGCAAGGTGTGGAGTTACAGTCCGAG

ACAGTCTAAAGAAAGCACTGATGATGAGAGG

TCTAATCCCAGAGTGCTGTGCTGTTTACAGAA

TTCAGG 

8 BRCA1 NM_0

07305.

2 

1276-1375 CATTAGATGATAGGTGGTACATGCACAGTTGC

TCTGGGAGTCTTCAGAATAGAAACTACCCATC

TCAAGAGGAGCTCATTAAGGTTGTTGATGTGG

AGGA 

9 BRCA2 NM_0

00059.

3 

116-215 GGGGACAGATTTGTGACCGGCGCGGTTTTTGT

CAGCTTACTCCGGCCAAAAAAGAACTGCACC

TCTGGAGCGGACTTATTTACCAAGCATTGGAG

GAATA 

10 CCDC32 NM_0 389-488 ATTCTCAGACTCCTTTGTGGATTCTTGCCCTGA
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52849.

2 

AGGTGAAGGCCAGAGGGAGGTGGCTGACTTT

GCTGTCCAGCCAGCTGTAAAGCCTTGGGCTCC

CTTG 

11 C18orf8 NM_0

01276

342.1 

671-770 GTATGTTCTCTTCTTGAGGCATCATTCTCGGA

CCTCCAACAGCACAGGAGCGGAGGTGGTCCT

CTATCATCTACCACGAGAAGGTGCCTGTAAAA

AGATG 

12 C19orf53 NM_0

14047.

2 

64-163 CGCACAAACCCGCAAAGAGTAAGACGGCAGC

GGCAGCCTCTGAAAAGAATCGGGGCCCAAGA

AAAGGCGGTCGTGTTATCGCTCCCAAGAAGG

CGCGCGT 

13 C1QBP NM_0

01212.

3 

746-845 ATTATACACTCAACACAGATTCCTTGGACTGG

GCCTTATATGACCACCTAATGGATTTCCTTGC

CGACCGAGGGGTGGACAACACTTTTGCAGAT

GAGCT 

14 CBR1 NM_0

01757.

2 

368-467 AGTACGGGGGCCTGGACGTGCTGGTCAACAA

CGCGGGCATCGCCTTCAAGGTTGCTGATCCCA

CACCCTTTCATATTCAAGCTGAAGTGACGATG

AAAAC 

15 CCNB1 NM_0

31966.

2 

716-815 AACTTGAGGAAGAGCAAGCAGTCAGACCAAA

ATACCTACTGGGTCGGGAAGTCACTGGAAAC

ATGAGAGCCATCCTAATTGACTGGCTAGTACA

GGTTCA 

16 CD24 NM_0

13230.

2 

1860-1959 ATAGACACTCCCCGAAGTCTTTTGTTCGCATG

GTCACACACTGATGCTTAGATGTTCCAGTAAT

CTAATATGGCCACAGTAGTCTTGATGACCAAA

GTCC 

17 CDC2 NM_0

01130

829.1 

75-174 GGCCGAGGGCCTCGGAGGGCGAGTATTGAGG

AACGGGGTCCTCTAAGAAGGCCGGACTGGAG

GATCTACCATACCCATTGACTAACTATGGAAG

ATTATA 

18 CUGBP2 NM_0

01025

076.2 

4514-4613 CAGGAGGCTCAGGACGCGCCCTCTGAATCGA

GTGTTTCTTCTTCACAAGTCACCAAGAGAGGA

CATGAGGGGGAAAGTCCTTTTTTGCCCTTCTC

CAAAA 

19 CHI3L1 NM_0

01276.

2 

476-575 GGTCTCAAAGATTTTCCAAGATAGCCTCCAAC

ACCCAGAGTCGCCGGACTTTCATCAAGTCAGT

ACCGCCATTTCTGCGCACCCATGGCTTTGATG

GGCT 

20 CSNK2A2 NM_0

01896.

2 

1351-1450 GGGCAGCCCACCACCGTATATCAAACCTCACT

TCCGAATGTAAAAGGCTCACTTGCCTTTGGCT

TCCTGTTGACTTCTTCCCGACCCAGAAAGCAT

GGGG 

21 CSRP2 NM_0

01321.

1 

141-240 GCAGAAGAGGTGCAGTGTGATGGCAGGAGCT

TCCACCGCTGCTGCTTTCTCTGCATGGTTTGCA

GGAAAAATTTAGATAGCACAACAGTGGCAAT
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TCACG 

22 CXCR3 NM_0

01504.

1 

81-180 GTGAGTGACCACCAAGTGCTAAATGACGCCG

AGGTTGCCGCCCTCCTGGAGAACTTCAGCTCT

TCCTATGACTATGGAGAAAACGAGAGTGACT

CGTGCT 

23 CYP1B1 NM_0

00104.

3 

1716-1815 AGAACTTTGATCCAGCTCGATTCTTGGACAAG

GATGGCCTCATCAACAAGGACCTGACCAGCA

GAGTGATGATTTTTTCAGTGGGCAAAAGGCG

GTGCAT 

24 DDB2 NM_0

00107.

2 

1380-1479 TTCGCTTAATGAATTCAATCCCATGGGGGACA

CGCTGGCCTCTGCAATGGGTTACCACATTCTC

ATCTGGAGCCAGGAGGAAGCCAGGACACGGA

AGTGA 

25 DUSP23 NM_0

17823.

3 

462-561 CTACCAGCGAACGAAATAAGGGGCCTTAGTA

CCCTTCTACCAGGCCCTCACTCCCCTTCCCCAT

GTTGTCGATGGGGCCAGAGATGAAGGGAAGT

GGACT 

26 EIF3D NM_0

03753.

3 

691-790 TTTCCTCAGTTGATGAAGATGCGCTACTTGGA

AGTATCAGAGCCACAGGACATTGAGTGTTGT

GGGGCCCTAGAATACTACGACAAAGCCTTTG

ACCGCA 

27 ELF1 NM_1

72373.

3 

356-455 TAAGGGGAATGCTTTATTATGGCTGCTGTTGT

CCAACAGAACGACCTAGTATTTGAATTTGCTA

GTAACGTCATGGAGGATGAACGACAGCTTGG

TGATC 

28 ENPP2 NM_0

01040

092.2 

1981-2080 CATCATATACTGTTTCCAAACAGGCTGAGGTT

TCCAGCGTTCCTGACCATCTGACCAGTTGCGT

CCGGCCTGATGTCCGTGTTTCTCCGAGTTTCA

GTCA 

29 ETV7 NM_0

01207

035.1 

73-172 AGGACCCGGGCGCACACGCCTTGGCGCTTCTC

GAAAGAGATTTCCTCCCACGCGACCTTCCAGT

TCTCGGAGCCAGGTTAGGGGTTTGGCGGAGG

AGGAC 

30 EZH2 NM_0

01203

249.1 

1649-1748 TGCCATTGCTAGGTTAATTGGGACCAAAACAT

GTAGACAGGTGTATGAGTTTAGAGTCAAAGA

ATCTAGCATCATAGCTCCAGCTCCCGCTGAGG

ATGTG 

31 FBXW7 NM_0

18315.

4 

1481-1580 TGGGTCATGTTGCAGCAGTCCGCTGTGTTCAA

TATGATGGCAGGAGGGTTGTTAGTGGAGCAT

ATGATTTTATGGTAAAGGTGTGGGATCCAGAG

ACTGA 

32 FCGRT NM_0

04107.

3 

1367-1466 GGGCCTAGTTGTCCTCCCTCTGGAGCCCCGTC

CTGTGGTCTGCCTCAGTTTCCCCTCCTAATAC

ATATGGCTGTTTTCCACCTCGATAATATAACA

CGAG 

33 FHIT NM_0 663-762 CATGTTCTTCCCAGGAAGGCTGGAGACTTTCA
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02012.

2 

CAGGAATGACAGCATCTATGAGGAGCTCCAG

AAACATGACAAGGAGGACTTTCCTGCCTCTTG

GAGAT 

34 FOXP1 NM_0

32682.

5 

1951-2050 GCAGGCCATTCTCGAATCTCCAGAAAAGCAG

CTAACACTAAATGAGATCTATAACTGGTTCAC

ACGAATGTTTGCTTACTTCCGACGCAACGCGG

CCACG 

35 FYN NM_0

02037.

3 

766-865 GTCTTTGGAGGTGTGAACTCTTCGTCTCATAC

GGGGACCTTGCGTACGAGAGGAGGAACAGGA

GTGACACTCTTTGTGGCCCTTTATGACTATGA

AGCAC 

36 GAS6 NM_0

01143

945.1 

987-1086 GAATCTGGTCATCAAGGTCAACAGGGATGCT

GTCATGAAAATCGCGGTGGCCGGGGACTTGTT

CCAACCGGAGCGAGGACTGTATCATCTGAAC

CTGACC 

37 GBP5 NM_0

52942.

3 

1956-2055 ATTACAGACTGACCAGGCTCTCACAGAGACG

GAAAAAAAGAAGAAAGAGGCACAAGTGAAA

GCAGAAGCTGAAAAGGCTGAAGCGCAAAGGT

TGGCGGCG 

38 GJB2 NM_0

04004.

5 

1596-1695 GGCTGTCTGTTGTATTCATTGTGGTCATAGCA

CCTAACAACATTGTAGCCTCAATCGAGTGAGA

CAGACTAGAAGTTCCTAGTGATGGCTTATGAT

AGCA 

39 GLDC NM_0

00170.

2 

1206-1305 AAAGCTTGGTGAGAATGATGCCTGGAAGAAT

GGTGGGGGTAACAAGAGATGCCACTGGGAAA

GAAGTGTATCGTCTTGCTCTTCAAACCAGGGA

GCAACA 

40 GRB2 NM_0

02086.

4 

413-512 TCAAAAGGGGGGACATCCTCAAGGTTTTGAA

CGAAGAATGTGATCAGAACTGGTACAAGGCA

GAGCTTAATGGAAAAGACGGCTTCATTCCCA

AGAACTA 

41 HDAC1 NM_0

04964.

2 

786-885 CAAGCCGGTCATGTCCAAAGTAATGGAGATG

TTCCAGCCTAGTGCGGTGGTCTTACAGTGTGG

CTCAGACTCCCTATCTGGGGATCGGTTAGGTT

GCTTC 

42 HLA-

DMB 

NM_0

02118.

3 

21-120 CCCGTGAGCTGGAAGGAACAGATTTAATATCT

AGGGGCTGGGTATCCCCACATCACTCATTTGG

GGGGTCAAGGGACCCGGGCAATATAGTATTC

TGCTC 

43 HPRT1 NM_0

00194.

1 

241-340 TGTGATGAAGGAGATGGGAGGCCATCACATT

GTAGCCCTCTGTGTGCTCAAGGGGGGCTATAA

ATTCTTTGCTGACCTGCTGGATTACATCAAAG

CACTG 

44 IFI44L NM_0

06820.

2 

941-1040 ATCTCTGCCATTTATGTTGTGTGACACTATGG

GGCTAGATGGGGCAGAAGGAGCAGGACTGTG

CATGGATGACATTCCCCACATCTTAAAAGGTT
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GTATG 

45 IFIT1 NM_0

01548.

3 

1441-1540 GAGAAAGGCATTAGATCTGGAAAGCTTGAGC

CTCCTTGGGTTCGTCTACAAATTGGAAGGAAA

TATGAATGAAGCCCTGGAGTACTATGAGCGG

GCCCTG 

46 IFIT2 NM_0

01547.

4 

1996-2095 TGCATCCCATAGAGGTTAGTCCTGCATAGCCA

GTAATGTGCTAAGTTCATCCAAAAGCTGGCGG

ACCAAAGTCTAAATAGGGCTCAGTATCCCCCA

TCGC 

47 IFIT3 NM_0

01031

683.2 

1471-1570 CGCCTGCTAAGGGATGCCCCTTCAGGCATAGG

CAGTATTTTCCTGTCAGCATCTGAGCTTGAGG

ATGGTAGTGAGGAAATGGGCCAGGGCGCAGT

CAGCT 

48 IFNA4 NM_0

21068.

2 

294-393 GCCATCTCTGTCCTCCATGAGATGATCCAGCA

GACCTTCAATCTCTTCAGCACAGAGGACTCAT

CTGCTGCTTGGGAACAGAGCCTCCTAGAAAA

ATTTT 

49 IFNA5 NM_0

02169.

1 

333-432 ACTTTACCAGCAGCTGAATGACCTGGAAGCCT

GTATGATGCAGGAGGTTGGAGTGGAAGACAC

TCCTCTGATGAATGTGGACTCTATCCTGACTG

TGAGA 

50 IFNG NM_0

00619.

2 

971-1070 ATACTATCCAGTTACTGCCGGTTTGAAAATAT

GCCTGCAATCTGAGCCAGTGCTTTAATGGCAT

GTCAGACAGAACTTGAATGTGTCAGGTGACC

CTGAT 

51 IGBP1 NM_0

01551.

2 

1486-1585 ACCCTAGATGATATGAACCAGCAGTCTTGTTT

TGGCATCATCCTCATCATGTTGTATTCCAGCTT

CTTAAGTGGAAGGAAAAGAGTGCTGAGAAAT

GGCT 

52 IGHD AK09

0461.1 

461-560 TTGGGGAATGACTCTAGAAGTCTCCCACATCT

GACCTTTCTGGGTGGAGGCAGCTGGTGGCCCT

GGGAATATAAAAATCTCCAGAATGATGACTC

TGTGA 

53 IL18BP NM_0

01039

659.1 

291-390 CACAACTGGACACCAGACCTCAGCCCTTTGTG

GGTCCTGCTCCTGTGTGCCCACGTCGTCACTC

TCCTGGTCAGAGCCACACCTGTCTCGCAGACC

ACCA 

54 ITCH NM_0

01257

138.1 

439-538 GAGGTGACAAAGAGCCAACAGAGACAATAGG

AGACTTGTCAATTTGTCTTGATGGGCTACAGT

TAGAGTCTGAAGTTGTTACCAATGGTGAAACT

ACATG 

55 JAGN1 NM_0

32492.

3 

679-778 GCATAAATGAAGCCTCTTTGGGGTGAAGCCTG

GACATCCCATCGAATGAAAGGACACTAGTAC

AGCGGTTCCAAAATCCCTTCTGGTGATTTTAG

CAGCT 

56 JAKMIP2 NM_0 297-396 TGTTGGGTTCGGAGGCTGCATCCGACTCGGTC
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01270

934.1 

ACAAGGAAAATGGATTCAGTTTGCATCTCTCC

CTCCTTTAAACAGCTTCTCCGGGTCTCAGCAT

GGGC 

57 KATNAL

1 

NM_0

32116.

3 

1431-1530 CGGCGTATCAATGGCTTAAGTCCAGAAGAAA

TCCGTGCACTTTCTAAAGAGGAACTTCAGATG

CCTGTTACCAAAGGAGACTTTGAATTGGCCCT

AAAGA 

58 LAG3 NM_0

02286.

5 

1736-1835 CTTTTGGTGACTGGAGCCTTTGGCTTTCACCTT

TGGAGAAGACAGTGGCGACCAAGACGATTTT

CTGCCTTAGAGCAAGGGATTCACCCTCCGCAG

GCTC 

59 LFNG NM_0

01040

168.1 

718-817 TCCAGGCCATGGAGCGGGTCAGCGAGAACAA

GGTGCGTCCTGTCCACTTCTGGTTTGCCACGG

GCGGCGCTGGCTTCTGCATCAGCCGTGGGCTG

GCTCT 

60 LGALS1 NM_0

02305.

3 

61-160 GGTGCGCCTGCCCGGGAACATCCTCCTGGACT

CAATCATGGCTTGTGGTCTGGTCGCCAGCAAC

CTGAATCTCAAACCTGGAGAGTGCCTTCGAGT

GCGA 

61 IGHG1 NM_0

01040

077.1 

351-450 TGTATTTCTGTGCCAGAGCGGGCGTTTGGGGG

AGTTTTCGTTCCTGGGCGATTGATGGTTTTAA

TATCTGGGGCCAAGGGACAATGGTCACCGTCT

CTTC 

62 MCM6 NM_0

05915.

4 

516-615 TTCACCCAGAGCTTGTGAGCGGAACTTTTCTG

TGCTTGGACTGTCAGACAGTGATCAGGGATGT

AGAACAGCAGTTCAAATACACACAGCCAAAC

ATCTG 

63 MCTP2 NM_0

01159

644.1 

577-676 CCTTAGCAGACCTCAGCGAAAGAAAGCAGAT

TACCCAGCGATATTGCTTACAGAACTCCCTGA

AAGATGTGAAAGACGTCGGCATTCTACAAGT

GAAGGT 

64 MFI2 NM_0

05929.

5 

375-474 GGAGCACGGCCTGAAGCCGGTGGTGGGCGAA

GTGTACGATCAAGAGGTCGGTACCTCCTATTA

CGCCGTGGCTGTGGTCAGGAGGAGCTCCCAT

GTGACC 

65 MMP7 NM_0

02423.

3 

312-411 GTGCCAGATGTTGCAGAATACTCACTATTTCC

AAATAGCCCAAAATGGACTTCCAAAGTGGTC

ACCTACAGGATCGTATCATATACTCGAGACTT

ACCGC 

66 MT2A NM_0

05953.

3 

226-325 CAGGGCTGCATCTGCAAAGGGGCGTCGGACA

AGTGCAGCTGCTGCGCCTGATGCTGGGACAG

CCCCGCTCCCAGATGTAAAGAACGCGACTTCC

ACAAAC 

67 MUC1 NM_0

01018

017.1 

726-825 CCCTAGCAGTACCGATCGTAGCCCCTATGAGA

AGGTTTCTGCAGGTAATGGTGGCAGCAGCCTC

TCTTACACAAACCCAGCAGTGGCAGCCACTTC
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TGCC 

68 MX1 NM_0

02462.

2 

1486-1585 GCCTTTAATCAGGACATCACTGCTCTCATGCA

AGGAGAGGAAACTGTAGGGGAGGAAGACATT

CGGCTGTTTACCAGACTCCGACACGAGTTCCA

CAAAT 

69 MX2 NM_0

02463.

1 

2189-2288 AATTTACCGGCTCACTCAGGCGCGACACGCAC

TCTGTCAATTCTCCAGCAAAGAGATCCACTGA

AGGGCGGCGATGCCTGTGGTTGTTTTCTTGTG

CGTA 

70 MXRA8 NM_0

32348.

2 

1120-1219 CCGCAGGCGCCGCGGAGGCTACGAATACTCG

GACCAGAAGTCGGGAAAGTCAAAGGGGAAG

GATGTTAACTTGGCGGAGTTCGCTGTGGCTGC

AGGGGAC 

71 NDUFB11 NM_0

01135

998.1 

256-355 CCGTTTTGGACGTCTGGAACATGCGACTTGTC

TTCTTCTTTGGCGTCTCCATCATCCTGGTCCTT

GGCAGCACCTTTGTGGCCTATCTGCCTGACTA

CAG 

72 NFKB1 NM_0

03998.

2 

1676-1775 AGGGTATAGCTTCCCACACTATGGATTTCCTA

CTTATGGTGGGATTACTTTCCATCCTGGAACT

ACTAAATCTAATGCTGGGATGAAGCATGGAA

CCATG 

73 NR3C1 NM_0

01018

077.1 

1666-1765 GCTTTCTCCTCTGGCGGGAGAAGACGATTCAT

TCCTTTTGGAAGGAAACTCGAATGAGGACTGC

AAGCCTCTCATTTTACCGGACACTAAACCCAA

AATT 

74 NR4A2 NM_0

06186.

3 

1381-1480 TTCAGAAGTGCCTGGCTGTTGGGATGGTCAAA

GAAGTGGTTCGCACAGACAGTTTAAAAGGCC

GGAGAGGTCGTTTGCCCTCGAAACCGAAGAG

CCCACA 

75 NUSAP1 NM_0

01129

897.1 

1036-1135 CACTCAAGCGCTCTGCTATCTCTGCAGCTAAA

ACGGGTGTCAGGTTTTCAGCTGCTACTAAAGA

TAATGAGCATAAGCGTTCACTGACCAAGACTC

CAGC 

76 ORAI1 NM_0

32790.

3 

911-1010 ACCACCATCATGGTGCCCTTCGGCCTGATCTT

TATCGTCTTCGCCGTCCACTTCTACCGCTCACT

GGTTAGCCATAAGACTGACCGACAGTTCCAG

GAGC 

77 PARP1 NM_0

01618.

3 

3017-3116 AAGGTTTGGGCAAAACTACCCCTGATCCTTCA

GCTAACATTAGTCTGGATGGTGTAGACGTTCC

TCTTGGGACCGGGATTTCATCTGGTGTGAATG

ACAC 

78 PCBP2 NM_0

05016.

5 

482-581 TGCACGTATCAACATCTCAGAAGGGAATTGTC

CTGAGAGAATTATCACTTTGGCTGGACCCACT

AATGCCATCTTCAAAGCCTTTGCTATGATCAT

TGAC 

79 PHLDB2 NM_0 3303-3402 GCCAGCACTTCAAATATTGCTAGAATAGAAG
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01134

437.1 

AAATGGAGAGACTTTTGAAGCAGGCTCATGC

AGAAAAGACGCGGCTGCTCGAATCCAGGGAA

CGGGAAA 

80 PLA2G4A NM_0

24420.

2 

1815-1914 CTCTGGATGTCAAAAGTAAAAAGATTCATGTA

GTGGACAGTGGGCTCACATTTAACCTGCCGTA

TCCCTTGATACTGAGACCTCAGAGAGGGGTTG

ATCT 

81 PPP1CB NM_0

02709.

2 

394-493 GCCTCATCACCCGGCTGCTGGAGGTACGAGG

ATGTCGTCCAGGAAAGATTGTGCAGATGACT

GAAGCAGAAGTTCGAGGCTTATGTATCAAGT

CTCGGGA 

82 PRLR NM_0

01204

318.1 

564-663 ACCTACCCTGATTGACTTAAAAACTGGTTGGT

TCACGCTCCTGTATGAAATTCGATTAAAACCC

GAGAAAGCAGCTGAGTGGGAGATCCATTTTG

CTGGG 

83 PSME4 NM_0

14614.

2 

5116-5215 GGTGGCTGGTTATAAGTCTTTTGGAGGACGAA

CAACTGGAGGTTCGAGAAATGGCTGCTACTA

CCTTAAGCGGTCTGCTACAGTGTAACTTTCTT

ACCAT 

84 PSMF1 NM_1

78578.

2 

423-522 GGAGAGCAGCATGATCCTCAATGTGCTGGAA

TATGGCTCACAGCAAGTGGCAGACTTGACCCT

GAACTTGGATGATTATATCGATGCAGAACACC

TGGGT 

85 PWWP2 NM_1

38499.

3 

1785-1884 ACCCAGTTTGAAACGTAACTGGTTCCCTGACC

AGGTCACCGACGATGAGGGCGCACCTGCTGT

CCTGGAGCTTCCGATCTCTGTTCGGGGACCCT

GTGAG 

86 PXDN NM_0

12293.

1 

1961-2060 GCGACTGTTGACAGAGCTATAAACTCAACCC

GAACACATTTGTTTGACAGCCGTCCTCGTTCT

CCAAATGATTTGCTGGCCTTGTTCCGGTATCC

GAGGG 

87 RAF1 NM_0

02880.

3 

1445-1544 ATAGAAGCCAGTGAAGTGATGCTGTCCACTC

GGATTGGGTCAGGCTCTTTTGGAACTGTTTAT

AAGGGTAAATGGCACGGAGATGTTGCAGTAA

AGATCC 

88 RHOA NM_0

01664.

2 

1231-1330 GGTACTCTGGTGAGTCACCACTTCAGGGCTTT

ACTCCGTAACAGATTTTGTTGGCATAGCTCTG

GGGTGGGCAGTTTTTTGAAAATGGGCTCAACC

AGAA 

89 RHOH NM_0

01278

359.1 

1577-1676 AGCGTCTCCTTTTGGATACAGTTATTGATGAG

GCTTGGCCACTGGATGTTTTCACTAACTACAC

TCTACAAGTGAACTCCTTGCCCAGGCCAGTTA

GAAA 

90 FLJ21908 NM_0

24604.

2 

1606-1705 TGAAAATAGAAGAAGTCAGTGATACTTCATC

CCTGCAACCTCAAGCCAGTTTGAAGCAGGAT

GTATGTCAGTCTTACAGCGAGAAAATGCCCAT
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AGAGAT 

91 RPL32 NM_0

00994.

3 

978-1077 AAAAAGAACAGGATGATGTACAAATTGCTCT

TCCAGGTAATCCACCACGGTTAACTGGAAAA

GCACTTTCAGTCTCCTATAACCCTCCCACCAG

CTGCTG 

92 RPS6KB1 NM_0

03161.

2 

311-410 GAGAAATTTGAAATCTCAGAAACTAGTGTGA

ACAGAGGGCCAGAAAAAATCAGACCAGAATG

TTTTGAGCTACTTCGGGTACTTGGTAAAGGGG

GCTATG 

93 SCGB1D2 NM_0

06551.

3 

180-279 TTCAAGTTAAGTCTTGCCAAATTTGATGCCCC

TCCGGAAGCTGTTGCAGCCAAGTTAGGAGTG

AAGAGATGCACGGATCAGATGTCCCTTCAGA

AACGAA 

94 SCGB2A2 NM_0

02411.

2 

84-183 CTGGCGGCCCTCTCCCAGCACTGCTACGCAGG

CTCTGGCTGCCCCTTATTGGAGAATGTGATTT

CCAAGACAATCAATCCACAAGTGTCTAAGAC

TGAAT 

95 SEPN1 NM_0

20451.

2 

1671-1770 ATGCCAACTACTTCTTGGACATCACCTCCGTG

AAGCCCGAGGAAATCGAGAGCAATCTCTTCA

GCTTCTCATCCACCTTTGAAGACCCGTCCACG

GCCAC 

96 SERPINF

1 

NM_0

02615.

4 

889-988 GTCGGACCCTAAGGCTGTTTTACGCTATGGCT

TGGATTCAGATCTCAGCTGCAAGATTGCCCAG

CTGCCCTTGACCGGAAGCATGAGTATCATCTT

CTTC 

97 SETMAR NM_0

06515.

3 

990-1089 TAGAAAAGTCGAACATCAGTTGTGGAAATGA

GAAGGAACCCAGCATGTGTGGCTCAGCCCCTT

CTGTGTTCCCCTCCTGCAAGCGATTGACCCTT

GAGAC 

98 SH3PXD2

A 

NM_0

14631.

2 

10151-

10250 

ACAAACCAATCTTTGAGTTTGCAGGCCCTGAT

TCCAGAATATATGCATCCAGCTCCCGGGTTCT

CAGCTGGTTTTGCCCACTTCCCTTTGACTGTCC

AAT 

99 SHC1 NM_0

01130

040.1 

1079-1178 CTGCCACATTCTGGAGTGTCCCGAAGGGCTTG

CCCAGGATGTCATCAGCACCATTGGCCAGGCC

TTCGAGTTGCGCTTCAAACAATACCTCAGGAA

CCCA 

100 SLC16A1

0 

NM_0

18593.

4 

851-950 GACAGCGTGGGCCTCTTTTACACATTGAGGGT

GCTCTGCATCTTCATGTTTGTTCTCTTTCTGGC

TGGCTTTACTTACCGACCTCTTGCTACCAGTA

CCA 

101 SMAD2 NM_0

05901.

5 

1679-1778 TGCTCAAGCATGTCATAAAGCTTCACCAATCA

AGTCCCATGAAAAGACTTAATGTAACAACTCT

TCTGTCATAGCATTGTGTGTGGTCCCTATGGA

CTGT 

102 SMARCA NM_0 2056-2155 GTGACCACATATAACTGTGCGATCAGCAGTTC
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D1 01128

429.1 

TGATGACCGTAGTCTGTTTCGACGGCTGAAAC

TTAATTACGCAATTTTTGATGAGGGCCATATG

CTGA 

103 SMURF2 NM_0

22739.

3 

2606-2705 GAAGAAACATGTGGATTTGCTGTGGAATGAC

AAGCTTCAAGGATTTACCCAGGACTCTATTTA

TACAACCCTGACTGACAGCCTCCTTTCAGCAG

AGTTT 

104 SOX4 NM_0

03107.

2 

3041-3140 GTTCACGGTCAAACTGAAATGGATTTGCACGT

TGGGGAGCTGGCGGCGGCGGCTGCTGGGCCT

CCGCCTTCTTTTCTACGTGAAATCAGTGAGGT

GAGAC 

105 SP1 NM_0

03109.

1 

5971-6070 AGCCCTGGTGCTACTTGCTTGAAGTTTTCAGT

GTAAGTACCCTGATGCCTTTTGGACCTTGGGA

TCAGATCAAGAGTTTTGGAGATCAGGTACCA

AGGAA 

106 SRPR NM_0

01177

842.1 

1066-1165 GAAGGGCCTTGTGGGTTCAAAGAGCTTGAGT

CGTGAAGACATGGAATCTGTGCTGGACAAGA

TGCGTGATCATCTCATTGCTAAGAACGTGGCT

GCAGAC 

107 ST6GALN

AC4 

NM_1

75039.

3 

1286-1385 CTCCTGCCACGTGCTGGGTGGACCTAAGGTTC

CTTCCCACCCCATTCTGGCGACACTTGGAGCC

ATCTCAGGCCTCATGACTTGAAGGGGAGTGG

AGGGG 

108 SYNE1 NM_0

15293.

1 

7756-7855 GCTGCTTTTCCCAGCTCTTCTGGGGTGATCTAT

ACAGTTGCCAAGGAAGAACTAAAGAAATTTG

AGGCTTTCCAGCGACAGGTCCACGAGTGCCTG

ACGC 

109 SYT11 NM_1

52280.

4 

2856-2955 TGATGGGTTGGAAGTCATCAGAGGTTTGAAG

AATTACACTGGCCTTTGTTTTTCTGGAAATGC

CGACCATGGAGATGCTTTAGAGTCTTCTCAAA

TAGCT 

110

A 

SYT15 NM_0

31912.

4 

3564-3663 CAAGAGACTAGCTGGCTCTCTGCTCTGATGGG

GAGGAGGTTGTTGTTTGGGCTGTTCTCTACAG

ACATAGTCAGGGCAAAAAGCATACGCATGCT

TCCCA 

110

B 

SYT15 NM_0

31912.

4 

703-802 CTGGTGAAGCTCTACCTGCTGCCCGATGAGCG

GCGCTTCCTCCAATCCAAGACCAAACGCAAA

ACCTCCAACCCGCAGTTTGACGAGCACTTCAT

CTTTC 

111 TBX21 NM_0

13351.

1 

891-990 ACACAGGAGCGCACTGGATGCGCCAGGAAGT

TTCATTTGGGAAACTAAAGCTCACAAACAAC

AAGGGGGCGTCCAACAATGTGACCCAGATGA

TTGTGCT 

112 THBS1 NM_0

03246.

2 

3466-3565 ACCCTCGTCACATAGGCTGGAAAGATTTCACC

GCCTACAGATGGCGTCTCAGCCACAGGCCAA

AGACGGGTTTCATTAGAGTGGTGATGTATGAA
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GGGAA 

113 TMX2 NM_0

01144

012.2 

841-940 GTGTCAGATGGGGAAAACAAGAAGGATAAAT

AAGATCCTCACTTTGGCAGTGCTTCCTCTCCT

GTCAATTCCAGGCTCTTTCCATAACCACAAGC

CTGAG 

114 TNS4 NM_0

32865.

5 

1001-1100 GTCTGATGTCAGCTATATGTTTGGAAGCAGCC

AGTCCCTCCTGCACTCCAGCAACTCCAGCCAT

CAGTCATCTTCCAGATCCTTGGAAAGTCCAGC

CAAC 

115 TOP2A NM_0

01067.

2 

5377-5476 TTTCAGCTCTTGACCTGTCCCCTCTGGCTGCCT

CTGAGTCTGAATCTCCCAAAGAGAGAAACCA

ATTTCTAAGAGGACTGGATTGCAGAAGACTC

GGGGA 

116 FAM79B NM_1

98485.

3 

211-310 TGAAGCAAGAGGGAGATGACCAACCCTCTGA

GACTGACCACCTATCGATGGAGGAAGAGGAC

CCGATGCCAAGACAGATTTCAAGGCAGTCAA

GTGTGAC 

117 C18orf17 NM_1

53211.

3 

1067-1166 GGATACAACGACTAGAGTGTCAAATCAACAG

TGCCTTGACATCTTTCCACACTGCTTTGGAAC

TTGCAGTAGACCAGAGAGAAATTCAACATGT

CTGTCT 

118 UBD NM_0

06398.

2 

676-775 GAAAGGGCAACTTACTCTTCCTGGCATCTTAT

TGTATTGGAGGGTGACCACCCTGGGCATGGG

GTGTTGGCAGGGGTCAAAAAGCTTATTTCTTT

TAATC 

119 USP18 NM_0

17414.

3 

1459-1558 GGAAATGCCCAAAACCTTCAGAGATTGACAC

GCTGTCATTTTCCATTTCCGTTCCTGGATCTAC

GGAGTCTTCTAAGAGATTTTGCAATGAGGAG

AAGCA 

120 WRN NM_0

00553.

4 

561-660 CGCCGGGGAGGCGCCGGCTTGTACTCGGCAG

CGCGGGAATAAAGTTTGCTGATTTGGTGTCTA

GCCTGGATGCCTGGGTTGCAGGCCCTGCTTGT

GGTGG 

121 YES1 NM_0

05433.

3 

266-365 ATACAGACCTGAAAATACTCCAGAGCCTGTC

AGTACAAGTGTGAGCCATTATGGAGCAGAAC

CCACTACAGTGTCACCATGTCCGTCATCTTCA

GCAAAG 

122 YTHDF3 NM_1

52758.

5 

4379-4478 CTCAAGCACAACCAACTGAATGTCTCTTAACT

GTGGGGACCAAAAGGGAGAGAGCCTGGGGTC

TACAAGAGGAGACACATCATCAAATGTTTGA

ATGATC 

123 ZBED3 NM_0

32367.

2 

1287-1386 GGGCTGGGAACCCGAACCTGGTGACTTTGAA

AGGATAGAGCTTCATTCCATACCAAAGACTTA

TCACACCATGTGCCTATACACCCAGCAGCCCA

AGGTG 

124 ZBTB38 XM_9 1492-1591 CAAGACCTGCGGACGGTGCTTTTCGGTGCAAG
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29657.

1 

GAAACTTACAGAAACATGAACGCATCCACCT

GGGCTTGAAGGAGTTCGTCTGTCAGTATTGCA

ACAAG 

125 ZZEF1 NM_0

15113.

3 

6269-6368 GAGGAAAAAGCAGTTACTCCAAGCCCTGAGC

AAGTGTTTGCTGAGTGTTCCCAGAAGAGGATT

TTGGGATTACTAGCAGCCATGTTACCTCCCTT

AAAGT 

126 ZZZ3 NM_0

15534.

4 

2916-3015 GGATTTGTGCAACATGTGGGCTTTAAGTGTGA

TAACTGTGGCATAGAACCCATCCAGGGTGTTC

GGTGGCATTGCCAGGATTGTCCTCCAGAAATG

TCTT 
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Appendix C  

KGH Patient Approach Letter 
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Appendix D  

KGH Patient Consent Letter
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Appendix E  

Queen’s University HSERB Ethics Board Review Approval 
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